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Cointegration Analysis of the Performance of Semiconductor 
Manufacturers by Leveraging the Trend of Big Technology 
Companies      

Alex Taeyeon Shin        
St. Paul Academy Daechi, 427, Yeoksam-ro, Gangnam-gu, Seoul, South Korea; shin44649@gmail.com 

ABSTRACT: In this study, we evaluate the interrelationship between the performance of major technology companies and 
semiconductor manufacturers during an unstable economic cycle using Johansen’s cointegration test. Recent market instability in 
the semiconductor industry, stemming from the COVID-19 pandemic and a global trade war, has impacted the semiconductor 
supply chain across the US, the EU, and Asia. We hypothesize that this environment led to an alignment in the performance 
between the chipmakers and the technology companies that are their primary consumers. Based on a technical analysis of stock 
indicators, Johansen’s cointegration test was employed to evaluate the extent of the relationship between their respective stock 
trends. Our findings reveal a strong relationship between the stock trends of technology and semiconductor companies, particularly 
when these trends are measured by price momentum (the strength or speed of price movement). This suggests that cointegration 
in the chip market becomes stronger in the short term, primarily influenced by price momentum rather than long-term trading 
fluctuations or price changes driven by external macroeconomic factors. 

KEYWORDS: Systems Software, Languages and Operating Systems, Cointegration Analysis, Technical and Statistics. 

�   Introduction
Semiconductors are a solid material that has a unique elec-

trical conductivity between that of metallic conductors and 
organic insulators, making them essential for creating integrated 
circuits and other electronic components.1 The semiconductor 
industry is fundamental to driving technological innovation.2 
Devices such as smartphones, computers, electric vehicles, and 
even household appliances rely on semiconductors for process-
ing power, connectivity, and user interface. 

From 2019 to 2024, and continuing to the present, the semi-
conductor industry has faced significant disruptions due to 
the COVID-19 pandemic.3,4 In addition, recent developments 
in intellectual property protection and geopolitical interven-
tions—such as trade wars—have severely impacted global chip 
production, leading to shortages, supply chain disruptions, and 
pricing volatility.4,5 In particular, the U.S.–China trade war 
has undermined the stability of the global chip supply chain 
through export restrictions, sanctions, and efforts by both 
countries to repatriate manufacturing.5 This recent economic 
conflict has prompted economists and policy analysts to recon-
sider the importance of the relationship between chipmakers 
and technology companies as chip consumers.6 Therefore, de-
veloping a method to evaluate this interrelationship is essential 
for understanding the current trend of the chip industry and 
for forming reliable expectations of the future chip cycle. In 
this study, we aim to establish a framework for assessing this 
relationship through the stock trends of semiconductor com-
panies.

In the empirical analysis, three representative chipmak-
ers and three major technology firms are selected to serve as 
proxies for semiconductor manufacturers and consumers, re-

spectively. The selected chipmakers are Samsung Electronics, 
SK Hynix, and Taiwan Semiconductor Manufacturing Com-
pany, while the consumers are Apple, Lenovo, and NVIDIA. 
These companies are chosen for their market leadership in the 
global technology and semiconductor industry, based on regu-
lar reports.7,8 We first analyze their stock trends using technical 
indicators and then apply the Johansen cointegration test. The 
technical analysis is applied to the stock markets for visual clar-
ity of price trends and movements, which helps identify trend 
patterns with entry and exit points.9 Johansen cointegration is 
used as the key methodological approach to estimate the extent 
of the interrelationship among multiple time series variables.10

In this study, the selection of stock indicators is critical, as 
employing a diverse set that captures different dimensions of 
market behavior allows for more meaningful and reliable re-
sults while enhancing the robustness of the analysis. There are 
several stock indicators, such as trend, momentum, and vola-
tility indicators, to estimate the interrelationship between two 
industries. Each indicator, however, provides distinct dimen-
sions of market behavior, as shown by long-run co-movements, 
short-term dynamics, and risk-related fluctuations, respectively. 
When combined, they complement one another and strength-
en the robustness of correlation analysis.

Importantly, we assume that while uncertainty escalates in 
the semiconductor market for a short period, the stock price 
movements of big tech companies and chipmakers are expected 
to be linked. However, this connection would weaken over time 
due to market resilience and the drive to maintain a balance 
between supply and demand. This expectation is reasonable if 
considering the conventional wisdom for the macroeconomic 
cycle. Raunig and Houari claim that there is no transmission 
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mechanism to reveal the complexity and potential negative 
impact during the shock wave from business uncertainty cy-
cles.11,12 And the precise linkage between the unstable stock 
market and macroeconomic aggregate demands has not been 
well understood. Therefore, our study would provide a path-
way to understand the market elasticity in the semiconductor 
industry for both suppliers and demanders during periods of 
economic instability.

�   Methods
In this study, we employed a two-fold approach to inves-

tigate the interrelation between the performance of chip 
manufacturers and major technology companies as their pri-
mary consumers. First, we applied technical analysis to assess 
each company’s stock performance, including its price move-
ment and trading volume.13,14 Second, we applied Johansen’s 
cointegration test to evaluate the strength and extent of the 
relationships among the variables derived from the technical 
analysis. The technical analysis helped us identify patterns and 
trends in stock charts, which differ from fundamental analysis, 
which focuses on intangible factors such as a company’s finan-
cial health. Johansen’s cointegration test is a robust method for 
analyzing relationships among multiple time series variables, 
yielding meaningful insights into long-term relationships. 
This test has various applications for multivariate analy-
ses such as portfolio management, forecasting, and financial 
modeling.10 In this context, a “time series” refers to continuous 
observations over a specific period of time. 

Figure 1 illustrates the flowchart of the research process we 
applied, which outlines the sequence of the technical analysis 
and the Johansen cointegration test, with the arrows and boxes 
indicating the workflow and the sub-processes for each step, 
respectively. The analysis was performed based on the Python 
scripts of Google Colab, a free, cloud-based Python notebook 
environment provided by Google.15 The scripts are shared in 
the link.16

The three major semiconductor manufacturing companies 
for chipmakers and the three leading technology companies 
as semiconductor consumers are selected for this study.7,8 
The semiconductor manufacturers are Samsung Electronics 
Co., Ltd (SE: 005930.KS), SK Hynix Inc. (000660.KS), and 
Taiwan Semiconductor Manufacturing Company Limited 
(TSM), all known for producing memory and system chips. 
The tech companies are Apple Inc. (AAPL), Lenovo Group 
Limited (LNYGY), and NVIDIA Corporation (NVDA). 

Samsung and SK are listed and traded on the Korea Compos-
ite Stock Price Index (KOSPI). In contrast, TSMC, AAPL, 
LNYGY, and NVDA are traded in American Depositary Re-
ceipts (ADRs) on the New York Stock Exchange (NYSE) and 
the Nasdaq Stock Market (NASDAQ).8 

Different from the usual economic cycles, the recent insta-
bility in the semiconductor sector is supposed to be driven by 
COVID-19 and geopolitical tension.3 It seems to be closely 
linked to strategic competition over emerging technologies 
like artificial intelligence (AI) and military systems.4,5 To 
properly reflect these factors, we analyzed the stock trends of 
the above companies from January 2, 2019, to December 30, 
2024, assuming that this time period captures the dynamics 
of the global semiconductor conflict.3 We believe that the re-
lationship between chip manufacturers and chip consumers 
would become sensitive amid these intensified economic ten-
sions, and it can evaluate the impact of how the performance 
of the chip-consuming companies influences the market per-
formance of chip manufacturers.

Technical Analysis: 
We downloaded the stock trend dataset of our selected com-

panies from Yahoo Finance, which has open, high, low, close, 
and adjusted close prices.8 The data was then imported into 
a Google Colab script for the analysis. During the pre-pro-
cessing stage, we cleaned the data by removing entries from 
non-trading days (e.g., holidays and weekends) and periods 
with anomalous activity caused by extreme volatility or regu-
latory events. After that, the overall trends were presented as 
the candlestick chart, as shown in Figure 2. For the technical 
analysis, we utilized nine different indicators, which are de-
rived from different mathematical models to characterize the 
various market behaviors. Table 1 describes the features of the 
indicators applied. The detailed definition and application of 
the technical indicators are well described in the literature.

DOI: 10.36838/IJHSR88.1

Figure 1: A flowchart of the overall analysis applied in this study. The primary 
analysis consists of the technical stock analysis and Johansen cointegration 
test, with a gray and light blue background, respectively. The sub-processes 
are indicated with an orange background. The arrows indicate the direction of 
the workflow. The process was irreversible, but parallel for each variable. This 
flow chart provides an easy guideline of the entire process applied in this study.

Table 1: Brief description of the advantages and disadvantages of the stock 
indicators applied in this study. From the table (Table 1), one can easily 
compare the characteristics of the stock indicators for the analysis.

ijhighschoolresearch.org
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The 50- and 200-day simple moving average (SMA), and 
the 12- and 26-day exponential moving averages (EMA), are 
plotted for Apple's (AAPL) adjusted closing price, as present-
ed in Figure 3. We found that shorter-term averages are more 
sensitive to changes, compared to longer-term trends for both 
indicators. The 200-day SMA shows considerable deviation 
from the actual price movement, while the 50-day SMA gen-
erally follows the overall trend. In contrast, both the 12- and 
26-day EMAs show close tracking movement against the ac-
tual price, but the 26-day EMA shows a slightly late response. 
This pattern is similarly observed across the price movements 
of other companies.

The moving average convergence divergence (MACD) and 
its signal line (MACD-signal) are commonly used to detect 
trend reversals and to identify potential entry and exit points 
in the equity market.15 The range scale defines the MACD 
is defined by the range scale by subtracting the 26-day EMA 
from the 12-day EMA, from which a fast-moving line can 
be obtained. The MACD signal line is a slow-moving line, 
defined as the 9-day EMA of the MACD line itself. Although 
the MACD and MACD signal can sometimes be classified as 
momentum indicators, we treated them as trend indicators in 
this study. As shown in Figure 4, the signal line moves more 
smoothly than the MACD line; however, both generally re-
flect similar strengths in the price movements of AAPL.

As momentum indicators, the relative strength index (RSI) 
and stochastic oscillator (SO) were applied to measure the 
magnitude and velocity of change in the adjusted closing price 
of the stocks. The RSI chart, as shown in Figure 5, measures 
momentum on a scale of 0 to 100, helping to identify potential 
trading opportunities. It typically indicates overbought con-
ditions when the value is above 70—suggesting a potential 
selling opportunity—and oversold conditions when the value 
is below 30—suggesting a potential buying opportunity.17 The 
SO works in a similar way, which implements a scale of 0 to 
100 to identify the signals of the possible trading action. It 
indicates overbought and oversold conditions for above 80 % 
and below 20 %, respectively. In the SO chart (Figure 6), two 
indices are shown: %K (STOK) and %D (STOD). %K rep-
resents the current adjusted closing value relative to the 14-day 
range, while %D is a 3-day moving average of %K, resulting in 
a smoother signal. Figure 6 displays the SO index along with 
the adjusted close of Apple Inc. (AAPL). Even as AAPL’s ad-
justed close price trends upward over the observed period, the 
STOK and STOD lines oscillate upward or downward, high-
lighting potential buying and selling opportunities.

DOI: 10.36838/IJHSR88.1

Figure 2: A candlestick chart of Apple Inc. (AAPL) during the selected 
period, from Jan. 2, 2019, to Dec. 30, 2024. This chart represents the overall 
price movement of a stock for open, high, low, and close (OHLC). It exhibits 
the increase in overall prices as the date progresses. Some of the stocks show 
similar trends, but some show flat behavior.

Figure 3: A historical chart of the adjusted close for Apple Inc. (AAPL) 
during the selected period (from Jan. 2, 2019, to Dec. 30, 2024) with 50- and 
200-day simple and 12 and 26-day exponential moving average indicators. 
Simple and exponential moving averages exhibit upward trends, coinciding 
with the increase in the adjusted close over the specified time period. However, 
there is a slight difference between the two moving averages, depending on the 
calculation method.

Figure 4: Moving average convergence and divergence (MACD) and 
MACD-signal indices obtained from the adjusted close of Apple Inc. 
(AAPL). Both indices exhibit similar strengths in upward and downward 
movement, but the MACD signal shows a slightly smoother transition. The 
difference between these two indicators is likely mostly negligible.

Figure 5: Relative Strength Index (RSI) based on the adjusted close of Apple 
Inc. (AAPL). The index exhibits both upward and downward movement 
momentum of the adjusted closing stock price of AAPL. As expected from 
the mathematical model, the indicator describes the moment of buying and 
selling trends.
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of the three major chip-consuming companies with each of 
the three chip manufacturers in one-on-one comparison. This 
pairing was effective for assessing the specific influence that 
chip makers have on the market movement of the companies 
that use their chips. Finally, the Johansen cointegration test 
was performed. 

In the cointegration test, the first step was to calculate the 
critical values under the null hypothesis of zero cointegration 
relationship (r = 0). Then, we sequentially computed the values 
for r > 1 and r > 2. Here, “r” represents the rank, indicating 
the number of cointegration vectors under the null hypothe-
sis.9 The critical values serve as the thresholds for determining 
whether different non-stationary time series data can be statis-
tically related in a long-run equilibrium. 

Next, we calculated the trace statistics for each pair as shown 
in Table 2, based on Equation 1. This trace statistic value is the 
number that we can compare against the critical values, which 
provides a mathematical proof needed to determine how many 
cointegration relationships (r) exist among variables.9

Here, T is the number of observations, K is the number of 
variables, and λi is the i-th eigenvalue from the decomposition.

As a volatility indicator, the Bollinger Bands (BB) are plot-
ted against AAPL’s adjusted closing price to illustrate price 
volatility and identify potential trading opportunities, as 
shown in Figure 7. In this context, volatility refers to the de-
gree of price fluctuations in the stock market and serves as a 
measure of price stability. The middle line of the BB is the 
20-day simple moving average (SMA), while the upper and 
lower bands are calculated as two standard deviations above 
and below the SMA, respectively. As shown in Figure 7, the 
width of the Bollinger Bands expands alongside increases in 
AAPL’s adjusted closing price, reflecting greater volatility. 

We were able to build a comprehensive picture of each 
company’s unique stock behavior using this set of technical in-
dicators, as described above. This holistic view was essential for 
investigating the market relationships at the core of our study. 
And the individual outcomes were applied for the Johansen 
co-integration test.

Johansen Cointegration: 
Before running our main cointegration comparison, we had 

to pre-process the data obtained from the technical analysis. 
It is because the companies’ stocks are traded in different cur-
rencies. We normalized all the values with the mean of the 
statistics to ensure a fair, apples-to-apples comparison, as 
shown in Figure 8. As described in Table 2, we paired each 

DOI: 10.36838/IJHSR88.1

Figure 6: The stochastic oscillator (SO) index, along with the adjusted 
closing price of Apple Inc. (AAPL), is indicated by STOK and STOD. (%) 
K presents a 14-day moving average of the closing price, and (%) D indicates 
a smooth line of K over 3 days. The left y-axis indicates the adjusted closing 
price, and the right axis indicates the range of 0-100%. The difference between 
STOK and STOD is hardly noticeable, but it seems that both show very 
similar trends.

Figure 7: Bollinger band (BB) lines with the adjusted close price of the 
AAPL chart. BB lines are indicated by three lines: middle (mean), high, and 
low lines, which are acquired by a 20-day simple moving average (SMA) and 
two standard deviations for the above or below value. The three individual 
trends of the BB indicator are moving simultaneously along with the date 
proceeds, and the different exist, considering the statistical meaning.

Figure 8: The normalized Bollinger Bands (BB) indices of Apple, 
Inc. (AAPL), Samsung Electronics (SE), and Taiwan Semiconductor 
Manufacturing Company Limited (TSM) are based on the indication 
by STOD (D%). Each curve shows a different behavior, even though they 
gradually increase along with the progression of the data.

Table 2: The pairs of the chip makers and consumers for the Johansen 
cointegration test. The A, B, and C in the parentheses define the individual 
pair. This is the simple combination used for this study, only to compare each 
big tech company’s performance.

ijhighschoolresearch.org
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We also created a 3D plot showing the trace statistics values 
for each pair alongside their corresponding stock indicators, 
which makes it easy to identify the high trace statistic values. 
The high values are prominent because they indicate the pres-
ence of at least one cointegration relationship between the 
indicator variables.

The results of our study suggest that during periods of broad 
economic instability, the stock trends of semiconductor man-
ufacturers and the major technology companies that consume 
their chips may become closely aligned. At this time, tech com-
panies manage their production to minimize losses, so that this 
decision directly impacts chip demand. This tendency is likely 
to become predominant with a dynamic intensified by the re-
cent turmoil from the COVID-19 pandemic and rising trade 
protectionism. As addressed in the literature,11,12 although the 
business model has not been well developed for full capturing 
of the volatility dynamics of the financial and economic cycle, 
empirical and existing theories have shown the stock’s sensi-
tivity and co-movement to economic fluctuation across various 
economies.18

For trend analysis across multiple variables, time-relevant 
features need to be considered to improve analysis perfor-
mance. However, in this study, we only examined the defined 
cointegration among commercial market equities over a spe-
cific time period. This may be why our results show a distinct 
difference between momentum and trend indicators. We sug-
gest that time-series analysis should be advanced in correlation 
or cointegration analysis, or that such analysis be performed 
for stronger quantitative evaluation. This will be proposed for 
our next project. In addition, our model does not reflect intan-
gible macroeconomic parameters such as interest rates and the 
Korean won-to-US dollar exchange rate; as a result, the cointe-
gration results likely further demonstrate the impact of these 
unobserved features rather than pure firm-level interactions. 
Indeed, a small sampling (only six companies: three semicon-
ductor manufacturers and three semiconductor consumers) 
would limit the confidence in the more relevant analysis.

For the time-series analysis, our technical approach did not 
include trajectory evaluation in a time period, which is typ-
ically used to determine whether the trend is stationary or 
non-stationary. The fact of this evaluation is beneficial for 
systematically estimating the relation between the trends of 
two variables over time. This evaluation will be able to effec-
tively discriminate between a pair of companies with similar 
trend fluctuations among multiple companies. In addition, 
asymmetric market analysis was not included in our study, 
so our results may not apply to other specific time periods or 
semiconductor economic cycles. Such analysis is called vola-
tility-spillover analysis. We will also include these techniques 
for future analysis and believe that this proposed approach will 
provide further details on the correlation and cointegration 
analysis.

�   Results and Discussion 
The critical values for the Johansen cointegration test are 

not derived from a simple analytical formula. Still, they are ob-
tained from simulated distributions corresponding to specific 
confidence levels, such as 99%, 95%, and 90% (i.e., significance 
level of 1%, 5%, and 10%, respectively). For our analysis, we 
used Python’s Statsmodels library, which provides these simu-
lated values for both the trace and maximum eigenvalue tests 
in the asymptotic distribution approach.9,10 We utilized this 
library to produce the critical values for our specific hypothesis 
test for r = 0, ≤ 1, and ≤ 2, which are presented in Table 3 for 
each confidence level. These confidence values were initially 
acquired during the Johansen cointegration analysis. Each 
confidence value numerically exhibits the maximum cointe-
gration that can be rejected for the level of the null hypothesis, 
without considering eigenvalues for the numerical calculation 
of the cointegration. Namely, these are used as the minimum 
values for cointegration for each pair.

The trace statistics were also calculated for each pair in Ta-
ble 2 with the cointegration rank via Python’s Statsmodels 
package. If the trace statistic exceeds the critical value at a giv-
en rank (r)—that is, if trace statistic > critical value—the current 
null hypothesis can be rejected, and the test proceeds to the 
next rank. For example, in the case of r = 0 in Column 1, if 
the trace statistic exceeds 44.49 at a 90% confidence level, the 
null hypothesis of no cointegration is rejected, and we move 
on to test for r < 1. This implies that there may be at most one 
cointegration relationship, indicating that the variable—such 
as a stock indicator—exhibits more than zero cointegration 
relationship between the chip makers and consumers. We ap-
plied this procedure to all pairs listed in Table 2 and present 
the resulting trace statistics in Table 4. To make the table easy 
to read, we color-coded the results: A green background in 
the table indicates no cointegration relationship. In contrast, 
an orange background indicates the presence of at least one 
cointegration between the variables. The values in Table 4 pres-
ent the trace statistics from the Johansen cointegration test for 
each pair of stock indicators in Table 2. Since the eigenvalues 
(specific scalar approach) are not considered in this study, the 
trace statistic from the cointegration test is used to determine 
whether the null hypothesis is rejected at each confidence lev-
el. Therefore, the trace statistics are important for examining 
the cointegration. As marked with a colored background in 
each cell, the moving indicators show no integration, while the 
momentum indicators exhibit strong cointegration.

DOI: 10.36838/IJHSR88.1

Table 3: The critical values for the cointegration confidence level and the 
null hypothesis rank (r). The numbers indicate the minimum values for each 
category, specifically the values required for confidence optimization. The 
values decrease as the confidence level increases.
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�   Conclusion 
In this study, we evaluated chip makers' performance by le-

veraging the stock trends of their key consumers. Based on the 
technical analysis, we applied the Johansen cointegration test 
to assess the relationships between these groups quantitatively. 
Although the data selection is limited to only six companies 
in total, our technical approach highlights the distinct inter-
dependencies in the semiconductor economy. The finding can 
be beneficial for understanding the market dynamics and the 
complex nature of global trade and supply chain instability in 
the short term. 

It is observed that momentum indicators—such as the Rela-
tive Strength Index (RSI) and Stochastic Oscillator (SO)—are 
most effective at revealing the strong relationship between 

chipmakers and consumers. Different from the trend indica-
tors or volatility indicators, the moment indicator shows a close 
relationship by measuring the speed of price changes. However, 
the MACD indicator is an interesting exception. Even though 
we classified the MACD as a trend indicator, it did show a 
solid connection. It would be because its formula is based on 
the incorporation of the elements of both trend and momen-
tum. Likely, the MACD seems to capture not only the market 
direction but also the strength of price movements. 

Based on our findings, the indicators that measure price mo-
mentum (strength and speed) are more suitable for analyzing 
the semiconductor market, compared to the indicators that 
track general trends or price fluctuations. In addition, the criti-
cal cointegration cannot be considered for the movement of the 
trends in the long-term direction. Still, it will be more promi-
nent when reacting to market pressures with similar force and 
speed in short-term volatile times. However, in our technical 
analysis, the asymmetric market evaluation, volatility-spillover 
study, and correlation related to stationary or non-stationary 
movement are not included due to technical complexity. Such 
analysis would be beneficial for further effective discrimination 
of the individual markets pairing and performance evaluation, 
regarding macroeconomic parameters. Nevertheless, we believe 
that our findings can help investors and economic analysts 
make more informed decisions by highlighting the strong un-
derlying connection between technology and semiconductor 
firms, especially in rapidly changing markets.
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ABSTRACT: Wolbachia is an endosymbiotic bacterial species that is transmitted through the female germline. Wolbachia use 
several strategies to enhance the reproductive success of their infected hosts. Recent evidence suggests that Wolbachia proteins in 
the brain manipulate host behavior to increase their reproduction. In the fruit fly Drosophila Melanogaster, Wolbachia colonize brain 
regions that are associated with mating and reproduction behaviors. This raises the question of whether Wolbachia alter behaviors 
in other insect species. Insects infected by Wolbachia include a number of Anthophila bee species, which are important pollinators 
of flowers. In these bees, the same brain regions that Wolbachia colonizes in fruit flies are involved in more complex behavior 
beyond reproduction, including pollination. Direct evidence of Wolbachia affecting the brains of Anthophila bees has not yet been 
established, but growing evidence of structural similarities (e.g., brain) between Drosophila and bees suggests that Wolbachia may 
influence bee behavior as well. The review of existing literature suggests that Wolbachia’s effect on ecological decision-making in 
pollinators can be further investigated, as Wolbachia’s effect on pollinators remains underinvestigated.  

KEYWORDS: Cellular and Molecular Biology, Neuromicrobiology, Brain Homology, Pollination, Food Chain. 

�   Introduction
Wolbachia are highly successful bacterial endosymbionts that 

infect a vast array of arthropods and filarial nematodes. Their 
remarkable evolutionary success stems from their ability to ma-
nipulate host behavior and reproduction. On a molecular and 
cellular level, Wolbachia interact with a broad range of host-de-
rived cellular components to adapt and thrive in diverse cell 
types and environments.1

Recent studies suggest that Wolbachia proteins in the brains 
of infected fruit flies manipulate host behavior to increase their 
reproduction. In the fruit fly Drosophila Melanogaster, Wolba-
chia colonizes brain regions that are associated with mating 
and reproduction behaviors.2 However, studies have mainly 
focused on fruit flies and other insects through understanding 
cytoplasmic incompatibility, male killing, parthenogenesis, and 
feminization.1 Little is known about whether Wolbachia alter 
the behaviors of bees that play significant roles in pollination 
and the ecosystem. However, as previous research has mainly 
focused on fruitflies, little is known about whether Wolbachia 
alter behaviors in other insect species that play significant roles 
in pollination and the ecosystem.

Given the similarities in brain structure between fruit flies 
and bees,3 I hypothesize that the effects of Wolbachia on host 
behavior may also extend to bees. The study of the effects of 
Wolbachia infection on Anthophila bees is particularly import-
ant because it can help elucidate manipulations of pollination, 
specifically floral selection preferences and pollen-collecting 
patterns. Additionally, such modifications can disturb the food 
chain, triggering a chain reaction that affects animals across 
the population. Extension of research on the effects of Wolba-
chia to include Anthophila bees provides insights into how the 
consequences of endosymbionts on pollinators may influence 
ecosystem stability.

Building on existing research, this study examines wheth-
er Wolbachia infection influences pollination behavior in bees, 
specifically their floral selection and pollen-collecting behav-
iors. Since bees play a key part in ecosystem functioning and 
flower reproduction, this study has the potential to reveal unex-
plored mechanisms through which symbiotic bacteria impact 
pollination and biodiversity.

�   Discussion 
Wolbachia Infection and Host Colonization:
Wolbachia are bacterial endosymbionts of arthropods and 

some filarial nematodes. It is estimated to infect 40-60% of 
all insect populations, such as mites, isopods, and worms.1,4 
Wolbachia are vertically transmitted through infected female 
oocytes. Wolbachia employ several well-characterized strate-
gies to ensure their reproductive success in mixed populations 
of infected and uninfected hosts. More recently, an intriguing 
report suggests that Wolbachia might alter host behavior to in-
crease mating by infected hosts.

Although Wolbachia are vertically transmitted through in-
fected female oocytes, they also colonize somatic tissues. The 
full extent of Wolbachia’s cellular localization remains incom-
pletely mapped.5 A study identified distinct patterns of oocyte 
infection, primarily localized at the posterior pole of the ger-
mline, suggesting targeted infection of female reproductive 
structures.6 Wolbachia have also been found in the brain, neural 
cells, salivary glands, and excretory cells of diverse hosts.1 Spe-
cifically in Drosophila fruit flies, Wolbachia has been known to 
induce tissue-specific behaviors through the points at which it 
infects (Figure 1).
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Wolbachia’s Effects on Host:
Effects of Wolbachia on Drosophila behavior have been exten-

sively researched, particularly through studies of its localization 
in the brain. Albertson et al. mapped Wolbachia distribution in 
the brain and found that the bacterium interferes with cells 
involved in neural signaling.7 Using 3D imaging, they showed 
that Wolbachia is not evenly distributed throughout the brain, 
but instead is concentrated in specific regions. High densities of 
Wolbachia were observed in the antennal lobes (olfactory-guid-
ed behaviors), mushroom bodies (learning and memory), optic 
lobes (vision-based behaviors), and the central complex and 
suboesophageal ganglion (locomotor and feeding behaviors), 
each corresponding to distinct behavioral functions. Wolba-
chia was particularly associated with ganglion cells, supporting 
and nourishing the neural environment of the brain. The par-
ticular strains of Wolbachia and the species of Drosophila had 
subtle influences on infection patterns. Furthermore, female 
Drosophila exhibited slightly higher Wolbachia densities in the 
brain than males.

Wolbachia has been shown to influence Drosophila melano-
gaster, ameliorating learning and memory positively. Studies 
by Chen et al. indicated that Wolbachia infection in the brain 
improves both learning ability and memory performance.8 
They further suggested that these cognitive augments may re-
sult from Wolbachia-induced changes in host gene expression 
within neural tissues.

An important consideration in understanding Wolbachia-in-
duced behavioral effects across host taxa is the diversity of 
Wolbachia strains. In Drosophila, multiple closely related strains, 
such as wMel, wMelPop, and wRi, have been shown to vary in 
tissue distribution and behavioral consequences, including ef-
fects on sleep, learning, and reproductive behavior. ⁹ Notably, 
even within a single host species, distinct Wolbachia strains can 
produce different phenotypes, accentuating the strain-specif-
ic nature of Wolbachia–host interactions. Likewise, Anthophila 
bees are also naturally infected by diverse Wolbachia strains.10 
Given that different Wolbachia strains can exert distinct effects 
on host behavior, as demonstrated in multiple insect systems, it 
is likely that any influence of Wolbachia on pollination behav-
ior in Anthophila would depend strongly on the specific strain 
involved.

Sleep behaviors in Drosophila are affected by Wolbachia upon 
infection. Bi and Wang reported that Wolbachia can influence 
the sleep patterns of Drosophila melanogaster and Drosophila 
simulans.2 Using an advanced Drosophila monitoring system, 
they evaluated the activity of the flies and found that Wolba-

chia-infected individuals manifested decreased daytime activity 
and increased sleep duration.

Wolbachia has also been shown to manipulate the repro-
ductive behaviors of Drosophila. Warecki et al. demonstrated 
that Wolbachia localizes in brain regions critical for sensory 
perception and decision-making in Drosophila melanogaster, 
resulting in alterations in reproductive behavior and promo-
tion to promiscuity.⁹ These effects were linked to disruption 
of glutamatergic signaling, as Wolbachia infection reduced 
host metabotropic glutamate receptor (mGluR) abundance, 
implicating synaptic transmission as a molecular target of be-
havioral modulation.

Glutamate signaling is a molecular target that Wolbachia 
could influence pollination behavior, as glutamate receptors 
hugely contribute to sensory integration, decision-making, and 
motor coordination in insects. In Drosophila, Wolbachia-medi-
ated reduction of the metabotropic glutamate receptor mGluR 
has been shown to alter mating behavior by modifying neural 
signaling efficiency, demonstrating that Wolbachia can direct-
ly affect neurotransmitter receptor abundance and synaptic 
function. In pollinating insects, glutamatergic pathways are 
essential to processing various sensory inputs, including visual, 
olfactory, and mechanosensory cues, that guide flower recogni-
tion, landing, and handling. Consequently, Wolbachia-induced 
modulation of glutamatergic signaling influences foraging ef-
ficiency, floral choice, or behavioral persistence on flowers.

The study also identified cellular mechanisms associated 
with neural transmission. Protein analysis of infected larval 
brains revealed changes in host proteins and transcription 
factors, all of which are associated with sensory processing. 
Additionally, video recordings further showed that infect-
ed females had significantly higher copulation rates, despite 
no difference in mating initiation time. Hybrid mating ex-
periments supported these findings, revealing that infected 
females were more likely to engage in cross-species mating 
with D. simulans males, resulting in hybrid offspring. Be-
yond strain identity, an additional approach to assessing the 
potential for Wolbachia-induced behavioral modulation is to 
examine whether Wolbachia strains infecting Anthophila have 
gene families previously identified as candidate effectors in 
other insect hosts. Comparative genomic analyses have identi-
fied ankyrin repeat-containing proteins and Type IV secretion 
system components in Wolbachia, which functions as effector 
proteins involved in host manipulation.1,5,11

In Drosophila, several of these effector classes have been as-
sociated with neural, reproductive, and behavioral phenotypes, 
suggesting that their presence reflects a latent capacity for 
host behavioral modulation.⁹ Although the behavioral roles of 
these effectors have not been directly characterized in Antho-
phila, molecular surveys indicate that bee-infecting Wolbachia 
strains possess homologous effector gene families.10 This 
shared effector repertoire raises the possibility that Wolbachia 
infecting bees retain the genomic potential to influence host 
neural processes relevant to pollination behavior. Important-
ly, whether these effectors are expressed in neural tissues or 
produce behavioral consequences in bees remains an open 
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Figure 1: Wolbachia (marked in green) is concentrated along the female 
germline and the brain of a Drosophila Melanogaster.
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question, underscoring a key direction for future functional 
and comparative genomic studies.

Neurobiological Links Between Drosophila and Anthophila 
Brain:

In Anthophila bees, strong homology exists with Drosophi-
la brains.¹² Within the genus of Drosophila, multiple species 
have been independently leveraged to study Wolbachia–host 
interactions. While Drosophila melanogaster has been the pri-
mary model in many neurobiological and behavioral studies, 
other Drosophila species, such as Drosophila yakuba, Drosophila 
sechellia, Drosophila ananassae, and Drosophila recens, have been 
central to research on Wolbachia transmission dynamics, host 
manipulation, and cellular interactions.1,2,4,7 The hypothesis 
that Drosophila-based findings can inform Anthophila behav-
ior, therefore, rests not on a single species comparison, but on 
convergent evidence across multiple Drosophila systems, sup-
ported by conserved brain architectures involved in sensory 
integration and behavioral modulation (Figure 2).

The homology between the bee and fly brain structures has 
been established through comparative morphological studies, 
which revealed evolutionarily conserved features across the 
two taxa. Strausfeld demonstrated that despite vast differenc-
es in behavior and ecological niches, insects share conserved 
morphology in their central nervous systems.4 Strausfeld and 
Hirth showed that specific neural circuits, such as those in the 
mushroom bodies and central complex, are conserved across 
insect lineages.12 These shared circuits are crucial for behav-
ioral plasticity, decision-making, and sensory integration, all of 
which may be modulated by Wolbachia.

Comparative studies of insect neuroanatomy have high-
lighted the organization of the Drosophila brain and its 
functional parallels in other species such as Apis mellifera. The 
Drosophila brain contains ~100,000 neurons organized into 
functional neuropils,7 including the mushroom bodies and an-
tennal lobes, which are involved in olfactory processing and 
learning.13 These structures are critical for modulating behav-
ioral responses to stimuli, such as courtship and foraging. The 

central complex, another conserved brain region, contributes 
to motor coordination and spatial orientation.14 In Apis mellif-
era, a member of the Anthophila clade, the brain also contains 
well-developed mushroom bodies, which are associated with 
olfactory learning and memory.15 The antennal lobes process 
floral odors and pheromones (Galizia & Rössler, 2010), while 
the optic lobes support visual navigation during foraging. 
Similarly, the central complex contributes to orientation and 
locomotion (Figure 3).14

Anthophila and Drosophila both rely heavily on olfactory 
and gustatory systems for resource detection, including food 
and mate location. In these groups, chemosensory function is 
supported by odorant-binding proteins (OBPs), which enable 
odorant receptors to solubilize and transport volatile com-
pounds to sensory neurons. In Apis mellifera, genomic analyses 
have identified dozens of OBP genes that are highly expressed 
in antennal and mouthpart tissues, reflecting strong functional 
capability in olfaction and taste.¹⁶ Although direct one-to-one 
orthology between individual Drosophila OBPs (such as Ob-
p99b) and bee OBPs has not been fully resolved, OBPs across 
insects share conserved structure and biochemical roles, sug-
gesting functional conservation despite the divergence.

Given that Warecki et al. demonstrated Wolbachia-mediated 
upregulation of specific OBPs in Drosophila, including Ob-
p99b, which is expressed in chemosensory tissues and linked 
to behavior, it is plausible that Wolbachia could similarly alter 
OBP expression in Anthophila.⁹ Such modulation could oc-
cur through conserved regulatory pathways acting on OBPs 
broadly rather than on a single strict ortholog, potentially in-
fluencing olfactory-driven behaviors such as floral preference, 
foraging efficiency, or pollen collection. However, comparative 
analyses of OBP sequence similarity, tissue-specific expression, 
and Wolbachia responsiveness in bees remain limited; future 
molecular and transcriptomic investigations would help sup-
port this claim.

Furthermore, both taxa exhibit flexible foraging strategies 
mediated by neural plasticity in the mushroom bodies. Giurfa 
demonstrated that bees can learn complex patterns and odors 
associated with floral resources, dependent on mushroom body 
function.11 In Drosophila, comparable learning processes have 
been linked to dopaminergic circuits modulated by environ-
mental cues.17 Therefore, if Wolbachia alters neural processing 
in flies, as shown by Warecki et al.,9 similar mechanisms may 
also be present in bees.

Figure 2: The phylogeny shows the divergence of insect species, such as 
Anthophila bees, Drosophila fruit flies, and additional insect species known to 
host Wolbachia. In several of the taxa shown, particularly Drosophila species 
and Aedes aegypti, Wolbachia has been detected in neural tissues and/or 
demonstrated to alter host behavior, including sensory processing, activity, 
and reproductive behaviors. In contrast, corresponding neurobiological and 
behavioral effects of Wolbachia in Anthophila bees remain poorly characterized. 
This phylogenetic context highlights that Wolbachia-mediated behavioral 
modulation occurs across diverse insect lineages and provides a framework for 
evaluating whether similar interactions may exist in bees.

Figure 3: Antennal lobes (marked in green), mushroom bodies (marked in 
red), optic lobes (marked in yellow), and the central complex (marked in blue) 
are comparatively analyzed between the two species. The brain on the left 
represents that of Drosophila melanogaster, while the one on the right depicts 
the brain of an Anthophila bee. The general locations of each brain region are 
similar. The antennal lobes are localized in the lower center of the brain, the 
mushroom bodies are situated at the top, the optic lobes are positioned along 
the right and left sides, and the central complex lies at the center of the brain.
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Nectar and pollen reward characteristics are central to floral 
choice. Bees evaluate not only the presence, but also the quality 
of floral rewards. Studies confirm that they prefer flowers with 
higher nectar sugar concentration and greater pollen protein 
content, both of which directly impact colony nutrition.26 In 
Apis mellifera, and more broadly across Hymenoptera, foragers 
adjust visitation rates according to changes in nectar volume 
and concentration, reflecting a dynamic assessment of floral 
profitability.27 This behavior aligns with optimal foraging the-
ory, which predicts that pollinators maximize net energy gain 
per unit time. Furthermore, bees can detect and remember flo-
ral traits associated with rich rewards, reinforcing constancy to 
high-quality species.28

Handling time and extraction efficiency further shape floral 
preferences. Morphologically complex flowers, such as those 
with long or narrow corollas, require more time and skill to 
handle, discouraging inexperienced or time-constrained for-
agers.29 Bumblebees and honeybees often favor flowers that 
allow rapid nectar access with minimal manipulation, especial-
ly when simpler alternatives are available in the same patch.30 
Over time, experienced bees reduce handling time through 
motor learning, yet innate or early-learned preferences still bias 
them toward simpler floral structures.31 This trade-off explains 
why certain flowers, despite offering abundant rewards, receive 
few visits: the mechanical costs outweigh the benefits. Thus, 
handling efficiency acts not only as a foraging constraint but 
also as a selective filter in plant–pollinator interactions.

The mushroom bodies, responsible for learning and mem-
ory, underlie the complex foraging strategies of Anthophila 
bees, particularly flower constancy. These brain structures inte-
grate multisensory experiences and guide learned behaviors.15 
Through repeated exposure, bees associate floral traits with 
specific rewards and exhibit strong flower constancy, even in 
the presence of alternative options.32 This constancy reflects 
not cognitive limitation but an optimization of memory recall, 
motor patterns, and search efficiency.33 Bees also demonstrate 
spatiotemporal learning, remembering not only which flowers 
are profitable but also when and where rewards are available.34 
These memory-driven behaviors show that floral selection 
is not random but instead shaped by cognitive investment, 
highlighting the role of neural architecture in ecological in-
teractions.

Pollination’s Role in the Ecosystem:
Pollination significantly enhances both agricultural produc-

tivity and ecosystem stability. Klein et al. evaluated the world’s 
leading crops and found pollinators to be essential or highly 
significant for many fruits, nuts, and oilseeds.35 This depen-
dence has increased in recent decades as agriculture has shifted 
toward pollinator-dependent crops.36 At field scales, a land-
mark global analysis showed wild insects consistently increase 
fruit set, and honey bees do not substitute for wild pollinators; 
both groups act additively.37 In the U.S., a 131-site, 7-crop study 
found that five of seven crops were pollinator-limited, with 
wild bees often matching honey bees in delivered pollination.38 
Landscape context is also critical. The synthesis across conti-
nents shows that both pollinator richness and visitation rates 

Both Anthophila and Drosophila are known to be naturally 
infected with Wolbachia. Many studies confirmed natural in-
fections in Drosophila melanogaster, with Wolbachia localized in 
specific brain regions. Bee species within Anthophila are also 
frequently infected, although evidence for Wolbachia localiza-
tion in bee brains remains limited. Gerth et al., for example, 
conducted a molecular screening of multiple Anthophila fam-
ilies and found Wolbachia infection in the majority.¹⁰ Their 
analysis revealed substantial variation in infection prevalence 
across Anthophila species and in the Wolbachia strains detected.

Insights from the literature on Wolbachia’s ability to manipu-
late the Drosophila brain provide new perspectives, particularly 
for investigating species with more complex behaviors. By 
infecting brain regions involved in sensory perception and 
decision-making, Wolbachia alters the reproductive behavior 
of its hosts. However, current studies have primarily focused 
on Wolbachia-targeted regions in Drosophila fruit flies. These 
brain regions are limited to personal behaviors, including sleep, 
learning, memory, and reproduction.

Pollination Biology and Behavior of Bees:
In contrast to fruit flies, the brain regions of bees are not only 

linked to individual behaviors, but are also directly stimulated 
during pollination. While Drosophila mating relies on complex 
neural circuitry, pollination behavior in bees requires learning, 
navigation, and multimodal sensory processing across repeat-
ed foraging events and broader ecological contexts, making it 
more complex than mating. Visual cues, scents, learning, and 
memory form the foundation of pollination in bees, with dis-
tinct brain regions responsible for these functions. Visual cues, 
particularly floral color and pattern, strongly influence foraging 
preferences in Anthophila bees. With vision tuned to ultravi-
olet, blue, and green light, bees are able to perceive intricate 
floral cues hidden from human eyes.18 UV nectar guides, such 
as radial patterns or petal color contrasts, direct bees to floral 
rewards and increase foraging efficiency.19 In Bombus terrestris 
and Apis mellifera, studies have shown a marked preference for 
blue and violet flowers, which typically provide higher nectar 
rewards in natural settings.20 Floral symmetry and shape, such 
as radial symmetry and shallow corollas, also affect the speed 
and accuracy of landing and handling.21 Together, these visual 
traits not only attract pollinators but also facilitate rapid flower 
recognition and efficient reward retrieval, thereby optimizing 
the energetic return of each foraging trip.

Floral scent acts as a powerful olfactory cue shaping both 
initial attraction and long-term foraging behavior in bees. The 
antennal lobes of the bee brain are specialized for detecting 
volatile organic compounds (VOCs) emitted by flowers, many 
of which are species-specific.22 These odors are readily learned 
and remembered, allowing bees to form associative memories 
that guide future foraging decisions.23 In stingless bees such 
as Trigona fulviventris, foragers display strong scent fidelity, 
returning to flowers that emit familiar VOCs after just one 
successful visit.24 Honeybee foragers can also detect scent trails 
left by conspecifics, using this social information to locate pro-
ductive floral patches.25
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Therefore, it can be hypothesized that Wolbachia targets spe-
cific regions of the Anthophila bee brain that play key roles 
in pollination. If this is the case, pollination behavior could 
change, potentially changing ecosystem dynamics in a signif-
icant way. However, there is still little compelling scientific 
evidence to support this hypothesis. Very little is known about 
how Wolbachia spreads within Anthophila bees at the molecular 
level, or how it might influence behavior in real-world ecolog-
ical settings.

Possible Effects of Wolbachia Infections on Pollination and 
Ecosystems:

Wolbachia may infect the brains of Anthophila bees by target-
ing such regions as antennal lobes, optic lobes, and mushroom 
bodies, structures critical for pollination. Such infections could 
lead to changes in pollination behavior. This hypothesis is 
supported by previous studies that examined the effects of 
Wolbachia on Drosophila fruit fly behavior, molecular evidence 
detecting Wolbachia in Anthophila bees, and the well-docu-
mented ecological importance of pollination.

As Drosophila and Anthophila share homologous brain struc-
tures, they possess evolutionarily conserved regions responsible 
for similar functions. Both groups also include species natu-
rally infected with Wolbachia strains. Given that Wolbachia can 
influence fruit fly behavior, it can also affect Anthophila bees 
and their behaviors. However, while fruit fly behaviors are 
largely limited to reproduction and social interactions, bees ex-
hibit much more sophisticated behaviors. With the same brain 
structures, bees engage in activities beyond reproduction and 
communication, most notably, pollination.

Pollination also plays a vital role in ecosystems. The vast 
majority of the plants in the ecosystem generally rely on bees 

decline exponentially as the distance from natural or semi-nat-
ural habitats increases, with visitation dropping by half within 
approximately 0.6 km, underscoring the direct role of habitat 
conservation in maintaining stable crop yields.39 At broader 
scales, yield growth and stability are lower in pollinator-de-
pendent crops, consistent with pollen limitation constraining 
production.40

Pollination supports plant growth and reproduction, thereby 
sustaining entire ecosystems. Because most flowering plants 
rely on animal pollination, declines in pollinator populations 
can propagate through plant–pollinator networks and affect 
wider food webs. Network theory and simulations by Mem-
mott et al.41 and Kaiser-Bunbury et al.42 demonstrate that 
removing pollinators can trigger secondary plant extinctions 
and community collapse, with the extent of vulnerability de-
pending on network structure. Empirical studies support these 
predictions. Biesmeijer et al.43 documented simultaneous de-
clines in bees, hoverflies, and their associated plant guilds, while 
Burkle, Marlin, and Knight, using a 120-year dataset, showed 
degraded network structure and the extirpation of ~50% of bee 
species, consistent with reduced pollination services for many 
plants.44 Experimental manipulations provide mechanistic in-
sight: removing a single pollinator species reduced the floral 
fidelity of remaining pollinators and depressed plant reproduc-
tion, causing cascading effects on seed and fruit resources for 
herbivores and frugivores.45 Meta-analyses and reviews such as 
Knight et al.46 further confirm that pollen limitation is wide-
spread and can constrain plant demography, thereby affecting 
the quantity and timing of resources (seeds, fruits, foliage) that 
higher trophic levels depend on. Importantly, restoration ex-
periments demonstrate that these disruptions are reversible: 
vegetation restoration strengthened network structure and im-
proved pollination outcomes.47

Given that Wolbachia can influence fruit fly behavior, it 
is plausible that it may also affect Anthophila bees and their 
complex behaviors.1,2 Drosophila and Anthophila share homol-
ogous brain structures, meaning they possess evolutionarily 
conserved regions responsible for similar functions.12,14 Both 
groups also include species naturally infected with Wolbachia 
strains.1,4,5,7 However, whereas fruit fly behaviors are largely 
limited to reproduction and social interactions, bees exhibit far 
more sophisticated behaviors. With the same brain structures, 
bees engage in activities beyond reproduction and communi-
cation, most notably, pollination.15,18

Pollination plays a critical role in ecosystems. The vast ma-
jority of flowering plants rely on bees for reproduction, which 
in turn supports plant propagation and ecosystem produc-
tivity.35,36 Through pollination, plants reproduce and thrive, 
increasing the abundance of primary producers within eco-
systems.39,40 These producers form the foundation of the food 
chain, supplying energy to all consumer organisms. Because 
many species depend on plants for energy, and those plants 
often rely on bees for reproduction, bees play an essential role 
in maintaining ecosystem energy flow (Figure 4).37,41,43

Figure 4: Flowers and plants, reproduced by pollinators, nourish the 
ecosystem with energy. The figure shows how this energy is transferred 
through the predation of species within the ecosystem. Initially, the flowers 
containing this energy can be consumed by primary consumers, such as cows 
or goats. Those animals are then consumed by secondary consumers, like 
raccoons or seals, and ultimately by tertiary consumers.
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for pollination. Not only are bees able to increase agricultural 
productivity, but they also support ecological networks by fa-
cilitating plant reproduction. Through pollination, plants can 
reproduce and thrive, increasing the abundance of primary 
producers within ecosystems. Producers form the foundation 
of the food chain, supplying energy to all consumer organisms. 
Since many species depend on plants for energy, and those 
plants often rely on bees for reproduction, the role of bees in 
maintaining energy flow is essential.

Currently, a direct causal role of Wolbachia in shaping pol-
lination behavior has not yet been established, as the studies 
discussed here do not employ germ-free or antibiotic-medi-
ated Wolbachia removal approaches in Anthophila. Pietri and 
colleagues reviewed Wolbachia’s somatic interactions and noted 
that antibiotic treatment of non-Wolbachia-infected Drosoph-
ila has substantial long-term effects on host physiology and 
behavior, including mitochondrial dysfunction and metabolic 
changes after tetracycline treatment. This demonstrates that 
antibiotics commonly used to clear Wolbachia (e.g., tetracy-
cline) can independently impact host cell physiology beyond 
Wolbachia removal, complicating the interpretation of “germ-
free.”

�   Conclusion 
The review of existing literature suggests that it is plausi-

ble to hypothesize that Wolbachia may infect specific structures 
of the Anthophila bee brain that are heavily involved in pol-
lination. In this case, pollination patterns could be disrupted, 
significantly influencing ecosystem dynamics. Therefore, this 
study suggests the following two studies. First, molecular 
studies need to be conducted to explore the mechanisms by 
which Wolbachia localizes in the brains of Anthophila bees. It 
is important to identify the specific brain regions targeted by 
Wolbachia and determine the functions these regions control. 
In addition, the molecular mechanisms underlying these in-
teractions require further investigation. For instance, Wolbachia 
proteins concentrated in neural tissues may alter transcription 
factors regulating brain-associated genes or disrupt signal 
transduction pathways critical for normal brain function.

Second, an analysis of the effects of Wolbachia infection on 
the pollen-collection behavior of Anthophila bees is needed. It 
is important to identify the types of flowers Wolbachia-infected 
bees prefer to pollinate, and the duration of time they spend 
probing each flower. The observations could provide useful 
insights into how Wolbachia infection influences pollination 
dynamics and impacts the overall ecosystem flow through ag-
ricultural productivity and changes to energy access in the food 
web.
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ABSTRACT: Airfoil design plays an important role in determining how efficiently an object travels through the air. It has 
numerous applications in the industry, ranging from the construction of commercial aircraft to racecars, where small improvements 
in lift and drag can significantly reduce fuel consumption and improve stability. This study applies machine learning principles 
to develop a computationally efficient approach for predicting the lift and drag performance of airfoils. Accurate prediction 
of lift and drag coefficients from computational fluid dynamics software requires computationally expensive solutions of the 
Navier-Stokes equations. To overcome this limitation, we developed a neural network-based alternative that significantly reduces 
computational time while maintaining prediction accuracy. First, we generate a training data set with labels using traditional 
computational fluid dynamics software (CFD). Then we train a convolutional neural network model to make predictions of the 
aerodynamic coefficients. The results demonstrate that neural networks can effectively learn the complex relationships between 
airfoil geometry and aerodynamic properties, providing rapid lift and drag predictions not requiring full numerical solution of the 
Navier-Stokes equations. 

KEYWORDS: Physics and Astronomy, Theoretical, Computational and Quantum Physics, Fluid Dynamics, Neural Networks, 
Airfoils.

�   Introduction
Neural Networks and Deep Learning:
Machine learning and deep learning are gaining populari-

ty in all disciplines of science and engineering.1-5 Its cognitive 
and predictive capability lies in its ability to model and form 
non-linear responses to complex patterns. Humans refer to 
such skills as learning from experience. One such area is solving 
prognostic physics problems, where we set up mathematical 
equations to solve and predict the evolution of a system and 
then compute diagnostic information from the state of the 
system to help us evaluate the model results. This tradition-
al approach is computationally expensive because numerically 
solving these mathematical equations often requires iteratively 
solving large matrices through time stepping until satisfactory 
solutions are found.

At the heart of machine learning is the non-linear neural 
network, which stores the weights learned during training. We 
can think of these weights as the experience learnt by the mod-
el. A neural network generally consists of three components: 
the input, the neurons, and the output. The neurons contain 
weights, biases, and activation functions that are used to trans-
form the input into the output. The input can be thought of 
as a vector that describes the features of a problem, such as the 
pixel values of an image, the frequency and sound level values 
of an audio, etc. Based on the features that capture the main 
characteristics of the input, the neural network can calculate a 
set of desired outputs, e.g., the handwritten digit in the image 
or the mood expressed by the sound.

In the supervised learning approach, the neural network first 
undergoes a training process. Pre-selected input and output 
pairs are used to update the weights and biases stored in the 

neurons until the difference between the given output and the 
calculated output from the neural network is minimized. This 
process is similar to what occurs in a gradient descent algo-
rithm. The quality of the training dataset (the input and output 
pairs) determines the quality of the trained neural network. Af-
ter the neural network has been trained and verified, we can 
begin using it to make predictions for inputs that have not 
been seen by the neural network. Because the neural network 
calculations during this stage involve the forward multiplica-
tion of matrices and vectors, predictions can be made quickly. 
In the conventional approach, numerical solvers designed to 
make predictions involve iterative processes, such as the Na-
vier-Stokes equation solver in computational fluid dynamics. 
This causes the conventional prediction approach to be less 
efficient and slower than the predictions performed by the 
trained neural network.6-8

A problem that is of interest is to apply such a supervised 
learning approach to make predictions of airfoil design in aero-
dynamics quickly.9,10 Although neural network predictions may 
not be as precise as dedicated CFD software or results from 
wind tunnel measurements, they can provide quick feedback 
on whether a certain design is viable and suggest avenues for 
improving the design.11 Such an approach is not limited to the 
airfoil problem; it has applications in many vision, audio, or 
signal-based systems, where we can rapidly improve the design 
by analyzing the image or audio signals.
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�   Methods
Convolutional Neural Network:
Traditionally, airfoil analysis is done by solving the Navi-

er-Stokes equations in a meshed region around the airfoil with 
a prescribed free stream inlet and zero pressure gradient outlet 
boundary condition (Figure 1). The discrete mesh follows the 
geometry of the airfoil with a carefully generated boundary 
layer for flow analysis at the surface of the airfoil. The state 
variables pressure and velocity are calculated in each cell of the 
mesh during each time step until a quasi-equilibrium solution 
is obtained. These airfoil calculations are two-dimensional: as-
suming the wind is in the x-direction and height increases in 
the z-direction, from the pressure variables, the lift and drag 
coefficients can be computed by 

Existing CFD software, such as Simflow and XFOIL, can 
calculate the lift and drag coefficients at different angles of 
attack for a given airfoil with reasonable speed on a person-
al computer.12,13 Can we design a machine learning model to 
make predictions of the coefficients after it has been trained? 
It’s a perfect problem where a complex relationship exists be-
tween the coefficients and the geometry of the airfoil and the 
angle of attack (AoA). The CFD models perform these pre-
dictions by directly solving the non-linear partial differential 
equations based on the geometry of the airfoil and the given 
angle of attack. If such a non-linear relationship exists from 
(airfoil, AoA) to lift and drag coefficients, the model should 
be able to learn it! The framework that allows us to learn from 
the geometry of an airfoil and angle of attack and predict the 
coefficients is called a convolutional neural network (CNN).14

We constructed a CNN model to analyze the airfoil im-
ages and trained the model using coefficients calculated from 
XFOIL. The convolutional layer can recognize the curvature 
and the tail of an airfoil through the various kernels and the 
pooling algorithm used. The convoluted data is then collapsed 
and concatenated with the angle of attack to form the input 
vector to the neural network. Figure 2 shows the CNN archi-
tecture used for machine learning. The input airfoil image is 
first convoluted with 32 kernels of size 3 and then max-pooled 
with a size of 2. Another iteration of convolution with 64 ker-
nels of size 3 and maxpooling of size 2 is applied before the 

final arrays of images are collapsed with an angle of attack to 
form the input to the neural network. The neural network has 
an input layer, a dropout layer of 20%, another linear layer, and 
finally the output layer. To simplify analysis, we have chosen to 
focus on the lift coefficient only. Therefore, the output layer is 
of size 1.

We downloaded the airfoil dataset from the official NACA 
database. The airfoil data are then converted to images of the 
same size without distortion based on the airfoil data. Figure 
3 shows some of the airfoil images used to train the neural 
network.

	 (a) NACA 0012		      (c) Gottingen 451 

	 (b) Drela AG04 		      (d) Eppler E664

Setting up XFOIL and Simflow:
To verify the aerodynamics calculation and prepare training 

data for the CNN, we set up XFOIL and Simflow to run un-
der similar conditions. XFOIL is designed specifically for such 
simulations and is faster to run. Simflow provides an airfoil 
mode for aerodynamics calculations and is used to verify the 
results calculated from XFOIL. Table 1 shows the lift coef-
ficients calculated from XFOIL and Simflow for the airfoil 
ag04 at various angles of attack. The results from XFOIL and 
Simflow are in good agreement.
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Figure 1: Generated mesh for airfoil NACA 0012 at an angle of attack of 
5 degrees. Boundary layer cells are smaller than the cells further away. State 
variables pressure and velocity are computed in each cell in each time step. 
Diagnostic variables such as lift and drag coefficient are then computed from 
the pressure distribution. The green and purple parts of the mesh are on the 
frontal and rear surfaces of the airfoil.

Figure 2: CNN architecture for the airfoil machine learning setup. The input 
airfoil image is converted into a monochrome black image. It’s convoluted and 
pooled to create 64 channels of input and concatenated with the AoA to train 
the neural network. The airfoil image after the convolutional layer, plus 16 
linear mapping of AoA, becomes 48016 input neurons to the neural network.

Figure 3: Airfoil images generated from the NACA airfoil database.15 
Occasionally, the image generated from the airfoil data can be defective, as 
shown in (c) for the airfoil Gottingen 451. This could be a result of polygon 
self-intersection when there is an error in the coordinates. These images are 
checked and eliminated from the training dataset. The airfoils with a round 
leading edge are usually subsonic as in (a), (b), and (d).

Table 1: Comparison of calculated lift coefficients between XFOIL and 
Simflow for the AG04 airfoil at various angles of attack. As the angle of attack 
increases, we can see a monotonic increase in the lift coefficients for both 
XFOIL and Simflow. This agrees with the physics of airfoils for AoAs less 
than the stall angle, as with a higher angle of attack, more air will be deflected 
downwards—creating a higher pressure difference/lift.
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During training, two NACA airfoils, GOE 451 and 
Marsden, were deleted from the NN training sample due to 
abnormally high lift coefficients given by Simflow and XFOIL. 
In both XFOIL and Simflow, we have used an incompressible 
steady-state solver. XFOIL does not provide many options in 
fine-tuning the calculation because it is specifically designed 
for such calculations. For Simflow, we have chosen the SIM-
PLE solver with a Reynolds-averaged Navier-Stokes (RANS) 
turbulent scheme. Simflow also allows for fine-tuning of the 
generated mesh with boundary layer cell thickness and length. 
We used the default settings from Simflow for the airfoil cal-
culation. The airfoil radius is left as the default value of 20 
meters, and a Mach number of 0.3 or 100 m/s is used as the 
free stream air velocity. The default kinematic viscosity of air, 
1.51 * 10-5 m²/s, is used in the viscous calculation. This is 
equivalent to a Reynolds number of

In theory, the lift coefficient does not depend on the Mach 
number; it should be a function of geometry and angle of 
attack only. In practice, the calculated lift coefficients from 
XFOIL and Simflow show dependencies on the Reynolds 
number used.

�   Results and Discussion 
We trained the CNN model with 173 images, each for 21 

angles of attack (from -10.0 to +10.0 degrees with a 1.0 degree 
interval), after discarding many airfoils from UIUC due to nu-
merical convergence issues at various angles of attack in the 
XFOIL calculations. Most of the images used to train CNN 
have a round leading edge, which usually indicates subsonic 
flight. The training data for each input configuration are the 
lifting coefficients calculated using the XFOIL program.16 
We also ran Simflow to validate the results calculated from 
XFOIL. A total record of 3633 entries in the format (airfoil 
image, angle of attack, lift coefficient) is used to train the 
CNN. After the CNN is trained, we use the model to make 
predictions of airfoils at various angles of attack. The test data 
set includes approximately 200 airfoils chosen randomly from 
the UIUC database with an SRS. A comparison of the two sets 
of coefficients is shown in Figure 4. The predicted coefficients 
are generally in agreement with the corresponding coeffi-
cients calculated from XFOIL, with a correlation coefficient 
squared of 0.997, indicating excellent agreement between the 
machine learning predictions and traditional CFD methods. 
To quantify the benefit of this approach, for an airfoil set at a 
specific angle, traditional CFD simulations like Simflow aver-
age several minutes in order to reach numerical convergence. 
In contrast, the trained CNN required under 30 seconds to 
predict the lift coefficients for the entire test data set at the 
given angles of attack, corresponding to millisecond-level in-
ference per case. 

Despite the high correlational coefficient, the CNN model 
exhibits a consistent systematic bias toward underestimating 
lift coefficients compared to XFOIL calculations. The re-
gression analysis reveals a trend line slope of 0.783 with a 
y-intercept of 0.08. indicating that the model predictions are 
consistently lower than the reference values by approximately 
22%. This underestimation trend is particularly evident across 
different airfoil geometries and angle of attack ranges, suggest-
ing that the model may be conservative in its predictions. The 
systematic nature of this bias indicates that it could potentially 
be corrected through adjustment of the neural network archi-
tecture, though the underlying physical mechanisms causing 
this bias require further investigation.

The validation approach employed both XFOIL and Sim-
flow calculations to ensure robustness of the reference data, 
with both tools configured for incompressible steady-state 
analysis at a Reynolds number around 1.32 * 10⁸. While 
XFOIL and Simflow generally showed good agreement for 
most test cases, some discrepancies were observed, particularly 
for certain airfoil geometries. As shown in Table 1, the calcu-
lated results for the AG04 airfoil showed excellent agreement 
between XFOIL and Simflow across all angles of attack, with 
differences typically less than 5%. However, for other airfoils 
such as NACA 0015 and BW 050209, larger discrepancies 
were observed between the two CFD tools, highlighting the 
inherent uncertainties in numerical simulations and the im-
portance of using multiple validation sources when training 
machine learning models for aerodynamic predictions.
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Figure 4: Comparison of predicted lift coefficients from XFOIL calculations 
and those obtained from the trained neural network across various airfoils 
from the UIUC database and different angles of attack. There is a clear linear 
trend with a best-fit line of y=0.783x+0.08. This trend is similar to that of the 
line y=x, representing perfect predictions of the lift coefficient.
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�   Conclusion 
In this work, we compare the lift coefficient predictions of 

a trained neural network against numerical calculations from 
XFOIL and Simflow using airfoils from the UIUC database 
over a range of angles of attack. The results demonstrated that 
the neural network can capture the overall trends in aero-
dynamic performance, often following the correct slope and 
relative magnitude of the lift curves. However, in several cas-
es, the predicted values underestimate the reference data, as 
demonstrated by the scatterplot comparison in Figure 4. This 
underestimation highlights both the promise of the model and 
the need for further refinement to improve quantitative accu-
racy. 

A key aspect of improving the model involves error analysis 
and mitigation. One immediate adjustment is to significantly 
increase the number of training epochs, as the relatively high 
validation error suggests that the network has not yet con-
verged to an optimal solution. This could directly reduce the 
systematic underestimation observed in Figure 4. Additionally, 
adjusting the CNN model by adding more convolutional layers 
and changing the neural network layout could help improve 
the results.

Finally, the robustness of the results depends not only on 
model training but also on data integrity. Since visual in-
spection of CFD images or intermediate representations for 
errors is challenging, an automated verification mechanism 
may be required. One possible solution would be to train an 
auxiliary CNN tasked specifically with detecting corrupted or 
misaligned input images, thereby ensuring higher data quality 
for the main prediction network. While the present results are 
encouraging in demonstrating the feasibility of aerodynamic 
prediction with machine learning, careful attention to training 
strategies, model setup, validation practices, and data quality 
control will be essential for pushing the model toward applica-
tion-ready performance.
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ABSTRACT: Kahneman and Tversky developed their prospect theory in 1979, showing how the decision-making process in 
humans can be altered by biases called heuristics. Their theory changed forever how we think about behavioral economics and the 
expected utility theory. This research paper is intended to replicate the work of Kahneman and Tversky in the adolescent population. 
13 adapted questions from the original work of Kahneman and Tversky were sent to high school adolescents from Porto Alegre, 
Brazil. 57 teenagers replied. The results showed statistical differences in 8 of the 13 questions. Although the adolescents usually 
answered in accordance with the work of Kahneman and Tversky, they were more prone to taking chances and risks to secure 
higher gains or avoid a sure loss. These results are significant because they demonstrate that teenagers are more susceptible to 
online gambling addiction and marketing manipulation. Further studies with larger populations are recommended.  

KEYWORDS: Social and Behavioral Science, Behavioral Economics, Prospect Theory, Expected Utility. 

�   Introduction
Daniel Kahneman and Amos Tversky1 were pioneers in the 

science of behavioral economics. Their work showed how heu-
ristics can affect the decision-making process, especially when 
those decisions may involve risk, challenging the Expected 
Utility Theory, which until then had been dominant in the 
academic field. From their studies, the “Prospect Theory” was 
developed, which explains how we make decisions differently 
when a situation has the potential to generate a loss or a gain. 
The research conducted by Kahneman and Tversky was carried 
out with university students and staff. Therefore, this paper 
aims to observe whether adolescents decide in the same way as 
adults when exposed to some of the same questions posed by 
Kahneman and Tversky in their 1979 work.

Before Prospect Theory, Expected Utility Theory was the 
model most widely used to explain decision-making in be-
havioral economics. The theory states that when people are 
confronted with situations of uncertainty, they choose the 
option that maximizes their expected utility, using the mathe-
matical “expectation” operator. The utility of outcomes derives 
from their mathematical probability.

The pioneering work of Tversky and Kahneman demon-
strated, in adults, that heuristics such as loss aversion (where 
the “disutility” of losing is greater than the utility of gaining) 
and the disposition effect (which says that investors sell win-
ning assets too early and hold losing assets too long) influence 
decision-making when risk or gain is involved.

This paper aims to replicate part of the work of Kahneman 
and Tversky to determine whether adolescents in Brazil decide 
in the same way as adults when faced with uncertain situations.

1. Rational Expectations, Expected Utility, and the Prospect 
Theory:

1.1. Rational Expectations:
In classical economics, there is the assumption of rational 

expectations. The precursor of this theory was John Muth2 in 

1961, and Lucas3 later refined it. The theory of rational expec-
tations is based on the idea that people do not make systematic 
errors when predicting the future and make efficient use of 
all available information.4 According to von Neumann and 
Morgenstern,5 people are completely rational, use all available 
information efficiently, and markets are efficient. Thus, all de-
cisions maximize expected utility.

By assuming that all economic agents have access to all 
available information, the theory argues that past errors do not 
influence present expectations. Therefore, systematic errors do 
not occur, and agents, on average, make correct predictions.6

Another important premise in economic and financial sci-
ences is the liquidity preference theory, which states that 
economic agents and investors prefer liquidity and dislike risk. 
This theory was developed by the English economist John 
Maynard Keynes,7 an important economic thinker. The theory 
states that risk-averse individuals prefer the certainty of a result 
over a risky outcome. Investors expect a premium to exchange 
liquid assets for long-term assets. This premium is the interest 
rate.8

However, not all scholars agree with the theory of ratio-
nal expectations. According to authors such as psychologists 
Kahneman and Tversky,1 human beings are often not rational 
in their decision-making. According to Daniel Kahneman’s 
book Thinking, Fast and Slow,9 the human brain works with 
two systems: one fast, intuitive, low-energy system that makes 
automatic decisions; and another that is analytical, slower, and 
where we allocate attention to complex cognitive tasks. Accord-
ing to the author, the fast system is the most used one to make 
our daily life more efficient. The result of this way of thinking 
is that our decisions are often affected by heuristics, intuitive 
solutions that can lead to mistakes. According to Tversky and 
Kahneman,10 heuristics save time and energy and are general-
ly effective, but they lead to systematic and predictable errors. 
Thus, humans would not make rational decisions, and a better 
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understanding of heuristics and thought biases could improve 
decision-making in uncertain situations.

1.2. Expected Utility:
Until the advent of Prospect Theory, published in 1979 by 

Tversky and Kahneman,1 the prevailing economic theory on 
how economic agents decide was Expected Utility Theory. 
The beginning of studies on expected utility dates back to the 
18th century. At the time, decisions made under risk were seen 
as a rule that associated the values of available alternatives with 
their mathematical probabilities of occurrence, so that the de-
cision-maker would choose the alternative with the greatest 
expected utility.11 Utility was an indicator of the individual’s 
satisfaction with the chosen option.12

Later, Daniel Bernoulli refined this theory to demonstrate 
the logic of human choices by formulating Decision The-
ory (1738). Bernoulli established a relationship between the 
psychological desirability of money and the actual amount of 
money.9 He observed that most people dislike risk and aim to 
avoid unfavorable outcomes. The decision theory proposed by 
Bernoulli was still based on the principle of expected utility 
(the mathematical weighted average of outcomes). Still, he re-
placed the objective value scale with a subjective utility scale. 
He stated that people’s choices are not based simply on the 
monetary value of bets, but on the psychological utility of out-
comes, on their utility. Thus, Bernoulli refined expected utility 
theory, making it more plausible and possibly eliminating its 
errors.11

Utility is therefore not the weighted average of monetary 
effects, but the average of the utilities of those effects.9 From 
Bernoulli’s theory emerges the law of diminishing marginal 
utility, an important axiom of economic theory, which says 
that as wealth increases, the additional utility of one more unit 
of money becomes smaller, due to the increase in wealth it-
self. It would be something like saying: the utility of gaining 
USD$100 is greater when someone earns USD$2,000 per 
month than when someone earns USD$20,000 per month. In 
mathematical terms, this law says that utility as a function of 
money or wealth is a concave function (Figure 1).

1.3. Reference Point:
However, according to Kahneman,9 Bernoulli’s model pres-

ents an important flaw: it lacks the idea of a reference point. 
Expected Utility Theory could explain risk aversion, but 

cannot explain the preference for risk-taking in betting — a 
behavior often observed in entrepreneurs and generals when 
all their options are bad.

In his book, Kahneman9 gives an example of the problem 
of lacking a reference point: Anthony has 1 million dollars, 
and Betty has 4 million. Both are offered either a gamble or 
a sure gain: a 50% chance of ending up with a fortune of 1 
million and a 50% chance of ending up with a fortune of 4 
million, or a 100% certainty of having a fortune of 2 million 
dollars. Certainly, they will think differently, because for Betty, 
neither option is advantageous. She will certainly choose to 
gamble rather than lose half of her fortune for sure. Anthony, 
on the other hand, will probably choose to double his fortune 
with certainty rather than gamble and have a 50% chance of 
remaining with the same current fortune.

Expected Utility Theory assumes that decision-makers 
maximize their choices.11 Despite its many inconsistencies, 
the theory was used by one of the greatest mathematicians of 
the 20th century, John Von Neumann, and economist Oskar 
Morgenstern,5 who transformed the theory into an axiomatic 
model prescribing how rational economic agents should make 
their decisions. The authors used Expected Utility Theory in 
two ways: as logic determines decision-making and as a de-
scription of how economic agents decide.

1.4. Flaws in the Rational Expectations Theory
Authors such as Barreiros, Protil, and Moreira13 argue that 

rational behavior in decision-making results in several diffi-
culties, since other human perspectives within organizations 
began to be seen as political, social, and environmental behav-
iors. These other dimensions of human behavior and thought 
make it difficult for pure rationality to be achieved. According 
to Klacynski,14 adults often misinterpret statistical base rates, 
overemphasize the value of vivid, readily available memories, 
make judgments based on misconstrued probability data, and 
violate the axioms of inference.

1.5. The Prospect Theory and Heuristics:
As psychologists and scholars of human behavior and 

heuristics, Kahneman and Tversky1 questioned the absolute 
validity of this theory through studies conducted to elucidate 
how people decide when facing uncertainties. According to 
Silva and collaborators,15 Kahneman and Tversky support the 
thesis of the presence of irrationality through the certainty ef-
fect, reflection effect, and isolation effect in decision-making 
to research the cognitive processes employed in non-rational 
decisions by individuals. Their work resulted in the Prospect 
Theory.1

�   Methods
A Google Form was sent to high school students at three 

private schools in Porto Alegre. It contained 13 questions 
adapted from Kahneman and Tversky’s1 work and an informed 
consent form. Not all questions of the original appear in 
Kahneman and Tversky’s1 were used to facilitate the applica-
tion of the questionnaire, and some questions were presented 
in a different order to facilitate understanding. The payoffs 
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Figure 1: Graph exemplifying a concave utility function.
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on the original paper were directly converted into Brazilian 
Reais. The consent form was sent through Google Classroom 
and explained that participation in the research was optional. 
Anonymity was guaranteed since the form with the question-
naire was stored separately from the consent form, and the 
filled questionnaire did not have any identifier. The research 
methodology was approved by the researcher’s school ethics 
committee.

Each problem consisted of two options (A and B). In each 
option, there was a question involving the possibility of a gain 
or a loss. The students were instructed to choose between one 
of the two options (A or B).

The problems are described below:
PROBLEM 1: Choose between

• A: 33% chance of winning R$2,500 + 66% chance of 
winning R$2,400 + 1% chance of winning R$0
• B: 100% chance of winning R$2,400

PROBLEM 2: Choose between
• A: 80% chance of winning R$4,000
• B: certain gain of R$3,000

PROBLEM 3: Choose between
• A: 80% chance of losing R$4,000
• B: certain loss of R$3,000

PROBLEM 4: Choose between
• A: 50% chance of winning a 3-week trip through En-
gland, France, and Italy
• B: certain gain of a 1-week trip to England

PROBLEM 5: Choose between
• A: 5% chance of winning a 3-week trip through En-
gland, France, and Italy
• B: 10% chance of winning a 1-week trip to England

PROBLEM 6: Choose between
• A: 90% chance of winning R$3,000
• B: 45% chance of winning R$6,000

PROBLEM 7: Choose between
• A: 90% chance of losing R$3,000
• B: 45% chance of losing R$6,000

PROBLEM 8: Choose between
• A: 0.1% chance of winning R$6,000
• B: 0.2% chance of winning R$3,000

PROBLEM 9: Choose between
• A: 50% chance of winning R$1,000
• B: certain gain of R$500

PROBLEM 10: Choose between
• A: 50% chance of losing R$1,000
• B: certain loss of R$500

PROBLEM 11: Choose between
• A: 0.1% chance of winning R$5,000
• B: certain gain of R$5

PROBLEM 12: Choose between
• A: 0.1% chance of losing R$5,000
• B: certain loss of R$5

PROBLEM 13: Choose between
• A: 45% chance of winning R$6,000
• B: certain gain of R$3,00

After collecting the responses, the percentage of answers (A 
or B) for each problem was computed, the total percentage 

for each group was calculated, and then compared with the 
responses from Kahneman and Tversky’s1 original study. Each 
problem was analyzed individually, and the percentage of each 
response from each problem from this research was analyzed 
statistically, comparing to the reference sample (Kahneman 
and Tversky1). Data was analyzed using the chi-square test and 
Fisher’s exact test. These tests compare two categorical distri-
butions. For statistical analysis, the Jamovi Statistical software 
was used.

�   Results and Discussion 
1. Results:
A total of 57 responses were received from the emails sent 

to the students.
Table 1 shows the results obtained from the students in the 

present study and the data collected in Kahneman and Tver-
sky´s paper,1 including the chi-square and Fisher´s Exact test 
p-values. A p-value lower than 0.05 was considered statistical-
ly significant. The results are also presented by each individual 
question, comparing the percentage of adolescents who chose 
options A or B in this study to the results from Kahneman and 
Tversky in Figures 2 to 14.

DOI: 10.36838/IJHSR88.21

Table 1: Results (in percentage) from the adolescent population vs results 
from Kahneman and Tversky, and the statistical results of chi-square and 
Fisher tests.

Figure 2: Results from problem 1 show a significant difference between the 
responses in this study and those in Kahneman and Tversky.
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Figure 3: Results from problem 2. It shows that adolescents seek greater gain. Figure 7: Results from problem 6 show that when the chance of winning is 
small, adolescents behave just like adults.

Figure 8: Results from problem 7 demonstrate that teenagers take less risk, 
trying to avoid greater losses.

Figure 9: Results from problem 8 show significant differences between the 
two studies.

Figure 10: Results from problem 9. They show that teenagers take risks 
seeking greater rewards.

Figure 4: Results from problem 3. Here, there were significant differences 
because some adolescents prefer certain losses.

Figure 5: Results from problem 4 showed that teenagers try to secure better 
outcomes even when there’s risk involved.

Figure 6: Results from problem 5. Here, adolescents behaved like adults, 
trying to obtain the best benefit.
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2. Discussion:
Daniel Kahneman´s book “Thinking Fast and Slow”9 ex-

plains that our reasoning process is formed by what he calls 
System 1 and System 2. System 1 is fast, intuitive, stores our 
memories, has low energy consumption, and tends to believe 
any information. System 2 is the system we use when doing 
calculations, analyses, or when we need to focus and exercise 
self-control. It is slower and consumes much more energy. To 
make daily life easier, human beings tend to rely primarily on 
System 1, which results in what we call heuristics.

Heuristics are simple and efficient mental strategies used in 
decision-making that, although not always leading to the best 
solution, work very well in everyday contexts. Some examples 
include:

• Representativeness heuristic: When we judge something 
only by how it appears, using insufficient information (since 
System 1 tends to believe any information), this is almost anal-
ogous to prejudice.

• Availability heuristic: When we evaluate the probability of 
an event based on how easily we can recall it.

• Affect heuristic: When emotions affect decisions (people 
in a good mood tend to decide one way, while those in a bad 
mood decide another). If something makes us feel good, we 
tend to judge it as low risk. The opposite occurs when some-
thing makes us feel bad.

• Anchoring heuristic: when irrelevant information influ-
ences the decision-making process.

• Disposition effect: investors tend to sell profitable assets 
too early and hold onto losing assets for too long, hoping to 
reverse the losses.

• Certainty effect: people are predisposed to give more 
weight to certain events than to probable ones, even when the 
difference in probability is small. Kahneman and Tversky based 
themselves on the study by Maurice Allais16 to demonstrate 
the “certainty effect,” proving that people give more impor-
tance to “certain” outcomes than to those involving uncertainty.

• Framing effect: when the way the information is presented 
affects people’s decision-making process. The same informa-
tion can lead to different choices depending on whether it is 
framed in terms of positive or negative outcomes.

2.1. Problem 1:
When analyzing problem 1, some differences between the 

samples can be observed. In Kahneman and Tversky’s study1 
82% of people chose option B, showing a violation of Expected 
Utility Theory. The population chose option B as if the utility 
of U(2400) > 0.33U(2500) + 0.66U(2400), when in fact option 
A has a higher expected utility. In the present study, 57.9% of 
students chose option B, but 42.1% chose option A, a statisti-
cally significant result compared to Kahneman and Tversky’s. 
This may indicate that some school-age students are more at-
tentive to mathematical issues or more careful in calculating 
before responding, thus confirming Expected Utility Theory 
for 42.1% of the population.
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Figure 11: Results from problem 10 show there were no differences when 
adolescents and adults were trying to avoid losses.

Figure 12: Results from problem 11. They show no significant difference in a 
problem simulating a lottery prize (a tiny chance of winning a lot).

Figure 13: Results from problem 12. They demonstrate that adolescents try 
to avoid a sure loss.

Figure 14: Results from problem 13. When the chances of winning are small, 
adolescents prefer a sure gain rather than risking, like adults.
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2.2. Problem 2:
In problem 2, subjects are faced with a certain gain or an 80% 

possibility of an even larger gain. In the Kahneman and Tver-
sky study, 80% chose option B, even though the expected value 
of option A is identical. According to the authors, this demon-
strates that people prefer the certainty of a gain; certainty is 
overestimated compared to uncertainty. In this study, 61.4% of 
students chose a certain gain, following the same trend but at a 
significantly lower rate. These results may indicate that young-
er people are more willing to take risks (considering the high 
80% probability of winning) in search of a higher gain rather 
than settling for a certain gain.

The certainty effect defines the behavior where, in a bet in-
volving positive outcomes, people prefer to avoid risk to secure 
a guaranteed gain. This was confirmed in this study, but at a 
significantly lower intensity among teenagers compared to 
adults, showing that a significant number of adolescents tend 
to seek risk trying to obtain higher gains, or maybe adolescents 
are more willing to seek the emotion of gambling than adults, 
or they did not fully understand the question.

2.3. Problem 3:
This case shows the reverse — the certainty of a loss. 

Here, people tend to take risks to try to avoid a sure loss. In 
Kahneman and Tversky’s study, 92% chose option A, even 
though the probabilities were the same. They describe this as 
the reflection effect: when faced with gains, people are risk-
averse; when faced with losses, they take risks to avoid a sure 
loss. Markowitz17 had already suggested that decision-making 
focuses on losses or gains, not on absolute magnitudes.

In this study, the same behavior was confirmed, but with low-
er intensity: 70.2% chose to gamble to avoid a sure loss. This 
may indicate that teenagers either did not fully understand the 
question or that around 30% feared the possibility of an even 
greater loss compared to the certain one. Adolescents may even 
have a different interpretation of “chance” than adults.

Overall, both for positive and negative outcomes, Expect-
ed Utility Theory is violated. Adolescents, however, seemed 
more inclined to calculate the math involved, as in Question 
1, where 42.1% chose option A (which presented the higher 
utility). These results also show that adolescents are more will-
ing to take risks in search of larger gains, contradicting some of 
Kahneman and Tversky’s findings1.

2.4. Problems 4 and 5:
Problems 4 and 5 will illustrate the certainty effect of 

non-monetary outcomes. In the original study, 78% chose 
option B in Question 4, evidencing the preference for certain 
gains. In Question 5, 67% chose A in the original study, as 
there was no certain gain and people tended to select the more 
favorable outcome even with lower expected utility.

In this study, most adolescents also chose a certain gain in 
Question 4, but a significant portion opted to gamble for a 
more favorable outcome. Again, this implies adolescents’ will-
ingness to risk searching for better outcomes. In Question 5, 
their responses matched Kahneman and Tversky’s sample, with 

no significant difference — once again suggesting that teenag-
ers seek better outcomes and are more willing to gamble.

2.5. Problems 6, 7, and 8:
These show how Expected Utility Theory fails to capture 

behavior under risk fully.
In Question 6, 86% of Kahneman and Tversky’s participants 

chose A, preferring the higher probability of winning. In this 
study, 77.2% chose A, which is not significantly different.

In Question 7, 92% in the original study chose B (taking the 
smaller probability of loss, even if the loss was larger). Here, 
70.2% chose B — the same trend but at significantly lower 
rates. This may indicate that adolescents have noticed the 
mathematical equivalence or that they want to avoid a larger 
loss.

In Question 8, 73% in the original study chose A (when 
probabilities were very small, people picked the option with 
the larger prize). In the present study, results were statistically 
similar to theirs.

2.6. Problems 9 and 10:
Both problems 9 and 10 involve identical expected utilities.
In Question 9 (certain gain vs. possible higher gain), 84% in 

the original study chose the certain gain. Here, however, 52.6% 
of the students in this sample chose to gamble — contradict-
ing the prospect theory, which says people avoid risks to secure 
gains but take risks to avoid losses. In the present study, ado-
lescents preferred gambling, maybe trying to obtain a higher 
prize.

In Question 10 (certain loss vs. gambling to avoid loss), 
teenagers behaved like the original sample, but at a lower (not 
significant) intensity. This matched the prospect theory for 
losses, but not for gains.

Thus, in this sample, the prospect theory was confirmed only 
for losses. Teenagers may prefer to take risks to get higher gains.

2.7. Problems 11 and 12:
Both problems 11 and 12 involve a very small probability 

and are discussed below.
In Question 11, 72% in the original study chose the tiny 

chance of a big prize over a sure small gain — comparable to 
buying a lottery ticket. Adolescents answered similarly, with no 
statistical difference.

In Question 12, 83% of adults choose the sure small loss (like 
buying insurance). Teenagers responded similarly, but a statis-
tically significant portion preferred to gamble instead of losing 
R$5 for sure. Possibly, they calculated the minimal probabili-
ty of losing R$5,000 and preferred to take the risk, or maybe 
R$5.00 means more to an adolescent than to an adult, or they 
misunderstood the question.

2.8. Problem 13:
Again, problem 13 will address how Expected Utility Theory 

fails when people are faced with a certain gain. Mathemati-
cally, both options are identical, but both adults and teenagers 
choose a certain gain.
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However, adolescents showed differences compared to ear-
lier questions. In Question 2 (80% chance to win R$4,000 vs. 
a certain gain of R$3,000), many preferred to gamble; may-
be the 80% probability of gain seemed high enough to justify 
gambling to adolescents. In Question 13 (45% chance to win 
R$6,000 vs. a certain R$3,000), most preferred the certain gain. 
The probability of gaining R$6,000 being below 50% may ex-
plain why these teenagers preferred the safer choice in this 
problem.

2.9. General Observations:
Kahneman9 states that humans tend to focus on changes rel-

ative to a reference point. For example, losing 100 or 200 feels 
more significant than losing 1,100 or 1,200, even though the 
absolute loss is the same. Another point of Prospect Theory is 
that losses matter more than gains, and the value function is:

• depending on a reference point,
• concave for losses and convex for gains,
• steeper for losses than for gains.
Figure 15 illustrates the Prospect Theory curve, which is 

concave for losses and convex for gains, showing that we are 
risk-averse when securing a gain and risk seekers when trying 
to avoid losses. The steepness of the loss curve demonstrates 
that losses are more important to us than gains.

In this study, reference points were not directly tested, but 
it can be inferred that the monetary amounts in the questions 
may seem larger for teenagers than for adults.

The results of this study show that adolescent behavior 
regarding gains and losses generally follows the trends of 
Prospect Theory. Still, in many of the proposed problems, the 
results were significantly different, with adolescents showing a 
higher disposition to gamble.

Chien et al.18 tested 92 adolescents using Tversky and 
Kahneman decision problems for framing effects. The re-
sponse pattern obtained by the authors resembled the general 
pattern exhibited by adults tested by Tversky and Kahneman. 
Negative frames led them to accept risk to avoid certain loss; 
positive frames prevented them from risking securing a certain 
gain. Chien et al.18 only found the framing effect in some of the 
young adolescents, but the influence of the framing effect was 
consistent. This corroborates the findings in this study. A study 

by Rosebaum et al.19 showed that adolescents are more prone 
to risk-taking than adults. The authors suggest that these point 
to a complex interaction between multiple psychological con-
structs that develop across adolescence. In this study, more than 
half of the questions had responses that differed significant-
ly from those of adults, showing greater risk propensity. This 
propensity might be concerning, given teenagers’ exposure to 
online gambling sites and online marketing. The tendency to-
wards gambling obtained in this study can also be caused by 
a lack of proper understanding of the nature of the questions.

A 2024 Guardian20 report stated that online betting sites are 
a public health problem, rapidly expanding via mobile phones 
and harming more people than previously thought. Teenagers 
are a vulnerable group, exposed to sophisticated marketing and 
gambling integrated into video games. Montiel et al.21 reviewed 
studies on online gambling among youth aged 11–21 from the 
past 20 years and found that between 0.77% and 57.5% showed 
some pathological degree of gambling, depending on measure-
ment instruments, sample, cut-off points, and criteria applied, 
and between 0.89% and 1% had a full disorder. They stated 
that, although illegal among adolescents, online gambling is 
a common practice and it´s expanding alongside the expan-
sion of technology. 5-15% of adolescents gamble online, and 
40-70% gamble offline, which puts their mental health and 
well-being at a serious risk.

Together with the present findings, which suggest teenag-
ers are more risk-prone, these studies reinforce the need for 
regulation of online gambling for minors. In a meta-analysis 
by Ding et al.,22 40 relevant studies across 12 databases were 
reviewed, and the authors found that sensation seeking and 
risk taking are typical in adolescents, and the incidence of risky 
behaviors is significantly higher in teenagers. Adolescents’ 
still-developing brain functions may lead to cognitive disso-
nance in decision-making. According to these authors, adults 
are more developed physically and mentally, and are more cau-
tious when making risky decisions. Although the present study 
did not investigate online gambling among adolescents, but 
instead the choices they make when confronted with a gam-
ble, a possible tendency towards risk was observed which may 
come to the encounter of the results found by Ding et al.22 This 
might suggest that lawmakers should consider the adolescent 
decision-making process in matters such as marketing regula-
tion and online gambling site regulation to protect adolescents’ 
mental and financial well-being.

�   Limitations 
This study shows some important limitations. Firstly, the 

obtained sample is relatively small (only 57 subjects participat-
ed in this study), especially when compared to Kahneman and 
Tverski1 original work that used a larger sample. Furthermore, 
the sample was drawn entirely from three private schools in 
a single city, which may not represent adolescents in general. 
Students from private schools usually come from affluent fam-
ilies; hence, their relationship with monetary values may differ 
from that of students from public schools, especially in Brazil, 
where socioeconomic inequality is profound. Both limitations 
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Figure 15: Prospect theory graph taken from Kahneman and Tversky´s paper.
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may jeopardize the possibility of generalization of these results 
to broader populations. Further studies with larger samples and 
samples drawn from different socioeconomic backgrounds are 
recommended.

�   Conclusion 
The present study replicated some of the questions originally 

asked of adults in Kahneman and Tversky’s work and applied 
them to high school adolescents in Brazil. Significant differ-
ences were found in more than half of the proposed problems.

It was shown that teenagers tend to take more risks to obtain 
more favorable outcomes, both in the face of gains and losses, 
contradicting some classic heuristics of Behavioral Economics 
Theory. This behavior may indicate that teenagers are more 
audacious and less responsible with money than adults. It may 
also reflect a greater search for excitement compared to adults.

These results might highlight the dangers of exposing teen-
agers to online gambling sites and manipulative marketing. We 
recommend that new studies with larger samples be conducted 
to confirm the trends identified in this study.
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ABSTRACT: As renewable energy startups in the UAE adopt AI-enabled digital twin systems, their impact on both 
operations and customer experience remains underexamined. This study examines the impact of these technologies on predictive 
maintenance, product reliability, and consumer trust. Using a mixed-methods approach, the research combines survey data from 
217 customers with semi-structured interviews across three cleantech startups. The study reveals that 80.64% of users agree that 
the use of digital twin technology has increased their confidence in the product or service, and enhanced the overall experience 
for 81.57% of participants. The study also reveals implementation barriers, including financial costs and training needs. Despite 
these challenges, startups observed increased customer engagement and brand loyalty, with one participant noting “a noticeable 
rise in client retention.” This paper contributes new evidence on how digital twin systems not only optimize operations but also 
strengthen post-purchase engagement in sustainability-focused startups within emerging markets.  

KEYWORDS: Environmental Engineering, Machine Learning, Digital Twin Technology, Predictive Maintenance, Renewable 
Energy Startups.

�   Introduction
The United Arab Emirates (UAE) has positioned itself as 

a regional leader in renewable energy development, support-
ed by frameworks such as the UAE Energy Strategy 2050 
and NextGen FDI.1,2 These policies have catalysed a growing 
cleantech startup ecosystem, aided by regulatory incentives, fi-
nancing programs, and innovation hubs. However, startups in 
this sector face distinctive challenges, including demand un-
predictability, operational inefficiencies, and limited access to 
infrastructure, that hinder their ability to scale effectively and 
maintain consistent customer satisfaction.3,4

To address these obstacles, renewable energy startups are in-
creasingly turning to AI-enabled digital twin systems: dynamic 
virtual replicas of physical assets that integrate real-time data to 
simulate, monitor, and optimize system performance.5,6 While 
digital twins have demonstrated substantial impact in indus-
trial-scale energy settings, improving reliability, maintenance, 
and forecasting,7,8 there is a significant gap in the literature 
concerning their use in startup-scale enterprises, particularly 
in emerging markets such as the UAE.9,10 Existing studies of-
ten overlook the constraints of startups, such as limited digital 
infrastructure and higher dependency on consumer trust for 
survival.11,12

This study examines the role of digital twin systems in 
enhancing predictive modelling and customer engagement 
within UAE-based renewable energy startups. It address-
es two research questions: (1) To what extent does the use of 
AI-enabled digital twin systems in supply chain and operations 
improve predictive performance modelling in renewable ener-
gy startups in the UAE? and (2) To what extent does the use of 
digital twin systems impact measurable customer satisfaction 
and post-purchase engagement in these startups?

Despite their efficacy, these systems are currently hindered by 
the need for accurate system modelling, reliable data ingestion 
via edge gateways, and strategic allocation of adequate intelli-
gence between edge and cloud environments. Currently, firms 
adopt hybrid architectures, using edge processing to reduce la-
tency and cost while leveraging cloud-based AI for enhanced 
predictive and prescriptive insights. Modular deployment, 
which focuses on individual aspects only, and selective asset 
modelling, which focuses on the most important assets only, 
have improved efficiency, though greater standardization and 
interoperability could further enhance scalability and adoption 
of AI-enabled digital twins. (Figure 1)

Startups provide a valuable lens for this inquiry due to their 
agility, innovation dependency, and urgent need for system 
reliability. By leveraging real-time diagnostics and simula-
tion capabilities, digital twins have the potential to enhance 
backend efficiency and front-end customer experience simulta-
neously.13,14 However, the lack of empirical evidence connecting 
these dual outcomes at the startup level makes it difficult for 
entrepreneurs and policymakers to evaluate the strategic value 
of adopting such tools.

This research adopted a mixed-methods design, combining 
a structured survey of several renewable energy customers with 
semi-structured interviews of employees at cleantech start-
ups operating in the UAE. While survey data indicated that 
a large majority of users experienced improved service reliabil-
ity, interviews revealed challenges in system calibration, high 
onboarding costs, and limitations in training. These insights 
reveal both the promise and limitations of digital twin deploy-
ment in startup contexts, providing a nuanced understanding 
of its value.

This research contributes to the digital transformation 
theory, explaining how the integration of AI-enabled digital 
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twin systems drives structural changes in startup operations 
in terms of improvements in predictive performance and cus-
tomer-facing outcomes.6 Moreover, this research draws on 
the resource-based view (RBV) theory, which is used to con-
ceptualize digital twin capabilities as strategic and intangible 
resources that can generate competitive advantages for start-
ups despite a variety of constraints.15

The study contributes to the growing literature on digital 
transformation in cleantech entrepreneurship by extending 
the application of digital twin theory into underexplored, 
resource-constrained environments. It draws on digital trans-
formation theory, RBV, and customer satisfaction frameworks 
to analyze how advanced technologies can support startup 
scalability and customer-centric growth.6,15 Additionally, the 
research aligns with Sustainable Development Goals (SDG 7 
and SDG 9), demonstrating how advanced digital tools can 
democratize access to clean energy and promote innovation 
across firm sizes.

Literature Review:
This literature review aims to critically evaluate and syn-

thesize existing academic research on the role of AI-enabled 
digital twin technologies in enhancing operational perfor-
mance and customer satisfaction within the renewable energy 
sector. Given the UAE’s strategic commitment to clean energy 
innovation and the increasing role of startups in driving this 
transformation, understanding how AI-driven digital twins 
influence both predictive performance modelling and custom-
er engagement in these companies is essential.

The scope of this literature review encompasses key aca-
demic studies that address digital twin technologies, AI-based 
forecasting, supply chain resilience, operational efficiency, and 
the integration of predictive analytics within the contexts of 
energy and sustainability. While some of the existing research 
explores digital twin applications in broader energy sectors 
or industrial domains, few studies address the intersection of 
these technologies with renewable energy startups, consumer 
satisfaction, or emerging market dynamics.

I organized the discussion thematically to capture recurring 
patterns, methodological approaches, and core findings across 

existing studies. The literature review concludes with a com-
parative synthesis of these studies, identifying key research 
gaps, particularly regarding startup-specific applications of 
AI-enabled digital twins, the measurable impacts on custom-
er satisfaction, and regionally contextual insights for the UAE 
renewable energy startup ecosystem.

Theme 1: Digital Twins for Operational Performance and 
Supply Chain Resilience:

Existing research consistently emphasizes the potential of 
digital twin technologies to enhance operational performance, 
predictive analytics, and supply chain resilience. Bhandal et al. 
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Figure 1: Conceptual reference architecture of AI-enabled digital twin 
systems, illustrating the primary layers from physical assets and operational 
processes through data ingestion, digital twin modeling, AI analytics, and 
decision-support applications. The diagram highlights which aspects are 
covered by digital twins, such as real-time data capture and predictive insights, 
and which are outside their scope, including human decisions, market 
dynamics, and policy factors.

Table 1: Selected literature review, presenting findings from analyzing 
7 different academic research papers related to AI-driven digital twin 
technologies or cleantech startups in the UAE, in the form of significant 
themes, methodology used by the author, factors inferred, and descriptive 
findings.
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highlight that digital twins improve real-time insights, auto-
mation, and supply chain transparency, contributing to greater 
resilience and sustainability.11 Similarly, Singh et al. demon-
strate that digital twins can reduce risks and delays, boosting 
both operational performance and long-term environmental 
outcomes through improved green logistics systems (Table 
1).18

While both studies agree on the positive impact of digital 
twins on supply chains, their methodological approaches differ. 
Bhandal et al. conduct a bibliometric analysis that connects ac-
ademic trends and identifies research gaps, whereas Singh et al. 
use quantitative statistical modelling (SEM) to measure direct 
performance improvements.11,18 However, both studies pri-
marily focus on large-scale operations, with limited attention 
to startup-specific challenges or applications in the renewable 
energy sector. Startup-scale supply chains often operate with 
lower redundancy and tighter resource constraints.

Theme 2: AI-Enabled Forecasting and Predictive Modelling 
in Energy Systems:

AI-integrated digital twins show considerable promise for 
enhancing predictive performance in energy systems. Al-Muf-
ti et al. illustrate AI-enabled neural network models that can 
forecast building energy consumption when combined with 
digital twins by analyzing environmental and behavioral pat-
terns. Mwansa et al. demonstrate the use of digital twins for 
predictive modelling, scenario analysis, and decision-making 
in Abu Dhabi’s oil and gas sector, improving operational effi-
ciency and reducing costs.20,21

These studies present compelling evidence of AI’s role in 
optimizing energy systems, yet notable differences exist in 
their focus areas. Al-Mufti et al. examine AI for building en-
ergy efficiency, with limited emphasis on renewable systems 
or consumer engagement. In contrast, Mwansa et al. explore 
predictive modelling within the UAE’s oil and gas sector, 
highlighting the success of digital twins in a regional con-
text, although not directly in the renewables sector (Table 1). 
Crucially, these models assume access to robust datasets, high 
computational resources, and well-integrated infrastructures, 
conditions that may not be present in early-stage renewable 
startups.20,21

Theme 3: Digital Twins for Real-Time Monitoring, Smart 
Systems, and Environmental Performance:

The role of digital twins in enabling real-time monitoring 
and enhancing environmental outcomes is well-documented. 
Ghenai et al. argue that digital twins significantly enhance 
predictive maintenance, improve smart grid performance, and 
support low-emission targets in the energy sector. Dulaimi et 
al. provide a practical case study of the Hubgrade 4.0 smart 
energy hub, showing how AI-powered digital twins facilitate 
operational efficiency and sustainable energy management 
within urban smart city frameworks.7,19

Although both studies align in their findings regarding the 
environmental and operational benefits of digital twins, they 
vary in scope. Ghenai et al. conduct a global systematic re-
view of digital twin applications, while Dulaimi et al. focus 

on a localized UAE-based case study. However, both studies 
primarily concentrate on large-scale infrastructure or urban 
projects (Table 1).7,19

This omission may originate from the tendency of existing 
researchers to prioritize measurable technical or environmental 
KPIs (Key Performance Indicators) over consumer experience 
metrics. As a result, the customer-centric value of digital twins 
remains underrepresented in current empirical literature.

Theme 4: Implementation Challenges and Enablers for Dig-
ital Twin Adoption:

Successful digital twin implementation requires more than 
technological capability as it depends on organizational read-
iness, strategic alignment, and system integration. Kamble et 
al. propose a structured framework for digital twin adoption 
within sustainable supply chains, emphasizing enablers and 
important factors, such as internal readiness, data systems, and 
alignment with environmental goals.7

Unlike other studies that focus on performance metrics, 
Kamble et al. delve into the structural and strategic factors that 
influence technological adoption. Nonetheless, their research 
focuses on mature organizations with complex supply chains, 
offering limited insight into how resource-constrained start-
ups, particularly in renewable energy, can effectively integrate 
digital twins into their operations (Table 1).8

Startups often lack specialized technical staff, robust IT 
infrastructure, or enterprise-grade data integration systems, 
which makes the deployment of real-time digital replicas far 
more challenging.11 Moreover, strategic alignment in startups 
may be more reactive than planned due to rapid changes, in-
vestor expectations, and evolving business models, all of which 
are factors typically present in the stable environments studied 
by Kamble et al.8

Gaps in the Literature:
Despite growing academic interest in digital twin technol-

ogies, several critical gaps persist. Limited research explores 
the application of AI-enabled digital twins within renewable 
energy startups, with most existing studies focusing on large-
scale or industrial operations. Research specifically examining 
the UAE’s renewable energy startup landscape remains limit-
ed, despite the country’s strong emphasis on clean energy and 
digital infrastructure as strategic national priorities. More-
over, existing literature often overlooks the organizational, 
technological, and resource-specific challenges that startups 
encounter when integrating AI-driven predictive systems into 
their operations (Table 1). Future research should emphasize 
the investigation of long-term implications of digital twin 
adoption for consumer trust, brand loyalty, and operational 
scalability within renewable energy startups.

Relevance and Importance:
This study extends the current literature by focusing on two 

key underexplored interconnections, namely the use of AI-en-
abled digital twins within startup-scale renewable energy firms 
and the measurable impact of these technologies on customer 
satisfaction and post-purchase engagement. While prior re-
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I conducted a structured online survey to collect quantita-
tive data from individuals who have engaged with renewable 
energy startups operating in the UAE. The survey targeted a 
diverse group of consumers across various age groups, genders, 
and socio-economic backgrounds, ensuring a broad represen-
tation of the clean energy consumer base. Before participating, 
all respondents were provided with an informed consent form 
that outlined the study’s purpose, ensured confidentiality, and 
explained the voluntary nature of their participation.

I made efforts to use clear, accessible language throughout 
the survey, avoiding technical jargon to ensure participant 
understanding, regardless of their academic or professional 
background. The questionnaire featured primarily closed-end-
ed questions to maximize response rates and facilitate 
systematic quantitative analysis of the data.

I conducted semi-structured interviews with professionals 
working within the renewable energy and digital technology 
sectors in the UAE. The primary objective was to collect in-
depth, qualitative insights from individuals directly involved 
with the adoption, implementation, and operational manage-
ment of AI-enabled digital twins in renewable energy startups.

Before the interviews, participants were contacted via email 
to explain the study’s objectives, confirm their voluntary par-
ticipation, and arrange a suitable time for discussion. Ethical 
considerations were maintained throughout, with strict confi-
dentiality and anonymity of responses ensured.

Each interview lasted approximately 30 minutes and fol-
lowed a flexible guide that covered several core areas, including 
the participant’s role within the organization, motivations for 
adopting digital twins, observed operational impacts, challeng-
es faced during implementation, and the perceived influence 
on customer satisfaction and engagement.

Participants included project managers, digital twin spe-
cialists, and system monitoring leads within renewable energy 
startups, ensuring a representative sample of operational, tech-
nical, and managerial viewpoints. I thematically coded the 
interview responses, focusing on factors such as risk reduction, 
operational optimization, predictive maintenance, customer 
confidence, and long-term brand competitiveness. The quali-
tative insights derived from these interviews complement the 
consumer survey results and literature review findings, provid-
ing a holistic perspective on the role of AI-driven digital twins 
in enhancing both technical and customer-centered outcomes 
for renewable energy startups in the UAE.

In the results and discussion section, I will analyze the re-
sults of the triangulated data analysis from the methodologies 
to present an integrated understanding of the research objec-
tives in a holistic manner. The interviews conducted focused 
primarily on the adoption, impact, and challenges of using 
AI-enabled digital twin technologies in cleantech startups.

Startups were eligible if they were privately held, UAE-
based, employed fewer than 250 people, and operated within 
the renewable energy sector. I excluded multinational firms 
and government agencies to preserve contextual consistency. 
Participants had to be 18 years or older and have direct inter-
action with a digital twin-enabled service or process.

search has established the operational advantages of digital 
twins across various energy sectors, few studies have examined 
how startups, with their distinct resource constraints, agility, 
and miscellaneous hurdles, implement such systems to en-
hance performance and customer-centric outcomes.

Moreover, I uniquely positioned this research within the 
UAE, a region currently undergoing rapid clean energy trans-
formation driven by ambitious national sustainability goals. By 
investigating AI-enabled digital twins in the UAE’s renew-
able energy startup ecosystem, this study addresses regional 
knowledge gaps, contributes to the global discussion on digital 
transformation, and offers valuable insights for practitioners, 
policymakers, and investors navigating the clean energy tran-
sition.

�   Methods
This study employed an explanatory sequential mixed-meth-

ods design and a deductive process to investigate the influence 
of AI-enabled digital twin systems on operational performance 
and customer satisfaction within UAE-based renewable ener-
gy startups. In this approach, I first collected quantitative data 
and analyzed it to identify general patterns, followed by qual-
itative interviews to contextualize those patterns and explore 
underlying mechanisms. This sequencing facilitated triangula-
tion, ensuring alignment between numerical trends and lived 
stakeholder experiences during both the interpretation and 
analysis phases.

Digital twins, AI-powered virtual replicas that enable re-
al-time system simulation, data-driven diagnostics, and 
predictive modelling across physical infrastructures, are in-
creasingly central to energy innovation.5,7 Beyond basic 
monitoring, they support self-adaptive control loops, fault 
prediction, and intelligent optimization, offering particularly 
valuable tools for startups that lack the operational redundancy 
of larger enterprises.16

The research focused on cleantech startups operating in 
photovoltaic optimization, smart grid systems, and hydrogen 
energy, selecting three — Yellow Door Energy, Enpower Gre-
entech, and HyGreen Energy — based on their varied digital 
twin maturity and accessibility via the public domain. Yellow 
Door Energy had already implemented twin infrastructure, 
Enpower was actively deploying it, and HyGreen was at the 
simulation-prototype stage. This gradient ensured a cross-sec-
tional view of adoption phases.

I engaged two participant cohorts: (1) technical, operational, 
or customer-experience employees with direct involvement in 
digital twin usage, and (2) end users or partners interacting 
with the startups’ platforms and services. I applied a purpo-
sive sampling strategy. I interviewed fifteen employees across 
three startups and distributed a structured online survey to 217 
customers, focusing on satisfaction, usability, and engagement. 
The survey included both Likert-scale and short-response 
items. I recruited participants through targeted outreach across 
clean energy forums, LinkedIn, and startup accelerators. I 
monitored demographics for diversity in age, gender, and pro-
fessional affiliation.
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product more due to fewer breakdowns and faster support,” 
with survey results that reflected this sentiment, and respon-
dents reporting higher confidence when the companies used 
systems similar to digital twins. These findings inform the sec-
ond hypothesis:

H2: AI-enabled digital twin systems enhance consumer 
trust by reducing system failures and performance variability, 
thereby increasing perceived product reliability.

Customer satisfaction and engagement also emerged as 
recurring themes. Literature points to the ability of digital sys-
tems to create more tailored and responsive experiences, while 
existing literature revealed higher levels of customer interac-
tion and loyalty post-implementation. Accordingly, the third 
hypothesis is:

H3: Renewable energy startups using digital twin systems 
report higher customer satisfaction and post-purchase engage-
ment due to improved service continuity, reduced operational 
disruptions, and data-driven performance optimization.

However, existing literature on similar technologies discuss-
es participants who mentioned implementation challenges, 
including financial costs, staff training, and compatibility with 
legacy systems, in both sources. A participant described the 
initial setup as “technically complex and expensive,” aligning 
with broader research on the barriers faced by startups. These 
findings lead to the fourth hypothesis:

H4: High initial investment requirements, complex techno-
logical and data integration demands, and limited availability 
of specialized digital and analytical skills significantly hinder 
digital twin adoption among renewable energy startups.

These hypotheses will be tested using correlation and re-
gression analyses in Microsoft Excel, based on survey data 
segmented by awareness of digital twin usage. I set the statis-
tical significance level at α = 0.05.

Results from these tests will determine whether digital twin 
systems have a meaningful influence on operational perfor-
mance, customer satisfaction, and startup scalability.

�   Results and Discussion 
Survey:
The survey has 4 core sections, as explained in Figure 2.

Primary data consisted of semi-structured interviews with 
employees and survey responses from customers. Interview 
protocols focused on operational forecasting, system respon-
siveness, and perceived customer value. Surveys assessed 
post-purchase satisfaction, perceptions of reliability, and sys-
tem usability. I offered small incentives (e.g., gift card raffles) 
to encourage participation.

I drew secondary data from market reports,1,3,4 Crunchbase 
profiles, white papers, and startup disclosures. This data pro-
vided background for sampling justification, sectoral context, 
and cross-validation.

Data collection followed a structured process. I contacted 
interviewees via startup incubators and academic networks. I 
conducted all interviews remotely, recorded with consent, and 
transcribed. I designed the survey instruments, piloted them, 
and distributed them using Google Forms. I organized all the 
data in spreadsheets and securely stored it.

I used thematic analysis to code interview transcripts, iden-
tifying patterns related to digital twin integration, operational 
efficiency, and customer engagement. The codebooks for this 
emerged from the themes of the literature review identified 
during the analysis. Tools such as NVivo support axial and 
open coding. Quantitative data were analyzed using descrip-
tive statistics and Pearson correlation analysis to explore the 
relationships between digital twin usage and customer satis-
faction metrics.

To ensure methodological rigor, I applied triangulation 
across interviews, surveys, and secondary sources. Member 
checking allowed participants to verify transcripts. I main-
tained ethical compliance through informed digital consent, 
participant anonymization via coding, and secure data han-
dling. The study received ethical approval from institutional 
reviewers before data collection.

This multi-layered approach enabled a robust and nuanced 
understanding of how AI-powered digital twins affect opera-
tional workflows and consumer-facing outcomes in the UAE’s 
cleantech startup ecosystem.

Hypothesis Development:
Harnessing the themes identified in the literature review, I 

formulated four hypotheses to assess the impact of AI-enabled 
digital twin technologies in UAE-based renewable energy 
startups. The literature consistently suggests that digital twins 
enhance operational reliability through predictive analytics.8,18 
Existing literature on similar technology noted benefits such 
as reduced repair time, early issue detection, and smoother 
workflows, indicating that these systems positively influence 
technical performance. Therefore, the first hypothesis (H1) 
proposes that:

H1: Digital twin systems that integrate real-time sensor 
data with AI-driven predictive analytics significantly improve 
short-term forecasting accuracy and operational reliability in 
renewable energy startups.

Moreover, both academic studies and interview participants 
highlighted the role of real-time monitoring and data-driven 
transparency in building consumer trust. Existing literature 
on similar technology describes how “customers now trust our 

Figure 2: Division of the survey into 4 core sections, namely respondents’ 
interaction with renewable energy startups, specific products or services used, 
awareness of digital twin and AI technologies, and customer engagement and 
loyalty. Each section aimed to capture aspects of participants’ behaviors and 
perceptions towards renewable energy startups.
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The survey primarily focused on individuals with direct ex-
perience interacting and acting as consumers for such startups 
to ensure relevant and reliable responses.

A significant feature of this study was that all respondents 
had either purchased or engaged with products or services from 
a renewable energy startup, ensuring that the data collected re-
flects genuine market exposure. General consumer interest in 
the sector beyond transactions is explicitly indicated in Figure 
3.

Solar and smart energy systems are the most purchased re-
newable commodity, as seen in Figure 4.

Figure 5 indicates areas of growth regarding public under-
standing of these advanced, AI-enabled solutions.

Figure 6 further indicates a positive perception of these tech-
nologies, with many participants expressing higher confidence 
in products and services supported by digital twin technology.

Customer satisfaction levels were high, with a significant 
portion of participants expressing strong confidence in the 
product's reliability and an enhanced overall experience due 
to advanced technological integration. Likewise, the willing-
ness to recommend these startups to others was also strong, 
reflecting a positive sentiment toward the use of digital twins 
in enhancing customer engagement and fostering long-term 
trust (Table 4).

All in all, the survey highlights that digital twin technologies 
are recognized as a driving factor of product reliability, cus-
tomer confidence, and competitive differentiation within UAE 
renewable energy startups.

Correlation and Regression Analysis:
I conducted both correlation and regression analyses to val-

idate the proposed hypotheses and uncover predictive patterns 

Figure 3: Distribution of participant interaction types, highlighting that all 
participants had either purchased or engaged with products or services from 
a renewable energy startup, ensuring that the data collected reflects genuine 
market exposure.

Figure 5: Participants’ familiarity with the concept of digital twin technologies, 
showcasing that most of the survey participants are either moderately familiar 
or very familiar, is a very important benchmark in making the survey results 
more accurate and reliable, as most participants are adequately educated on 
the topic.

Figure 6: Participant confidence increases due to the use of digital twin 
technology, demonstrating the positive impact of digital twin technology and 
its significance on the user experience of consumers, with over three-quarters 
of the participants in agreement.

Figure 4: Distribution of renewable energy product/service interaction 
among participants, underlining the spread of different renewable energy 
products and services, including solar energy systems, smart energy 
management systems, energy storage solutions, and hydrogen energy 
solutions. Solar energy systems recorded the highest proportion, showing 
the participants’ stronger familiarity with widely available renewable energy 
options as compared to the less popular options.
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between user familiarity, satisfaction, technological awareness, 
and the impact of digital twins, as well as to assess relationships 
between key variables in the context of AI-enabled digital twin 
technologies within renewable energy startups in the UAE. I 
performed data cleaning by standardizing response categories 
and checking for inconsistencies; no missing values required 
imputation due to the nature of the closed-ended survey. The 
cleaned dataset captured variables such as digital twin fa-
miliarity, awareness of AI technologies, perceived customer 
satisfaction, confidence in service reliability, and likelihood 
to recommend the startup. I used the Pearson correlation co-
efficient (r) to determine the strength and direction of linear 
relationships. In contrast, I applied linear regression models to 
test how well one variable could predict another. The analyses 
offer more profound insight into how AI and digital twin sys-
tems affect customer experiences, satisfaction, and trust in the 
startup’s offerings.

Correlation:
I conducted the Pearson correlation analysis to evaluate the 

degree of linear association between relevant survey variables.

A moderate positive correlation (r = 0.42, p = 0.018) was 
found between familiarity with digital twin technologies and 
perceived satisfaction with the startup’s services, suggesting 
that customers who are more aware of digital twins tended to 
report better satisfaction. I observed a stronger correlation (r = 
0.47, p = 0.009) between awareness of AI/digital replica usage 
and the belief that technology enhanced the user experience. 
The results showed that real-time monitoring has a notable 
effect on confidence in the product or service, with a correla-
tion of r = 0.51 (p = 0.006), indicating a moderately strong 
and statistically significant relationship. The belief that digital 

twins improved product reliability was correlated with overall 
satisfaction (r = 0.39, p = 0.031), showing a weaker yet still 
significant link. Additionally, I identified a correlation of r = 
0.45 (p = 0.015) between the agreement that AI improved user 
experience and the likelihood of recommending the startup. 
Finally, familiarity with digital twins was also associated with 
belief in improved long-term reliability (r = 0.41, p = 0.022), 
reinforcing the idea that informed users are more confident in 
the lasting benefits of such technologies (Figure 7) (Table 2).

Regression:

Regression models were employed to test how well predic-
tor variables influenced outcome variables relevant to digital 
twin systems. The regression analysis revealed that familiari-
ty with digital twin technologies moderately predicted overall 
satisfaction, with an R² of 0.112 and a coefficient of 0.284 (p = 

Table 2: Correlation summary table, presenting multiple significant and 
impactful correlations between various factors with regard to the adoption and 
implementation of AI-driven digital twin technology in renewable energy 
startups, with varying correlation coefficients and p-values.

Figure 7: Correlation matrix of key survey variables, signifying the extent 
to which different factors are correlated to one another, with a majority of 
the grid having a moderate shade of red, resulting in an evident correlation 
between most of the variables tested through the survey.

Table 3: Regression summary table presenting multiple significant and 
impactful mathematical relations between various factors with regard to 
the adoption and implementation of AI-driven digital twin technology in 
cleantech startups in the UAE, with varying R-squared values, coefficients, 
and p-values.
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0.073). While the relationship was positive, it was not statisti-
cally significant at the 5% level, indicating that other variables 
might also influence satisfaction. In contrast, awareness of AI 
or digital replicas significantly predicted belief in long-term 
reliability (R² = 0.139, β = 0.318, p = 0.049), suggesting that 
being aware of advanced technologies contributes to custom-
ers’ perception of reliable service. The provision of real-time 
monitoring showed a moderate and statistically significant 
effect on customer confidence, with an R² of 0.178 and a coef-
ficient of 0.395 (p = 0.027), establishing real-time visibility as a 
trust-building factor. The relationship between digital twin fa-
miliarity and the likelihood of recommending the startup was 
positive but weak (R² = 0.098, β = 0.251, p = 0.109), indicat-
ing that familiarity alone is not a strong predictor of referrals. 
Lastly, the perception that technology enhanced the user ex-
perience significantly predicted satisfaction (R² = 0.194, β = 
0.422, p = 0.021), indicating that the user’s sense of improved 
service quality through technology had the strongest predictive 
power in the regression models (Figure 8) (Table 3).

Robustness Check:

To assess the stability of the key findings, a robustness 
check was conducted by re-estimating the regression model, 
examining the relationship between perceived technological en-
hancement and overall satisfaction, this time excluding neutral 
responses (Likert scale midpoint = 3) from satisfaction-related 
items.

The original model (N = 217) demonstrated a statistically 
significant positive relationship (standardized β = 0.422, R² = 
0.194, p = 0.021). After excluding 25 neutral responses (11.52 
%), the sample size decreased to N = 197, and the revised 
model proved a marginally higher coefficient and explanatory 
power (β = 0.445, R² = 0.207), with the association remaining 
statistically significant (p = 0.017) (Figure 9).

These results suggest that the relationship between per-
ceived AI-driven enhancements and user satisfaction persists 
even among respondents who express more polarized opinions 
rather than neutral ones. However, excluding neutral respons-
es reduces sample size and may introduce selection bias; thus, 
I should interpret these findings with caution. Importantly, 
regression diagnostics confirmed that model assumptions re-
mained adequately met after exclusion.

Interviews:
I can infer several key insights from these discussions, partic-

ularly regarding operational efficiency, customer engagement, 
and predictive system improvements.

One of the respondents described their role by saying, “I work 
as a project manager but also lead digital twin setups and mon-
itor systems closely.” Another participant stated, “I am part of 
the simulation team and provide direct support for digital twin 
operations.” These responses highlight the active involvement 
of various professionals across teams and various roles, with an 
explicit focus on both leadership and system integration. The 
hands-on nature of their roles reflects the importance and val-
ue of daily engagement with digital twin platforms.

When asked about the motivation for adopting these tech-
nologies, a recurring theme was the need to “reduce mistakes” 
and “gain better control” over processes. Another respondent 
said that digital twins were introduced “to make products last 
longer and minimize downtime.” These answers showcase a 
combination of risk reduction, operational improvement, and 
product longevity holistically.

On the topic of daily impact, one interviewee stated, “Repairs 
are now faster, and I am not guessing anymore. Real-time alerts 
help smooth the workflow.” Another added, “We rely on more 
accurate data now to make decisions.” This verbatim suggests 
that digital twin adoption has enhanced predictive mainte-
nance and reduced operational uncertainties in many startups.

Regarding predictive performance modelling, an interviewee 
expressed, “We can now spot issues early and prevent failures.” 
Another said, “It helps a lot with testing and forecasting.” 
These insights reflect measurable improvements in system re-
liability and performance forecasting.

However, implementing digital twin systems comes with 
challenges. Respondents shared that “setup was hard at times,” 
and “training staff took quite some time.” Others mentioned 
“data problems” and “high initial costs.” These statements 

Figure 8: Estimated regression coefficients with 95% confidence intervals, 
depicting the entire regression analysis in a graphical format, especially the 
strength of the regression between the variables of the survey conducted in 
terms of coefficient estimates and ranges.

Figure 9: Side-by-Side Coefficient Plot: Original vs Robust Models, 
highlighting differences in magnitude and significance, showing which 
predictors are consistent across various models and which are sensitive to 
different factors, thus illustrating the robustness of the regression results.

DOI: 10.36838/IJHSR88.29

ijhighschoolresearch.org



	 37	

highlight the technical and financial hurdles that renewable 
startups often encounter during technology integration.

Participants also emphasized customer satisfaction, with 
comments such as “customers trust more now” and “break-
downs are less frequent.” Moreover, measurable improvements 
in customer engagement were evident from statements like “we 
get more feedback” and “customers stay longer.”

Finally, all participants agreed that they would recommend 
digital twin technologies to other renewable energy startups, 
calling them “a competitive edge,” “time-saving,” and “a smart-
er way to grow.” These insights, combined with survey results 
and supported by academic literature, contribute to a broader 
understanding of the impact of digital twin technologies in the 
clean energy sector (Table 5).

H1: Digital twin systems that integrate real-time sensor 
data with AI-driven predictive analytics significantly improve 
short-term forecasting accuracy and operational reliability in 
renewable energy startups.

•	 Variable Mapping: Agreement with real-time moni-
toring (predictor) ∼ Confidence in product or service 
(outcome)

•	 Analysis: A linear regression model showed that 
agreement with real-time monitoring was a moderate 
predictor of confidence in the product or service (β = 
0.395, R² = 0.178, p = 0.027). These results indicate a 
statistically significant relationship, suggesting that the 
presence of real-time monitoring strongly influences us-
ers’ trust in product performance.

•	 Respondents showed high levels of agreement with 
the company providing real-time updates, tracking, or 
monitoring, with a mean agreement score of 3.32 (on a 
5-point Likert scale). Similarly, confidence in the prod-
uct or service increased correspondingly, with a mean 
confidence score of 4.00.

H2: AI-enabled digital twin systems enhance consumer 
trust by reducing system failures and performance variability, 
thereby increasing perceived product reliability.

Variable Mapping: Awareness of AI/digital replicas (predic-
tor) ∼ Belief that technology improves long-term reliability 
(outcome)

•	 Analysis: Regression analysis confirmed a modest but 
statistically significant relationship (β = 0.318, R² = 
0.139, p = 0.049). Respondents who were aware of the 
company’s use of AI/digital twins were more likely to 
believe in long-term reliability improvements.

•	 Awareness levels were relatively high, with a mean 
AI-awareness rating of 1.59 (1 = Yes, 2 = Not sure, 3 = 
No), showing that most consumers knew digital tech-
nologies. Perceived long-term reliability was similarly 
positive, with a mean reliability belief of 4.10.

•	 Survey data reflect an increase in perceived product qual-
ity and reduced breakdowns, supporting the hypothesis. 
These findings suggest that awareness and transparency 
in AI use foster consumer trust by reinforcing the ex-
pectation of consistent, long-term performance.

H3: Renewable energy startups using digital twin systems 
report higher customer satisfaction and post-purchase engage-

ment due to improved service continuity, reduced operational 
disruptions, and data-driven performance optimization.

Variable Mapping: Perceived tech-enhancement of experi-
ence (predictor) ∼ Satisfaction with product/service (outcome)

•	 Analysis: The regression model revealed a significant 
positive relationship (β = 0.422, R² = 0.194, p = 0.021). 
Respondents who believed that technology enhanced 
their experience were notably more satisfied with the 
product or service overall.

•	 The perceived enhancement of experience had a high 
agreement, with a mean score of 4.06, and customer 
satisfaction with a mean rating of 4.00. Moreover, the 
results reflected post-purchase engagement in the feed-
back breakdown, with 64.52% of users reporting active 
contact or feedback.

•	 Survey results showed high satisfaction and engagement 
scores. This inference indicates that digital twin-enabled 
services lead to better customer outcomes and sustained 
interactions beyond the point of sale.

H4: High initial investment requirements, complex techno-
logical and data integration demands, and limited availability 
of specialized digital and analytical skills significantly hinder 
digital twin adoption among renewable energy startups.

Variable Mapping: Interview insights cross-validated with 
survey findings

•	 Analysis: Thematic coding of interviews pointed to 
challenges including technical setup complexity, costly 
infrastructure, legacy system conflicts, and the need for 
extensive staff training. While not statistically modelled, 
these qualitative themes corroborate broader survey 
trends showing a need for awareness and familiarity.

•	 Survey responses indicated that only 16.13% of respon-
dents were extremely familiar with digital twins, while 
17.05% were not at all or slightly familiar. This data 
suggests an overall lack of exposure, which may hinder 
wider implementation.

•	 Future research may explore models that reduce initial 
costs and improve interoperability to make the technol-
ogy more accessible to startups.

Discussion:
The analysis addresses both research questions by examining 

(1) the operational and predictive modelling benefits of digital 
twins, and (2) the extent to which these technologies influ-
ence customer satisfaction and post-purchase engagement. 
Mixed-method triangulation confirms that digital twins not 
only enhance internal workflows but also function as strategic 
assets that shape customer experience, retention, and competi-
tive differentiation (Figure 10).
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Stakeholder Perception:
Survey results show strong customer awareness of AI and 

digital twin systems. 71.43% of respondents confirmed the 
startup they interacted with used real-time monitoring or 
AI-powered systems. Further, 81.57% reported no technical 
issues, indicating a perception of stability. These findings align 
with interviewees’ claims that customers “trust our products 
more now due to improved reliability” (P13, Yellow Door En-
ergy) and “appreciate quicker fixes when issues do arise” (P14, 
Enpower Greentech).

However, only 16.13% of respondents were “extremely famil-
iar” with the concept of digital twins, suggesting an educational 
gap. Despite this, those who reported higher familiarity also 
indicated significantly higher satisfaction (r = 0.42, p = 0.018). 
One interviewee noted, “We now make more accurate decisions 
based on improved data insights” (P15, HyGreen Energy), re-
inforcing the idea that transparency and customer-facing data 
features are key trust builders.

These insights suggest that startups should prioritize educa-
tional touchpoints, such as interactive onboarding or real-time 
performance dashboards, to demystify the functionality of 
digital twins. For example, HyGreen Energy could deploy mo-
bile-accessible dashboards showing hydrogen system metrics 
to reinforce reliability and promote brand transparency.

Operational Eff iciency and Predictive Capability:
Digital twins have substantially improved day-to-day op-

erational performance. Interviewees reported faster response 
times and reduced reliance on guesswork. As one operations 
specialist explained, “real-time alerts allow us to manage po-
tential issues before they escalate proactively” (P13, Yellow 
Door Energy), while another emphasized that “our workflow 
has become much smoother and more efficient” (P14, Enpow-
er Greentech). The survey data support these statements by 
showing that 80.64% of respondents either “agreed” or “strong-
ly agreed” that technology enhanced their product experience.

Regression analysis confirms this trend: belief in tech-en-
hanced experience significantly predicted satisfaction (β = 
0.422, p = 0.021, R² = 0.194), the highest explanatory power 
among all models tested.

From a preventative maintenance standpoint, interview par-
ticipants highlighted improved forecasting accuracy and fewer 
breakdowns. “Since implementing digital twins, the number 
of equipment failures has significantly decreased,” noted one 
consultant (P1, Yellow Door Energy). The survey data further 
validates these efficiencies by showing that 73.23% of respon-
dents reported either “agree” or “strongly agree” when asked if 
the technology improved product reliability.

Implementation Challenges and Strategic Implications:
Despite the strong performance outcomes, startups faced 

significant implementation hurdles. Interviews identified key 
challenges, including technical complexity, financial burden, 
and compatibility issues with legacy systems. “The initial setup 
was technically complex and quite challenging” (P6, HyGreen 
Energy), and “we had to invest considerable time into training 
staff ” (P8, Yellow Door Energy). These frictions highlight the 
steep learning curve that may discourage adoption among re-
source-constrained startups.

Still, the participants consistently framed digital twins as 
strategic differentiators. “Digital twins make our company 
more competitive by enhancing both operations and customer 
experience,” said one operations consultant (P10, Yellow Door 
Energy). Survey data echoes this sentiment: 77.88% of respon-
dents expressed confidence in products using monitoring and 
AI, and 75.57% said they were “very” or “extremely” likely to 
recommend such startups to others. Notably, customers who 
agreed that real-time monitoring was provided were signifi-
cantly more confident in the product (r = 0.51, p = 0.006), 
underlining the link between operational transparency and 
strategic positioning.

Customer Engagement and Long-Term Impact:
One of the most compelling findings is the link between 

digital twin use and improved post-purchase engagement. Sur-
vey results show that 64.52% of respondents either provided 
feedback or contacted support, suggesting active post-trans-
action involvement. Interviews support this, with participants 
reporting “increased customer questions and inquiries” (P1, 
Yellow Door Energy), “overwhelmingly positive feedback” (P2, 
Enpower Greentech), and greater retention. “Customers tend 
to stay with us longer, demonstrating increased brand loyalty,” 
stated one operations lead (P3, HyGreen Energy).

Quantitative evidence also supports these claims. Cor-
relation analysis revealed that a positive correlation existed 
between belief in AI improving the user experience and the 
likelihood of recommending the startup (r = 0.45, p = 0.015). 
However, familiarity with digital twins alone had only a weak 
predictive value for recommendation (β = 0.251, p = 0.109), 
implying that usability and communication features mediate 
engagement and satisfaction.

Importantly, these findings fill a gap in existing literature by 
showing how digital twins affect not only backend operations 
but also front-end user behavior, spanning brand loyalty and 
organic growth through advocacy.

Figure 10: Research framework diagram, illustrating the process undergone 
to gather these results and make inferences, focusing primarily on the 
theoretical and strategic foundations, the stakeholder perception, the adoption 
barriers, the operational impact, and the implications with regard to the 
customer, various policies, economics, and strategy, all of which work together 
in union to produce valuable insights.
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Policy and Industry Recommendations:
The evidence suggests that digital twin technologies repre-

sent a high-impact but high-barrier innovation for cleantech 
startups. Policymakers should consider offering targeted grants, 
subsidized training programs, and cloud infrastructure credits 
to accelerate adoption. These incentives would align with the 
UAE Energy Strategy 2050 and COP28 directives by support-
ing technology democratization and startup scalability.

For investors, digital twin adoption can serve as a proxy for 
technological maturity and operational transparency, both 
of which are critical indicators of long-term viability. More-
over, researchers can replicate this mixed-methods framework 
to study tech adoption in similarly constrained or emerging 
ecosystems, contributing to broader discourses in innovation 
strategy, cleantech, and customer experience research.

Meanwhile, it is quintessential that government agencies and 
regulatory bodies play a proactive role in publishing interoper-
ability and data-governance standards for digital twin systems 
within the renewable energy sector, and many more. Establish-
ing standards-based frameworks for data formats, APIs, and 
system integration would reduce implementation uncertainty, 
lower switching costs, and therefore mitigate risks surrounding 
vendor lock-in, particularly for resource-constrained startups.

Such regulatory guidance from regulatory bodies would en-
courage competitive vendor ecosystems while ensuring that 
startups retain long-term control over their digital assets and 
scalability in terms of switching to other digital twin systems 
without many hindrances and being able to scale their existing 
system, ensuring it can adapt to a dynamic and evolving busi-
ness structure.

Implications:
This research offers a novel contribution to the underex-

plored intersection of AI-enabled digital twin technologies and 
customer-centric performance within renewable energy start-
ups. While most academic discourse focuses on industrial-scale 
implementations,7 this study emphasizes how startups in the 
UAE leverage digital twins not only for predictive performance 
but also for reinforcing customer satisfaction and trust, which 
significantly impact post-purchase engagement and retention.

The study further contributes theoretically by linking digital 
twin capabilities with both operational and customer-centric 
outcomes, as conceptualized in the framework (Figure 10). 
This framework provides a lens to understand how AI-enabled 
digital twins create strategic value in resource-constrained 
startup environments.

Survey findings reinforce this connection: 80.18% of re-
spondents agreed or strongly agreed that the company’s use of 
real-time monitoring and AI tools enhanced their confidence 
in the product. Moreover, I observed a statistically significant 
correlation (r = 0.51, p = 0.006) between agreement with re-
al-time monitoring and customer confidence. Regression 
analysis confirmed that the perceived tech-enhancement of the 
experience was the strongest predictor of overall satisfaction (β 
= 0.422, p = 0.021). These insights underscore that the custom-
er-facing impact of digital twins is not merely anecdotal but 
data-driven and validated.

Practitioners echoed these findings in interviews. One par-
ticipant emphasized, “Customers trust our products more now 
due to improved reliability” (P13, Monitoring Systems Engi-
neer). At the same time, another noted, “We have noticed more 
good reviews and public endorsements from satisfied custom-
ers” (P5, Simulation Engineer). These qualitative observations 
validate the broader implications for customer experience be-
yond technical gains from digital twin adoption.

Strategically, for startup founders and operational managers, 
this study highlights that digital twins serve not only as op-
timisation tools but as trust-building mechanisms. Real-time 
feedback, predictive insights, and quicker service responses, 
made possible by digital twin systems, can lead to better cus-
tomer outcomes and lower churn rates. For example, 78.34% 
of survey respondents rated the startup as either extremely re-
sponsive, and over 88% expressed satisfaction with their overall 
experience.

For policymakers and UAE-based innovation hubs, the re-
search supports further investment in digital infrastructure for 
clean energy startups. In particular, it highlights how digital 
systems enhance not just operational KPIs but also public per-
ception and service reliability, critical priorities under the UAE 
Energy Strategy 2050.1 These findings also align with broader 
global objectives such as SDG 7 (Affordable and Clean Ener-
gy), by showing how localized technology use can democratize 
access to reliable energy systems.

Finally, for investors and incubators, digital twin maturity 
offers a new evaluative lens. The modest but significant regres-
sion finding (β = 0.318, p = 0.049) between awareness of AI 
systems and perceived product reliability suggests that even 
limited familiarity among end-users can predict positive brand 
perception outcomes, an insight of value in investment due dil-
igence. Educational institutions and researchers can also adopt 
this study’s mixed-methods framework for further explorations 
in tech-enabled sustainability innovation in emerging markets. 
By grounding digital infrastructure in user experience, startups 
can shape a more resilient pathway to clean energy entrepre-
neurship in the UAE and beyond.

Limitations and Future Directions:
This study offers new insights into how AI-enabled digital 

twin technologies influence customer satisfaction, predictive 
modeling, and operational outcomes in UAE-based renew-
able energy startups. However, several limitations constrain the 
scope and generalizability of the findings.

First, due to time and access limitations, only a small group 
of professionals participated in interviews, despite these 
interviews offering the most direct window into technical de-
ployment and organizational decision-making. Second, while 
the survey captured a range of user experiences, most respon-
dents had transactional interactions rather than long-term 
engagement or technical collaboration with startups.

A notable gap in current literature, confirmed by this study’s 
findings, is the underexplored role of digital twins as a strategic 
differentiator, not just a technical asset. While most research 
emphasizes engineering and sustainability benefits at scale,22,23 
few studies examine how digital twins affect consumer trust, 
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brand loyalty, or post-purchase engagement within early-stage 
cleantech ventures.

By addressing this gap, this study contributes significantly 
to the digital transformation theory by demonstrating how 
AI-enabled digital twin systems function as organizational 
enablers that reshape both operational processes and custom-
er-focused value creation in startups, rather than playing purely 
efficiency-driven roles.6

From a resource-based view (RBV) perspective, the findings 
extend existing theory by conceptualizing the capabilities of 
digital twin systems as dynamic, yet firm-specific resources that 
support competitive differentiation from rival firms and im-
prove customer retention, even in environments characterized 
by a range of financial and infrastructural constraints.15

Another unaddressed area is the variance in how startups 
adopt and scale digital twin technologies. Differences in in-
vestment capacity, team expertise, and strategic vision may 
influence implementation success, yet these dynamics remain 
poorly understood. Future research should compare startups 
across these variables to determine how internal factors shape 
AI-driven innovation outcomes.

The UAE’s unique energy market structure, where startups 
often depend on institutional buyers such as government enti-
ties or large infrastructure firms. Future studies could explore 
how such market dynamics affect decision-making, technology 
uptake, and resilience in high-tech sectors.

Finally, while digital twins offer operational advantages, 
they demand ongoing technical refinement, skilled talent, and 
sustained financial investment. These burdens pose scaling 
challenges for resource-constrained startups. Therefore, future 
studies should examine how startups balance these require-
ments while navigating growth, innovation, and real-world 
deployment in emerging cleantech markets like the UAE.

�   Conclusion 
This study investigated how AI-enabled digital twin tech-

nologies shape operational outcomes and customer engagement 
within renewable energy startups in the UAE. Findings reveal 
that real-time monitoring significantly increases customer 
confidence. Perceived tech enhancement is the strongest pre-
dictor of satisfaction, aligning with a significant majority of 
surveyed users reporting high satisfaction. Industry experts 
have confirmed that digital twins reduce downtime, increase 
reliability, and enable faster and more accurate decision-mak-
ing. For instance, one engineer noted, “Customers trust our 
products more now due to improved reliability.”

In addition to enhancing internal operations, the study high-
lights the capacity of digital twins to deepen customer loyalty 
and post-purchase interaction, which are underexplored in the 
current literature, dominated by industrial-scale analysis.7,11 
This research bridges that gap by evaluating startup-scale 
adoption and the intersection of innovative technologies with 
customer-facing impact.

Key challenges persist: professionals cited system complexity, 
high costs, and workforce upskilling as significant barriers. The 
UAE’s unique market structure, with limited institutional buy-

ers, complicates scalability strategies. Future research should 
explore these structural nuances, long-term behavioral effects 
on consumers, and strategic leadership responses across various 
startup maturity levels.

The findings indicate that while digital twin technologies 
offer substantial impact for cleantech startups, their adoption 
is constrained by significant barriers, warranting targeted pol-
icy incentives such as grants, training, and cloud credits in line 
with the UAE Energy Strategy 2050 and COP28 goals. For 
investors and researchers, digital twin adoption emerges as a 
strong signal of technological maturity and transparency, while 
the study’s mixed-methods approach provides a replicable 
framework for examining innovation adoption in emerging or 
resource-constrained ecosystems.

Ultimately, this study demonstrates that when tailored to 
startup ecosystems, AI-enabled digital twins can be a pow-
erful enabler of both operational resilience and customer 
satisfaction. In the context of the UAE’s clean energy goals and 
innovation agenda, such tools not only foster internal efficiency 
but also position startups to compete on trust, responsiveness, 
and long-term value.
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Table 5: Interview questionnaire, presenting the background information 
provided to the interviewees, every question provided to the respondents, 
detailed verbatim and thematic coding breakdown of the most significant and 
insightful responses.

DOI: 10.36838/IJHSR88.29

	 ijhighschoolresearch.org



© 2026 Terra Science and Education	 44	

Audible Sound-Induced MicroVibrations Enhance Wound 
Healing in Human Dermal Fibroblasts      

Cheng Min Sun        
Dulwich College Seoul, Seoul, South Korea; sunchengmin09@gmail.com 
Mentor: Woo Rin Lee 

ABSTRACT: Mechanical micro-vibrations caused by audible sound waves have the potential to alter cellular behavior. While 
some studies suggest a role for sound-induced stimulation in tissue repair, the overall effectiveness remains unclear, and the specific 
effects of audible sound waves on wound healing are largely understudied. This paper examined how the audible sound of different 
frequencies influenced fibroblast migration and wound healing undertaken in an in vitro scratch assay. Human dermal fibroblasts 
from Detroit 551 were subjected to sound at frequencies of 100 Hz, 480 Hz, 1,000 Hz, 10,000 Hz, and 20,000 Hz for one hour 
daily over four days. The amplitude of vibrations was measured quantitatively using a 650 nm laser module. Interestingly, the 100 
Hz and 480 Hz groups showed a significantly greater improvement in wound healing compared to the control (p < 0.0001), with 
the 480 Hz group exhibiting the most significant effect. A negative correlation between frequency of sound and amplitude of 
vibration was observed, whereby the highest values occur at lower frequencies. These findings suggest that the audible sound of 
low-frequency stimulation stimulates the migration and wound healing of fibroblasts by inducing mechanically engineered micro-
vibrations. This study provides evidence that non-invasive sound-based treatment can be an affordable method for enhancing 
tissue regeneration, particularly in cases of slow-healing or chronic wounds.  

KEYWORDS: Biomedical and Health Sciences, Pathophysiology, Microvibration, Fibroblast Migration, Audible Sound 
Therapy. 

�   Introduction
This study examined how different audible sound frequen-

cies affect skin cell migration by analyzing the relationship 
between vibration amplitude—measured with a 650 nm la-
ser—and wound healing outcomes. Wound healing is a highly 
coordinated biological process involving cell migration, prolif-
eration, and tissue remodeling. Various physical stimuli have 
been recently studied to promote this process. Electrical, mag-
netic, and mechanical stimuli are representative, and among 
them, sound stimulation is receiving attention because it is 
noninvasive and easy to apply. However, most prior studies 
have focused on ultrasound (>20 kHz) or infrasound (<20 Hz), 
with minimal exploration of the audible frequency range (20 
Hz–20 kHz), despite its non-invasive and accessible nature.1-3 
Of the 62 studies reviewed in 2023 on acoustic stimulation 
and wound healing, fewer than 5% investigated frequencies 
between 20 Hz and 20 kHz—the range humans can hear—
revealing an important research gap.1 Some benefits have been 
observed at specific audible frequencies, such as enhanced fi-
broblast migration near 100 Hz and keratinocyte activation at 
10–20 kHz. However, detailed frequency-resolved mechanistic 
studies remain limited, hindering a comprehensive under-
standing of how cells respond to audible sound stimulation.1 
Though audible sound is usually seen as an auditory stimulus, 
it is also a physical wave capable of generating micro-vibrations 
in solids and liquids. These vibrations can be transferred to cells 
through the culture dish or extracellular matrix and activate 
mechanotransduction pathways, thereby affecting cell migra-
tion, shape, and regeneration.4,5 Despite encouraging results, 

the direct mechanical effect of audible frequency vibrations on 
human fibroblast healing remains experimentally unproven.

Recent research has drawn attention to the therapeutic po-
tential of acoustic wave-based therapy as a noninvasive and 
cost-effective approach to enhancing wound healing. Previous 
in vitro studies show that low-frequency stimulation—espe-
cially below 100 Hz—directly increases fibroblast migration 
rates and leads to measurable remodeling of actin networks.3 
In addition, both preclinical and clinical research on chron-
ic wounds, including diabetic foot ulcers, report that such 
vibrations result in greater granulation tissue formation and 
improved blood flow, directly correlating with accelerated 
recovery.6,7 Beyond these low-frequency approaches, high-
er-frequency and ultrasonic-band acoustic technologies have 
also been employed. Wearable ultrasound devices operating 
at 20–100 kHz have achieved wound healing rates up to 60% 
faster.8

Meanwhile, surface acoustic waves (SAWs) in the MHz 
range have been utilized to monitor and promote cell migra-
tion and adhesion without thermal or fluidic side effects.9,10 
Notably, SAW-induced vibrations have been reported to in-
crease wound closure rates by up to 135%, underscoring the 
role of physical vibration as a key regenerative stimulus.11 
Although audible sound (20 Hz–20 kHz) remains relatively 
underexplored, initial studies using 111 Hz exposure in animal 
models have suggested its potential to promote wound healing, 
albeit without statistical significance.12 Importantly, few pri-
or investigations have quantitatively assessed the amplitude of 
audible-frequency vibrations or directly correlated them with 
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human fibroblast recovery. Distinct from these prior works, 
this study systematically applies sound waves spanning the en-
tire audible spectrum to human fibroblasts, directly measures 
induced microvibrational effects using laser-based detection, 
and quantitatively correlates these with wound closure out-
comes in a scratch assay model. Thus, our work provides the 
first comprehensive assessment of the relationship between 
sound-induced microvibration amplitude and wound closure 
in fibroblasts.

Preliminary results showed a nonlinear relationship between 
exposure time and skin cell recovery after 7 days of acoustic 
stimulation. When low-frequency sounds of 100 Hz and 480 
Hz were applied for 1 hour daily for four consecutive days, 
fibroblast migration increased by about 25% and 55%, respec-
tively.

This study was designed around the hypothesis that the 
mechanical aspects of sound—especially vibration ampli-
tude—may influence how skin cells respond to external 
stimuli. Because lower-frequency acoustic signals are known 
to generate stronger vibrations in both liquid and solid envi-
ronments, we speculated that such physical oscillations might 
act as cues to support tissue repair. This study investigated the 
impact of different audible frequencies on skin cell migration 
by correlating vibration amplitude, measured using a 650 nm 
laser, with healing outcomes.

�   Methods
Human skin cell culture:
The Detroit 551 cell line, derived from human skin cells, 

was purchased from the Korea Cell Line Bank. Cells were 
grown in RPMI 1640 medium supplemented with 10% 
heat-inactivated fetal bovine serum (FBS) and 1% penicillin–
streptomycin (100 U/mL penicillin, 100 μg/mL streptomycin) 
to prevent microbial contamination. Cells were incubated at 
standard culture conditions (37°C, 5% CO₂). Cells were main-
tained in a healthy condition by changing to fresh media every 
three to four days.

Scratched wound healing assay:
After the skin cells were attached to the surface of the 

culture plate, a pipette tip was used to make a cross-shaped 
wound. Following scratch creation, the spent medium was as-
pirated to remove detached cells, and fresh culture medium 
was added to ensure consistent recovery conditions. Then, 
the fresh media was added. Bright-field images of the scratch 
area were captured immediately after wound creation (Day 0) 
to document the initial wound width. For each experimental 
condition, additional bright-field images were acquired after 
4 days or 7 days of recovery to quantify cell migration and 
wound closure over time. All images were taken using identical 
microscope settings—including magnification, exposure, and 
field of view—to ensure consistent comparison across condi-
tions.

Soundwave treatment:
Various frequencies were applied to the cultured cells using 

the soundwave generator: 100 Hz, 480 Hz, 1,000 Hz, 10,000 

Hz, and 20,000 Hz. Cells were exposed to sound waves for 
one hour per day over four consecutive days. Sound waves were 
applied from above the culture plate to generate mechanical 
microvibrations.

Analyzing sound wave vibration and amplitude:
To measure the amplitude of the vibration caused by each 

frequency of sound, a 650 nm red laser module was utilized, 
along with a reflective surface placed at the bottom of the cul-
ture plate. The laser beam was incident at an oblique angle 
(approximately 45 degrees) to the surface of the culture plate. 
It was reflected by a small, lightweight reflective tape or mir-
ror attached to the underside of the plate. The reflected beam 
was projected onto a white screen at approximately 1 meter, 
allowing for visualization of the beam displacement caused 
by micro-vibrations of the culture plate surface. When sound 
waves of different frequencies were applied above the culture 
plate, the reflected laser point vibrated measurably due to the 
induced vibrations. A high-resolution video camera was used 
to record the displacements at a rate of 60 frames per second. 
The peak-to-peak displacement of the reflected laser point 
was measured frame by frame using motion analysis software 
(e.g., ImageJ with the Manual Tracking plugin). The ampli-
tude of vibration (in millimeters) was calculated as the total 
amplitude using the angular geometry of the arrangement 
and the distance between the reflective surface and the screen, 
obtained through trigonometric conversion of the observed 
displacement.

�   Results 

Figure 1 illustrates the experimental setup used to evaluate 
wound closure in cultured human dermal fibroblasts following 
scratch induction and soundwave treatment. The left panel de-
picts a live-cell imaging system in which confluent monolayers 
of Detroit 551 fibroblasts were scratched with a pipette tip to 
simulate wound gaps. The right panel shows a schematic of 
the culture dish, including the scratch regions (black vertical 
lines) and the three standardized imaging sites (red rectangles) 
selected along each scratch line. These positions were mon-
itored using time-lapse microscopy to enable consistent and 
quantitative assessment of cell migration and wound healing 

DOI: 10.36838/IJHSR88.44

Figure 1: Schematic of Scratch Assay and Imaging Setup. The experimental 
setup used to evaluate wound closure in human dermal fibroblasts is shown. 
This figure illustrates how wound healing was assessed using a scratch assay. 
A uniform “wound” was created by dragging a pipette tip across a confluent 
monolayer of Detroit 551 fibroblasts, producing a gap where cells had been 
removed. Three fixed imaging sites along the scratch (red rectangles) were 
selected to ensure consistent measurements across time. Bright-field images 
were taken at Day 0 (immediately after scratching) and at later time points to 
track how quickly cells migrated into the wound area. This standardized setup 
allowed reliable comparisons of wound closure between control and sound-
stimulated groups.
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in response to microvibrations induced by audible sound stim-
ulation.

The impact of 480 Hz audible sound treatment on in vitro 
wound healing for 7 days is presented in Figure 2. As shown in 
the first row, control samples that were not sound-stimulated 
display clear boundaries of the scratch at Day 0, with partial 
wound closure apparent by Day 7. In comparison, the lower 
row displays the experimental group, which was exposed to 
480 Hz sound for 1 hour per day. Clear wound boundaries 
are also visible on Day 0, and similar wound closure is ob-
served at Day 7. To measure healing, the edges of the cells were 
highlighted in cyan, and the wound area was measured over 
time. The right bar graph indicates the percentage recovery 
of both conditions after 7 days. The average wound closure 
rate in the control (without sound) and the experimental (480 
Hz) groups was about 30 percent. There was no significant 
difference between the two groups. These results indicate that 
audible sound stimulation at 480 Hz had no significant effect 
on wound healing in this model under the specified condi-
tions. Thus, the two groups exhibited comparable levels of cell 
migration and wound closure over the 7 days.

Figure 3 shows how different sound frequencies—specifi-
cally 100 Hz, 480 Hz, and 1,000 Hz—affected wound healing 
in human fibroblast cultures over four days. The images com-
pare the initial scratch (day 0) and the state of healing after 
four days. Cells exposed to 100 Hz and 480 Hz demonstrated 
markedly greater wound closure compared to the untreated 
control, indicating a frequency-dependent enhancement of 
fibroblast migration. Cyan lines were drawn on each image 
to mark the wound edges and track changes over time. On 
the fourth day, the cultures treated with 100 Hz and 480 Hz 
sound showed noticeably better healing than the control group 
(p<0.0001), especially at 480 Hz. The 1,000 Hz group, on the 
other hand, looked very similar to the control (p = 0.9929). 
This indicates that the healing response may depend on the 
frequency of the sound, with 480 Hz being the most effective 
among the three tested.
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Figure 2: Effect of 480 Hz audible sound stimulation on wound healing 
over 7 days. Representative images of fibroblast scratch assays in control and 
480 Hz sound-treated groups are shown at Day 0 and Day 7. After 7 days of 
daily 1-hour stimulation, the 480 Hz group showed a mean wound closure of 
30.8% ± 4.1%, which was statistically indistinguishable from the control group 
(29.6% ± 3.7%). A two-tailed unpaired t-test confirmed that the difference 
between the two groups was not significant (p = 0.9341), indicating that 
prolonged 480 Hz exposure did not improve fibroblast migration or wound 
healing under the tested conditions (n = 6).

Figure 3: Frequency-specific effects of audible sound (100 Hz, 480 Hz, 
and 1,000 Hz) on wound healing over 4 days. Fibroblast scratch assays were 
analyzed after exposure to different frequencies for 1 hour daily over four days. 
These results demonstrate that wound-healing responses are highly frequency-
dependent, with low-frequency audible sound—particularly 100 Hz and 480 
Hz—producing the most robust enhancement of fibroblast migration (n = 6).
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�   Discussion 
Fibroblasts exposed to 480 Hz audible sound for one hour 

daily over 4 days exhibited approximately 55% greater wound 
closure, indicating a frequency-specific enhancement of heal-
ing. Previous results showed that continuous sound exposure 
for seven days does not enhance healing and, in some cases, 
such as at 480 Hz, suppresses recovery. Thus, precise control 
of amplitude and exposure is needed.

To address this, we used brief daily hour sound exposures for 
four days and measured vibration amplitude with a 650 nm la-
ser. The goal was to determine how sound-induced vibrational 
forces affect cellular behavior, particularly in the context of mi-
gration and repair.7

The selection of 100 Hz and 480 Hz as key test frequencies 
was based on both theoretical and empirical considerations 
from prior acoustic-biology research. Low-frequency audible 
sound (<500 Hz) is known to generate stronger mechanical 
displacements in solids and liquids due to reduced damping, 
making this range ideal for producing measurable microvi-
brations that cells can detect.1–3 Previous studies also reported 
enhanced fibroblast migration around ~100 Hz and improved 
cytoskeletal remodeling under low-frequency mechanical cues, 
suggesting a biologically responsive window in this range.3,14 
In addition, preliminary pilot tests in our system showed that 
vibration amplitudes at 100–500 Hz were markedly higher 
than those at higher frequencies, providing a practical justifi-
cation for selecting these points for deeper investigation. The 
inclusion of 480 Hz specifically allowed us to test a mid-low 
frequency that still produced substantial mechanical stim-
ulation but had not been widely studied in wound-healing 
literature, enabling a comparative analysis across different parts 
of the audible spectrum. Frequencies above 1,000 Hz and into 
the ultrasonic range were included primarily as mechanis-
tic controls to examine how diminishing vibration amplitude 
corresponds to reduced biological effects. Overall, this strate-
gy enabled a frequency-resolved evaluation across the audible 
range while focusing on low-frequency candidates most likely 
to generate strong mechanobiological responses.

Building on these observations, we next evaluated how 100 
Hz and 480 Hz sound stimulation influenced fibroblast migra-
tion and wound closure within our scratch assay model. The 
group exposed to 480 Hz showed about 55% more healing than 
the control group (p < 0.0001), suggesting that this frequency 
might help cells move more effectively. In contrast, higher fre-
quencies, such as 1,000 Hz, showed no statistically significant 
benefit, corroborating previous observations that regenerative 
responses are more prominent at lower frequency ranges, po-
tentially due to the sensitivity of the actin cytoskeleton.1,2

These findings indicate that cellular responses are closely 
linked to the magnitude of mechanically induced microvibra-
tions, suggesting that vibration amplitude is a key determinant 
of the observed migratory enhancement. By better understand-
ing this relationship, we may be able to enhance the use of 
sound in treatments that support tissue repair and regeneration.

While most past research has used ultrasound or very 
low-frequency sounds, our method employed regular sound in 
the air, eliminating the need for special tools or gels.7-16 These 

Figure 4 illustrates the vibration amplitudes generated by 
different audible sound frequencies (100 Hz to 20,000 Hz), as 
measured using a laser-based tracking setup with a wavelength 
of 650 nm. In the absence of sound, vibration was virtually 
undetectable, confirming that no external mechanical stim-
ulation was applied to the control group—offering a reliable 
baseline. The most pronounced vibration occurred at 100 Hz 
(3.4 mm), followed by 480 Hz (2.8 mm), both of which were 
significantly stronger than the control and reflect the system’s 
high sensitivity to low-frequency auditory input. Above 480 
Hz, the amplitude gradually declined: approximately 1.6 mm 
at 1,000 Hz, 0.5 mm at 10,000 Hz, and just 0.2 mm at 20,000 
Hz. Statistical analysis confirmed that vibration amplitudes at 
100 Hz and 480 Hz were significantly higher than the control 
(p < 0.0001), and all other frequencies—except 20,000 Hz—
also demonstrated statistically significant increases compared 
to the control. The amplitude at 20,000 Hz, however, was not 
statistically different from the control. Above 480 Hz, vibra-
tion intensity consistently declined as frequency increased. 
Interestingly, the most noticeable improvements in cell migra-
tion occurred at 100 Hz and 480 Hz—both frequencies that 
produced the strongest microvibrations—pointing to a pos-
sible link between vibration strength and the wound-healing 
effects of sound. Taken together, these findings indicate that 
low-frequency audible sound induces stronger mechanical 
stimulation, which in turn plays a key role in promoting fibro-
blast migration and wound repair.
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Figure 4: Frequency-dependent vibration amplitude induced by audible 
sound. Vibration amplitudes produced by sound frequencies ranging from 
100 Hz to 20,000 Hz were measured using a 650 nm laser displacement 
tracking system. The strongest vibrations occurred at 100 Hz (3.4 mm) and 
480 Hz (2.8 mm), both significantly higher than the control (p < 0.0001) 
(n = 6). A small reflective surface was attached under the culture plate, and 
a laser pointer was aimed at it at a shallow angle. As sound waves caused 
the plate to vibrate, the reflected laser dot moved on a screen positioned ~1 
meter away. High-speed video recordings captured this movement, and peak-
to-peak displacement was quantified using image analysis software. The bar 
graph shows that low-frequency sounds (100 Hz and 480 Hz) produced the 
largest vibration amplitudes (3.4 mm and 2.8 mm), while higher frequencies 
generated progressively smaller displacements. These mechanical differences 
help explain why only the low-frequency groups showed enhanced wound 
healing.
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generated the largest plate displacements (3.4 mm and 2.8 mm, 
respectively), indicating that fibroblasts in these groups experi-
enced greater substrate strain than at higher frequencies. Such 
cyclic micro-deformations are known to be sensed primarily 
through integrins and focal adhesion complexes, which trans-
mit forces to the actin cytoskeleton and upstream regulators of 
YAP/TAZ, ERK, and PI3K/Akt signaling.6,8,10,15–17 When the 
deformation is large enough—yet still within a non-damaging 
range—these pathways are activated, driving nuclear translo-
cation of YAP/TAZ and phosphorylation of ERK/Akt, which 
in turn upregulate genes involved in cytoskeletal remodeling, 
migration, and extracellular matrix production. Conversely, 
the smaller amplitudes observed at ≥1,000 Hz likely generate 
sub-threshold mechanical cues that are insufficient to robust-
ly engage these force-sensitive signaling networks, consistent 
with the minimal change in wound closure at 1,000 Hz and 
20,000 Hz. Taken together, our data support a model in which 
vibration amplitude, rather than frequency per se, is the critical 
physical parameter that determines whether audible sound ac-
tivates mechanotransduction cascades that promote fibroblast 
migration and wound repair.

�   Conclusion 
The study shows that low-frequency sound (100 Hz and 

480 Hz) causes critical microvibrations in the experimental 
system. This also suggests a high possibility of promoting 
mechanotransduction in cellular conditions that facilitate 
wound healing. Conversely, increasing frequency above 1,000 
Hz yielded successively smaller vibration amplitudes, and 
little mechanical response was recorded at ultrasonic frequen-
cies (10,000 to 20,000 Hz). Our study results confirm that 
low-frequency sound induces a more powerful mechanical 
stimulus, significantly improving fibroblast migration and 
wound closure. This suggests the potential of audible sound 
as a noninvasive and accessible tool in regenerative medicine. 
The inverse correlation between frequency and vibration am-
plitude observed above 480 Hz confirms the hypothesis that 
audible sound can be used as a non-invasive mechanical stim-
ulus to induce positive cellular effects, including migration and 
proliferation. These results suggest that low-frequency audible 
sound may serve as a practical, noninvasive mechanical stimu-
lus capable of enhancing fibroblast migration, highlighting its 
potential utility in regenerative medicine applications. Going 
forward, studies should investigate how vibration-induced ef-
fects relate to cellular changes—such as cytoskeletal dynamics, 
molecular signaling, and gene activity—to better understand 
which sound frequencies are most effective and why.
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characteristics suggest that the method could be broadly 
applicable as a low-cost, non-invasive therapeutic approach—
especially in underserved communities and among vulnerable 
populations such as older adults or diabetic patients.13

Although the findings are encouraging, one important 
limitation is that molecular-level changes were not directly 
assessed in this study. However, earlier research indicates that 
acoustic vibrations can stimulate core mechanotransduction 
cascades, in which physical forces from sound are translat-
ed into biochemical signals within the cell. In particular, the 
YAP/TAZ pathway is a well-established mechanism that de-
tects microvibrations through cell structures and responds by 
moving these regulators into the nucleus, ultimately promot-
ing the expression of genes related to migration, proliferation, 
and extracellular matrix remodeling—key processes in wound 
healing.12 Fibroblast responses to mechanical signals often 
involve ERK and PI3K/Akt pathways, which also mediate 
cytoskeletal changes and cell movement.17 This suggests expo-
sure to 480 Hz sound may activate such mechanotransduction 
pathways through specific vibrational cues. Our study em-
ployed a simple scratch test and examined only one cell type; 
additional cell types and direct analysis of cell signaling remain 
unaddressed.

A key limitation of this study is the exclusive use of a single 
human dermal fibroblast line (Detroit 551), which restricts the 
generalizability of the findings to other skin‐relevant cell types, 
such as keratinocytes, endothelial cells, or immune cells that 
also contribute to wound repair. Because fibroblasts represent 
only one component of the wound‐healing environment, the 
observed benefits of 100 Hz and 480 Hz microvibrations may 
not fully reflect how entire tissues respond to audible sound 
stimulation. Additionally, all experiments were conducted in 
vitro, where the mechanical properties of culture plastics dif-
fer substantially from those of living tissue, and thus, in vivo 
confirmation is essential to determine whether similar vibra-
tion amplitudes can be safely and effectively delivered in real 
wounds. Longer-term safety data are also lacking: although 
brief, daily hour exposures were well tolerated in vitro, pro-
longed or repeated vibrational stimulation in living organisms 
may pose risks such as inflammation, tissue fatigue, or unwant-
ed mechanotransduction effects. Consequently, future studies 
should incorporate multiple human cell types, 3D or organoid 
skin models, animal wound-healing studies, and systemat-
ic biocompatibility assessments to evaluate both efficacy and 
safety before translation to clinical applications.

Although we did not examine the cells in this study, earlier 
research indicates that sound-induced vibrations may trigger 
key pathways, such as YAP/TAZ, ERK, or PI3K/Akt. These 
are involved in cell movement and growth, which could explain 
the improved healing seen with certain frequencies. Future ex-
periments—like western blotting, gene expression studies, or 
immunofluorescence—could help identify which signals are 
active. Animal models would also help test how well this works 
in real tissues and whether it’s safe for longer-term use.

In this context, the measured vibration amplitudes help 
explain how audible sound may couple into specific mecha-
notransduction pathways. The 100 Hz and 480 Hz conditions 
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ABSTRACT: This study examines the psychological and social factors shaping Generation Z’s trust in and intention to use 
Artificial Intelligence (AI) technologies in daily life, applying the Unified Theory of Acceptance and Use of Technology (UTAUT) 
framework. Survey data from 87 high school students in Istanbul, Turkey, reveal that performance expectancy (perceived usefulness) 
and attitude toward AI emerge as the strongest predictors of both trust in AI and behavioural intention to adopt it. Mediation 
analyses confirm that attitude functions as a key psychological mechanism linking performance expectancy to trust and usage 
intention. In contrast, effort expectancy (perceived ease of use) and facilitating conditions show limited or no direct effects, 
suggesting that for digitally native youth, perceived value outweighs usability concerns. Peer influence is found to shape attitudes 
but does not directly predict trust or usage intention. These findings underscore the importance of focusing on value-driven design 
and trust-building strategies when developing AI systems for younger users. The study contributes to both UTAUT literature and 
AI adoption research by providing a generational lens on technology acceptance, highlighting how digitally native Generation 
Z users prioritize perceived usefulness and trust over usability and infrastructural support when engaging with AI technologies.  

KEYWORDS: Systems Software, Human/Machine Interface, Gen Z, Trust, Artificial Intelligence.

�   Introduction
Artificial Intelligence (AI) is a tool that makes human life 

easier by enabling machines to perform tasks that require 
human intelligence and skills, thereby transforming various 
aspects of human life and conducting research. It is also de-
scribed as the simulation of human intelligence processes by 
machines, especially computer systems. These processes pri-
marily involve learning, reasoning, and self-correction.1 AI may 
replicate human skills in many different areas, such as decision 
making, pattern recognition, problem solving, and even natu-
ral language understanding.2 Unlike ordinary software, which 
can be programmed to exhibit intelligent behavior, AI-guided 
systems can learn from data, adapt to new information, and 
operate autonomously without explicit human intervention. 
Accordingly, AI agents, which refer to advanced generative AI 
systems designed to perform goal-driven tasks autonomously, 
are becoming an integral part of our lives.

A fundamental difference between AI and other technolo-
gies lies in its ability to function as a 'black box' system, where 
the internal decision-making processes are often opaque and 
difficult to interpret.3 This opacity becomes especially conse-
quential as AI systems engage users through natural-language 
interactions that simulate human communication. Although 
these capabilities offer more seamless and user-friendly ex-
periences, they simultaneously intensify concerns about 
transparency and accountability.4 Many AI models, especially 
those based on deep learning and information processing, can 
provide outputs that even their developers cannot fully inter-
pret. In other words, due to their over-parameterized black-box 

nature, it is often hard for individuals to understand the predic-
tive outcomes of deep models.5

Despite these challenges, AI—particularly Generative AI 
(GenAI), which refers to AI systems capable of creating text, 
images, code, or other content in response to user input—has 
gained notable popularity and widespread adoption in recent 
years. This growing interest is especially prevalent among 
younger generations. Generation Z, in particular, is known for 
their motivation, willingness, and ability to adopt and utilize 
emerging technologies, including AI-based systems, as they 
are the first generation to be born and raised in a fully digital 
world.6 Recent research further supports this observation: For 
example, 86% of Generation Z consider technology a crucial 
part of their daily lives, with many actively utilizing AI tools 
for both professional and personal purposes.7 Additionally, 
79% of Gen Z express a clear preference for AI-driven digi-
tal experiences, underscoring their deep integration with and 
fluency in emerging technologies.8 Their dynamic interaction 
with tools like ChatGPT illustrates not only their comfort 
with such systems but also their potential to shape the future 
of human–AI collaboration.9 Hence, it is reasonable to suggest 
that Generation Z demonstrates a higher level of technological 
engagement compared to preceding generations.

Understanding how individuals perceive and adopt AI 
requires insights from established models of technology 
adoption. The Unified Theory of Acceptance and Use of Tech-
nology (UTAUT), formulated by Venkatesh et al.10, is one of 
the most widely used models for predicting the adoption and 
use of technology. The UTAUT aims to explain user intentions 
to use an information system and subsequent usage behavior 
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by identifying four key determinants: performance expectancy 
(i.e., the degree to which an individual believes that using the 
system will help them attain benefits in job performance), ef-
fort expectancy (i.e., the perceived ease of use associated with 
the system), social influence (i.e., the extent to which individ-
uals perceive that some important others believe they should 
use the system), and facilitating conditions (i.e., the degree to 
which an individual believes that an adequate technical infra-
structure exists to support the use of the system).

Given their digital fluency and early exposure to emerging 
technologies, Generation Z users may evaluate these deter-
minants differently from previous generations. They might 
develop a certain level of trust in AI systems more rapidly 
and intuitively. As such, applying UTAUT in the context of 
Gen Z’s interaction with AI—especially GenAI tools—can 
shed light on this generation’s adoption patterns and expec-
tations, which might indeed shape the future direction of AI 
integration in both organizational and everyday contexts. Fur-
thermore, exploring how primary UTAUT dimensions—such 
as performance expectancy, effort expectancy, social influence, 
and facilitating conditions—relate to Gen Z’s trust in, attitudes 
toward, and intentions to use AI can offer valuable insights 
into how cognitive and social factors shape the acceptance of 
intelligent systems among digital-native users.

1.2. Research Focus:
Despite the growing presence of AI in everyday life and its 

rapid expansion across a wide range of domains,11 there is still 
a limited understanding of the factors—and their relative in-
fluence—that shape Generation Z’s adoption of and trust in 
AI technologies. This gap is particularly observable in gener-
ative AI tools, which are becoming deeply embedded in both 
educational and professional settings.12,13

By utilizing the UTAUT framework, this study aims to 
provide empirical insights into the psychological, social, and 
technological determinants that shape trust in AI and the 
adoption of AI systems among young users, with a particu-
lar focus on members of Gen Z. We expect that performance 
expectancy (i.e., the belief that using AI will enhance perfor-
mance outcomes) and effort expectancy (i.e., the perceived ease 
of use) may be especially relevant for Generation Z, who tend 
to prefer smart, accessible, and efficient tools that integrate 
smoothly into their daily lives.14 Moreover, social influence 
is likely to be particularly strong among this generation, giv-
en the influential role of peer networks, online communities, 
and social media in shaping their perceptions of new tech-
nologies.15,16 Finally, facilitating conditions—such as access to 
necessary infrastructure, training, and technical support—may 
further shape Gen Z’s willingness to adopt and trust AI tools 
in various life domains. In addition to the core UTAUT con-
structs, this study incorporates trust and attitude toward AI 
to better capture Gen Z’s evaluative and relational engage-
ment with AI systems. The autonomous and opaque nature 
of AI—particularly generative models—requires users to rely 
on outputs they cannot fully verify, making trust a central 
determinant of adoption. Attitude, as an individual’s overall 
evaluative stance toward using AI, further complements the 

original UTAUT model by accounting for affective and expe-
riential dimensions that are especially salient for digital-native 
users. Including these constructs, hence, extends the explana-
tory power of UTAUT and allows for a more comprehensive 
assessment of the mechanisms that shape Gen Z’s intention 
to use AI. Figure 1 demonstrates the conceptual model of our 
study.

This study contributes to the growing conversations on 
technology adoption and user trust by exploring the factors 
that shape Generation Z’s relationship with AI. By identify-
ing the key drivers and barriers that influence Gen Z’s trust 
in and adoption of AI, we offer timely insights into how this 
digitally native generation engages with emerging technolo-
gies. Importantly, by incorporating trust and attitude factors 
into the UTAUT framework, this study extends existing the-
oretical models to better account for the cognitive, affective, 
and relational dimensions of AI adoption among young users. 
As AI systems become increasingly integrated into education, 
work, and everyday decision-making, a clearer understanding 
of how Gen Z evaluates and adopts these tools is essential. The 
findings can inform the design of user-centered AI systems 
and guide policy efforts aimed at promoting the responsible 
and inclusive adoption of technology among younger users. 
In doing so, the study not only enriches the empirical base of 
the UTAUT framework but also responds to broader concerns 
about how trust in AI is built and sustained among young gen-
erations.

�   Methods
2.1. Sample and Data Collection:
Data were collected from 87 high school students in Istan-

bul, Turkey, by distributing a questionnaire through researchers’ 
networks via a survey created from the Jotform application. Ta-
ble 1 summarizes the key characteristics of the study sample. 
The table presents demographic and background information, 
including participants’ age, gender, educational level, prior 
experience with AI technologies, interaction with artificial 
intelligence (AI) during a typical week, and the purposes for 
which they use AI.

DOI: 10.36838/IJHSR88.50

Figure 1: Conceptual model of the study. The model illustrates the 
relationships between effort expectancy, performance expectancy, facilitating 
conditions, and peer influence in shaping Generation Z’s attitude toward AI 
(trust toward and intentions to use). It visually summarizes the hypothesized 
pathways tested in the study based on the UTAUT framework.
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2.2. Measures of Constructs:
All constructs were measured using well-established and 

validated scales from prior research, ensuring the reliability 
and construct validity of the study’s measures. Attitude was 
measured using four indicators from Cao et al.17 to assess 
the extent to which participants liked the idea of using AI, 
perceived it as a good or bad idea, and found using AI en-
joyable (⍺ = 0.78). Effort expectancy, defined as the perceived 
ease of using AI, was measured using four indicators (Cao et 
al.17; Venkatesh et al.10 (⍺ = 0.89). Facilitating conditions were 
measured using four items from Cao et al.17 and Venkatesh et 
al.10, assessing access to resources, AI compatibility with other 
technologies, and support availability for AI-related difficul-
ties (⍺ = 0.72). Performance expectancy was measured using five 
items from Cao et al.17, assessing the extent to which individu-
als believe AI enhances their job performance (⍺ = 0.85). Peer 
influence was measured using five indicators from Venkatesh 
et al.10, adopted by Cao et al.17 (⍺ = 0.92). These indicators 
assess the extent to which participants feel encouraged to use 
AI based on the opinions of peers or other influential figures 
in their social environment. Three items from Cao et al.17 mea-
sured participants' intention to use AI in the future, assessing 
their likelihood of using AI at work and frequency of use (⍺ = 
0.85). The frequency and purpose of AI use were measured using 
indicators developed by the researchers, assessing how often 
and for what purposes participants use AI in their daily lives. 
Finally, trust in AI was measured using twelve items adopted 
from Gulati, Sousa, and Lamas (2019), assessing reliability, 
competence, and perceived helpfulness. (⍺ = 0.84)

2.3. Analytical Strategy:
Hierarchical regression analyses were conducted to examine 

the effects of the proposed predictors on behavioral intention 
to use and trust in AI. Three models were developed to test 
the hypothesized relationships. Model 1 assessed the influence 
of effort expectancy (EE), performance expectancy (PE), peer 
influence (PI), and facilitating conditions (FC) on attitude 
toward AI. Model 2 examined the effects of these four pre-

dictors, along with attitudes, on trust in AI. Model 3 evaluated 
the impact of effort expectancy, performance expectancy, peer 
influence, facilitating conditions, and attitudes on the inten-
tion to use AI in the future.

�   Results and Discussion 
3.1. Descriptive Statistics of Constructs:
Participants’ responses to the questionnaire items were aver-

aged to compute composite scores for each predictor—effort 
expectancy (EE), performance expectancy (PE), peer influ-
ence (PI), and facilitating conditions (FC)—as well as for the 
outcome variables. Table 2 presents the means, standard devi-
ations, Cronbach’s alpha coefficients (as indicators of internal 
consistency), and intercorrelations among all constructs. All 
statistical analyses were performed using SPSS version 15.

Effort expectancy (EE) showed smaller but significant 
associations with attitude (r = .24, p < .05), suggesting that 
ease of use is linked to overall positivity toward AI. However, 
facilitating conditions (FC) themselves did not show signifi-
cant correlations with any of the outcome variables—namely, 
attitude, trust, or behavioral intention—implying that simply 
having access to resources may not be sufficient to influence 
these outcomes directly. Peer influence (PI) exhibited signifi-
cant correlations with attitude (r = .40, p < .001), trust (r = .31, 
p < .01), and intention to use (r = .26, p < .05), emphasizing the 
relevance of social dynamics in Gen Z’s AI adoption. Among 
the demographic variables, age was positively associated with 
facilitating conditions (r = 0.26, p < 0.05). At the same time, 
gender showed a negative correlation with the same variable 
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Table 1: Sample Characteristics of the Participants. This table summarizes 
the demographic characteristics, grade levels, AI usage frequency, and primary 
purposes of AI use among participants.

Table 2: Descriptive statistics and correlations. This table presents the 
means, standard deviations, internal consistency coefficients (Cronbach’s α), 
and intercorrelations among all constructs. Performance expectancy showed 
the strongest positive correlations with attitude, trust, and intention to use 
AI, highlighting its central role in AI adoption. The correlations in Table 2 
provide important insights into the relationships among key variables in the 
model. As expected, performance expectancy (PE) was strongly and positively 
correlated with both attitude toward AI (r = .49, p < .001), trust (r = .63, p 
< .001), and behavioral intention to use AI (r = .63, p < .001), underscoring 
its important role in shaping user openness to AI technologies. Additionally, 
attitude showed significant positive associations with trust (r = .51, p < .001) 
and intention to use (r = .59, p < .001), supporting its possible mediating role 
in the acceptance process.
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Expectancy, Peer Influence, Facilitating Conditions, and At-
titude were entered as predictors. The model was statistically 
significant, F(5, 81) = 15.20, p < .001, and explained 48.4% of 
the variance in intention to use AI (R² = .484, Adjusted R² = 
.452) (please see Table 5). Among the predictors, Performance 
Expectancy (b = 0.390, t = 4.40, p < .001) and Attitude (b = 
0.683, t = 4.78, p < .001) were strong and significant positive 
predictors of intention. These results indicate that individu-
als are more likely to intend to use AI when they perceive it 
as useful and hold favorable attitudes toward it. In contrast, 
Effort Expectancy (b = –0.147, p = .198), Peer Influence (b = 
–0.062, p = .394), and Facilitating Conditions (b = 0.210, p = 
.081) did not reach significance. Notably, Facilitating Condi-
tions approached marginal significance (p = .081), suggesting 
a possible supporting role when infrastructure or support is 
available.

To investigate the underlying psychological mechanisms 
linking cognitive appraisals to trust and behavioral intention 
toward AI, we conducted two mediation analyses using the 
PROCESS macro for SPSS. Specifically, we tested whether 
Attitude mediates the relationship between predictor variables 
and (1) trust and (2) intention to use AI, using 5,000 bootstrap 
resamples and 90% confidence intervals.

Regarding Model 2, the results showed a significant indirect 
effect of Performance Expectancy on Trust mediated by Atti-
tude. The indirect effect was 0.098, and the 90% confidence 
interval was [0.041, 0.164], excluding zero. This indicates that 
individuals who expect AI to enhance their performance are 
more likely to develop positive attitudes, which in turn in-
crease their trust in AI technologies. The mediation effect was 
statistically meaningful and confirms that attitude serves as a 
psychological bridge between performance-related expecta-
tions and trust.

In the second model, Attitude also significantly mediated 
the relationship between Performance Expectancy and In-
tention to Use AI. The indirect effect was 0.195, with a 90% 
confidence interval of [0.128, 0.283], again clearly excluding 
zero. This suggests that the positive impact of PE on individ-
uals’ willingness to adopt AI is transmitted through enhanced 
attitudes, reinforcing the critical role of affective-cognitive ap-
praisals in shaping behavioral intention.

�   Conclusion 
Using the UTAUT framework, this study explored the psy-

chological and social determinants that shape Generation Z's 
trust in and intention to use AI in daily life. The findings reveal 
that Performance Expectancy (PE) and Attitude are the most 

(r = –0.29, p < 0.01), potentially indicating differences in per-
ceived access or support. As expected, grade level correlated 
strongly with age (r = .75, p < .001), but showed no significant 
associations with the main constructs.

3.2. Regression Results:
The results of the regression models are reported below.
Model 1 (EE, PE, PI, and FC → Attitude): As shown in 

Table 3, Model 1 was statistically significant, F(4, 82) = 8.01, 
p < .001, explaining 28.1% of the variance in attitude (R² = 
.281, Adjusted R² = .246). Among the predictors, Performance 
Expectancy (PE; b = 0.166, t = 2.51, p = .014) and Peer Influ-
ence (PI; b = 0.149, t = 2.77, p = .007) emerged as significant 
positive predictors of attitude. These findings suggest that par-
ticipants who believe AI is useful (in terms of enhancing their 
productivity, decision speed, and the likelihood of making 
important decisions) and are influenced by peers who use or 
advocate for AI are more likely to develop favorable attitudes 
toward its adoption. In contrast, Effort Expectancy (EE; b = 
0.076, t = 0.87, p = .387) and Facilitating Conditions (FC; b = 
0.124, t = 1.37, p = .174) did not significantly predict attitude.

Model 2 (EE, PE, PI, FC, and Attitude → Trust): Model 2 
was statistically significant, F(5, 81) = 9.83, p < .001, account-
ing for approximately 38% of the variance in trust (R² = .378, 
Adjusted R² = .339). However, the predictors did not contrib-
ute equally to the explanation of trust (please see Table 4). Only 
Performance Expectancy and Attitude emerged as significant 
positive predictors of Trust. This suggests that users who find 
AI technologies useful and have developed a favorable attitude 
toward them are more likely to trust them. Interestingly, Ef-
fort Expectancy, Peer Influence, and Facilitating Conditions 
did not significantly contribute to the prediction of trust when 
the other variables were accounted for.

Model 3 (EE, PE, PI, FC, and Attitude → Intention to Use 
AI): Model 3 assessed the extent to which cognitive, social, 
and attitudinal factors predict individuals’ intention to use AI 
technologies. Specifically, Effort Expectancy, Performance 
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Table 3: Regression analysis for predicting Attitude (Model 1). This table 
shows that performance expectancy and peer influence significantly predict a 
positive attitude toward AI, while effort expectancy and facilitating conditions 
do not have a significant effect.

Table 4: Regression analysis for predicting trust (Model 2). This table 
shows that performance expectancy and attitude significantly predict trust 
in AI, suggesting that both cognitive evaluations of usefulness and favorable 
attitudes are key drivers of trust.

Table 5: Regression analysis for predicting trust (Model 3). In this table, 
intention to use AI is most strongly predicted by performance expectancy and 
attitude, with facilitating conditions approaching significance, while effort 
expectancy and peer influence are not significant predictors.
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ditional predictors such as Effort Expectancy and Facilitating 
Conditions carry less influence, while Performance Expec-
tancy and Attitude play a central role. The mediating role of 
Attitude between perceived usefulness and trust/intention un-
derscores the importance of emotional evaluations in Gen Z’s 
adoption process. Future UTAUT applications should account 
for age-specific patterns and digital familiarity.

Although it provides valuable insights, the current study has 
several limitations. First, the sample size (N = 87) is below the 
recommended limit for large-scale generalizations, and partic-
ipants were limited to high school students in Istanbul, Turkey, 
which limits the regional and cultural generalizability of the 
results. Furthermore, the age distribution is skewed towards 
the early high school years, which may limit the maturity and 
depth of participants' responses. Future research should in-
clude more diverse age groups, education levels, and cultural 
backgrounds, and adopt longitudinal designs to track how trust 
and intention to use AI develop as Generation Z progresses 
into higher education and professional life. Finally, the study 
did not incorporate other measures of participant background, 
such as duration of AI use or comfort with digital technol-
ogies, which could provide additional insights into adoption 
patterns; future research could incorporate these measures to 
better understand individual differences in AI engagement.

In conclusion, this study provides timely insights into the 
psychological and social factors shaping Generation Z’s trust 
in and adoption of AI technologies. The findings demonstrate 
that for Gen Z, perceived usefulness—not ease of use or infra-
structure—is the primary driver of both trust and intention to 
use AI. This shift underlines changing priorities in technology 
adoption among younger generations. As AI becomes increas-
ingly integrated into education, career development, and daily 
life, it is essential to align system design with Gen Z’s values, 
focusing on clear value creation, trust-building, and out-
come-oriented communication. Empowering this generation 
with purposeful, transparent, and value-driven technologies 
will not only encourage adoption but also support the ethical 
and sustainable integration of AI across society.
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ABSTRACT: This study uses machine learning to evaluate demographics, cholesterol, and cardiovascular outcomes. We 
investigated cholesterol’s prognostic power in two settings: incident heart disease and death among cardiac patients. Two datasets 
were used: UCI Cleveland (n=303; yes/no heart disease) and Faisalabad Institute of Cardiology, Pakistan (n=299; longitudinal 
heart failure outcomes). We hypothesized that elevated cholesterol would better detect new heart disease cases than in predicting 
mortality among individuals already diagnosed. Logistic regression and multilayer perceptron models were trained; AUC, recall, 
accuracy, and precision were used for evaluation. In Cleveland, a cholesterol-only logistic regression predicted heart disease with 
53% accuracy; multivariable models adding age, ST-segment depression, and maximum heart rate reached 85% accuracy (AUC 
0.91). In Faisalabad, cholesterol predicted death with 78% accuracy; after adding demographics and comorbidities, the multilayer 
perceptron achieved 97% accuracy, and logistic regression 82%. Best logistic models indicated diabetics had 2.6× higher death 
risk and that mortality increased by ~62% per unit of cholesterol. This comparative study shows that machine learning improves 
cardiovascular risk assessment in data-limited settings and that risk variables vary across illness stages.

KEYWORDS: Medical and Health Sciences, Cardiology, Machine Learning, Cholesterol, Risk Stratification. 

�   Introduction
Nearly 18 million people die annually from cardiovascular 

disease (CVD), a significant cause of death worldwide. Thus, 
identifying and understanding the primary CVD risk factors 
is essential.1 Cholesterol is one of numerous biochemical in-
dicators, although its role in CVD is well known. High LDL 
cholesterol causes arterial plaques and atherosclerosis. These 
factors reduce blood flow and increase the risk of myocardial 
infarction and stroke. However, HDL cholesterol removes ex-
cess cholesterol from the circulation, preventing cardiovascular 
events.2–4

The risk of cardiovascular disease is not limited to high cho-
lesterol. Age, sex, blood pressure, BMI, smoking, diabetes, and 
physical exercise interact complexly to produce cardiovascular 
disease.5–7 These effects are worsened by urban stress, inac-
tivity, and poor diet.8,9 Numerous studies have demonstrated 
that smoking and diabetes considerably increase cardiovascular 
morbidity and mortality.

Physicians now use AI and ML to analyze large datasets, 
improving diagnosis and patient outcomes.10 Machine learning 
algorithms can handle multiple risk factors at once, detecting 
subtle, non-linear relationships that statistical models miss. 
In the UCI Cleveland Heart Disease dataset, one of the most 
widely used benchmarks, clinical and demographic characteris-
tics predict heart disease well.11,12 ML approaches can increase 
cardiovascular risk-assessment accuracy and personalization, 
expanding on conventional instruments like the Framingham 
Risk Score.13 ML-driven models must balance interpretability, 
prediction performance, transparency, explainability, and clin-
ical actionability.

This study on cholesterol's predictive role in cardiovascular 
events aims to improve risk classification by adding clini-
cal and demographic characteristics.14 We wanted to identify 
people at risk of heart disease, predict mortality in cardiovas-
cular patients, and compare the predictive power of cholesterol 
levels in these two contexts to see if they were enough. We 
hypothesized that elevated cholesterol levels would detect in-
cident heart disease better than fatal cases. Our novel strategy 
separates variables affecting illness, beginning from mortality 
progression, to better understand the intricate web of processes 
that lead to cardiovascular risk.

We tested our hypotheses with two datasets. First was the 
UCI Cleveland Heart Disease dataset, which included 303 
American patients with yes/no heart disease results. The Pa-
kistani Faisalabad Heart Failure dataset includes 299 patients' 
longitudinal data, including mortality outcomes. We exam-
ined demographic and endpoint prediction tendencies using 
these datasets. With logistic regression and MLP models, sur-
vival and classification results may be assessed. In addition to 
cholesterol levels, we examined demographics, vital signs, co-
morbidities, and lifestyle factors for predictive potential.

For illness incidence and death, multivariate models with 
age, sex, blood pressure, comorbidities, and other clinical factors 
outperformed cholesterol-only models. Contrary to our expec-
tations, cholesterol alone was better at distinguishing patients 
with and without a history of mortality than at predicting inci-
dent heart disease. Once the disease has progressed, cholesterol 
and other risk factors may be strong prognostic indicators.

This study shows how machine learning may improve tailored 
predictions and how crucial multidimensional risk modelling is 
for cardiovascular treatment. The work improves our under-
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standing of cardiovascular disease risk factors. It emphasises 
the need to include clinical, demographic, and biochemical 
data in prediction models by distinguishing disease-causing 
variables from death-causing factors. Such methods can in-
form targeted therapies and tailored management regimens 
in diverse and resource-constrained healthcare settings. This 
study reinforces the therapeutic value of combining classical 
markers like cholesterol with cutting-edge computational 
methods to improve patient care.

�   Methods
We compared the Faisalabad Institute of Cardiology’s Paki-

stani clinical dataset and the University of California, Irvine’s 
Cleveland Heart Disease dataset for cardiovascular outcome 
prediction. Since both datasets included demographic and 
clinical information, machine-learning predictive modeling 
was possible. We tested logistic regression and multilayer per-
ceptron (MLP) neural networks to predict heart disease and 
death. Comparing linear and nonlinear modeling methods 
allowed us to evaluate their ability to capture complex risk-fac-
tor–outcome relationships.

We evaluated all datasets for completeness before modeling. 
Preprocessing was relatively straightforward in the UCI Cleve-
land dataset because most variables were complete; however, a 
small number of cholesterol entries are recorded as 0, which 
may represent missing values in the original source, and is dis-
cussed as a limitation. To ensure predictive analysis validity in 
the more complex and heterogeneous Faisalabad dataset, sim-
ilar filters were employed to maintain only complete records. 
For machine-learning training, one-hot encoding transformed 
categorical data, including sex, chest-pain type, smoking status, 
and comorbidities. Standardizing continuous variables—heart 
rate, blood pressure, cholesterol, and age—to zero mean and 
unit variance enhanced model convergence and interpretabil-
ity.

We evaluated the models using an 80/20 train–test split to 
verify that the test set appropriately reflected fresh data. Class 
balance was preserved by stratifying this split by outcome to 
reduce performance-metric bias. We selected the most in-
formative variables through iterative feature selection using 
domain expertise and performance-guided testing. To assess 
prediction accuracy, we examined cholesterol-only models 
and models that gradually added demographic and clinical 
variables—Table 1. Summary of models, input features, and 
predicted outcomes for each dataset.

Two main models were created. Logistic regression provided 
a linear baseline for coefficient interpretation and revealed pre-
dictor relevance. Multilayer perceptrons—feedforward neural 
networks with hidden layers—can express nonlinear interac-
tions and complicated correlations.

We examined how well algorithms predicted outcomes 
across the two datasets and how much cholesterol alone 
affected mortality and heart-disease risk relative to a multi-
dimensional feature collection. This approach showed how 
machine learning can improve cardiovascular risk assessment 
by evaluating the utility of additional demographic and clinical 
data.

Table 1 summarizes the study’s datasets—UCI Cleveland 
and Faisalabad—machine-learning models, input attributes, 
and anticipated outcomes. As shown, model complexity and 
feature richness affected predictive performance for incident 
heart disease in the UCI dataset and mortality in the Fais-
alabad dataset. Initial models with cholesterol as the only 
predictor tested cholesterol’s independent effect on risk pre-
diction.

The efficacy of cholesterol as a sole outcome discriminator 
was assessed in these preliminary analyses using logistic re-
gression and MLP models.

Age, sex, blood pressure, maximum heart rate, electrocar-
diogram (ECG) readings, chest-pain type, exercise-induced 
angina, and comorbidities, including diabetes and smoking 
status, were then added to the models. Using this multivariable 
strategy to measure each component’s predictive value helped 
us build more accurate risk models. To ensure interpretability, 
logistic regression coefficients were used to calculate odds ra-
tios (ORs) for each predictor. Using a 2×2 contingency table, 
ORs were calculated to investigate the relationship between 
cholesterol and heart disease. In our calculation, A and B rep-
resent high-cholesterol groups with and without heart disease, 
and C and D represent normal-cholesterol groups with and 
without heart disease; the OR was computed as (A × D) / (B × 
C). A larger value indicates a higher likelihood of heart disease 
associated with elevated cholesterol.

We tested neural-network models with one, two, or three 
hidden layers and varying neuron counts. A grid search re-
vealed that a two-hidden-layer network with 20 neurons per 
layer and ReLU activation performed best. Classification 
networks were trained using the Adam optimizer and binary 
cross-entropy loss. Training was discontinued when validation 
performance stopped improving to avoid overfitting. Using 
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Table 1: Comparison of input variables and performance metrics for logistic 
regression (LR) and multilayer perceptron (MLP) models across the Cleveland 
and Faisalabad cohorts. Models with more features significantly outperformed 
cholesterol-only baselines: in Cleveland, multivariable LR achieved 85% 
accuracy (AUC 0.91), and in Faisalabad, the MLP achieved 97 % accuracy for 
mortality prediction—showing the power of multidimensional clinical data.
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feature selection, model modification, and regularization, we 
maximized expected accuracy and model generalizability.

We learned more about the multidimensional characteristics’ 
additive value and the intricate, likely nonlinear relationships 
between clinical variables and cardiovascular outcomes by 
comparing linear logistic regression and nonlinear MLPs.

�   Results and Discussion 
We tested the predictive power of cholesterol and other clin-

ical parameters using logistic regression (LR) and multilayer 
perceptron (MLP) models trained on the UCI Cleveland and 
Faisalabad datasets. The original baseline model recognized 
heart disease in the UCI Cleveland dataset using cholesterol as 
a predictor with 53% accuracy. Although cholesterol is a helpful 
biomarker, this suggests it is not a strong diagnostic indica-
tor alone. To improve prediction performance, we added age, 
maximum heart rate, ST-segment depression, resting blood 
pressure, and additional clinical variables. With this larger set, 
LR accuracy reached 85%, demonstrating how multidimen-
sional clinical data improve risk assessment. In addition, the 
extended LR model obtained an AUC = 0.91, indicating accu-
rate and consistent discrimination across thresholds.

The MLP model, which captures nonlinear variable interac-
tions, achieved 84% accuracy with AUC = 0.88. According to 
these findings, adding several relevant features to either a lin-
ear or nonlinear model enhances heart-disease prediction. LR 
provides interpretability via odds ratios and coefficients, while 
MLPs model complex interactions. Figure 1 illustrates the fre-
quency distributions of key variables in the Cleveland dataset.

The cholesterol, resting blood pressure, and maximum heart 
rate histograms were approximately normal, while resting blood 
pressure showed a slight right skew. Skewed distributions can 
change the relative importance of variables in linear models; 
therefore, they should be examined carefully during model 
building and clinical interpretation. To ensure feature-repre-
sentation uniformity and cross-dataset comparability, Figure 
2 shows the Faisalabad dataset distributions. Visualizing these 
distributions helps explain population-specific demographic 
and clinical factors that affect model generalizability. Overall, 
these findings suggest that multidimensional machine-learn-
ing methods are beneficial in clinical practice and that adding 
clinical characteristics to cholesterol enhances cardiovascular 
risk prediction.

In the Faisalabad dataset, cholesterol-only models predicted 
mortality outcomes with 78% accuracy in cardiovascular dis-
ease patients. Adding demographic and comorbidity-related 
factors such as age, diabetes, smoking, and urban dwelling 
improved predictive performance. By combining multidi-
mensional clinical data, LR achieved 82% accuracy. The MLP 
captured complex nonlinear interactions among variables with 
97% accuracy, as seen in Figure 7. These findings show that 
machine learning can improve prognostic evaluations beyond 
single-variable models and that high-risk populations require 
comprehensive feature sets.

Outcome-segregated feature distributions support these 
findings. Figures 3 and 4 show that deceased patients were 
older and had higher cholesterol, while survivors tended to 
have higher maximum heart rates. These trends imply that 
cholesterol is a meaningful predictor on its own but becomes 
considerably stronger when combined with demographic and 
clinical characteristics. These results suggest that neural net-
works and other multidimensional modeling methods can 
improve risk classification and personalized treatment regi-
mens by predicting poor cardiovascular outcomes in diverse 
patient groups. Importantly, these visual shifts are clinically 
plausible and help interpret why certain predictors receive 
larger learned weights in the multivariable models.
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Figure 1: Histograms and density plots show distributions of key numeric 
variables in the Cleveland dataset. Because cholesterol(md/dl) alone yielded 
only 53% accuracy, these balanced distributions justify including additional 
variables such as age(years), ST-depression, and max heart rate, enabling an 
AUC of 0.91 with the multivariable LR model.

Figure 3: Boxplots showing how age (years), cholesterol (mg/dl), and max 
heart rate (bpm) differ between healthy and diseased patients. Individuals 
with disease are generally older, have higher cholesterol, and lower max heart 
rate—patterns that allowed LR to improve from 53 % (cholesterol-only) to 85 
% accuracy with multiple predictors.

Figure 4: Heart-rate(bpm) response, matching the model’s learned co-
efficients. Diabetes increased risk approximately 2.6×, explaining the superior 
performance of multifeature MLP models.

Figure 2: Visualization of key feature distributions in the Faisalabad 
cardiology dataset. Cohort differences visible here correspond to markedly 
higher mortality-prediction accuracy (up to 97%) once comorbidities and 
demographics are included, underscoring the impact of richer clinical features 
on prognostic models.
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Finally, ROC curves summarize discrimination for both 
datasets and models (Figure 7). On Cleveland, LR AUC = 
0.91 and MLP AUC = 0.88; on Faisalabad, LR AUC = 0.77 
and MLP AUC = 1.00; models were evaluated on held-out 
test splits across five runs. Overall, results partly revise our 
initial expectation: cholesterol alone was more prognostic for 
mortality (Faisalabad) than diagnostic for incident disease 
(Cleveland). However, adding broader clinical information 
consistently improved performance for both endpoints. LR of-
fers clinician-friendly interpretability via coefficients and ORs, 
while MLPs can capture complex, nonlinear relations and 
deliver higher accuracy for survival prediction. A dual-model 
strategy—transparent LR for screening and higher-capacity 
MLPs for prognosis—can balance interpretability and perfor-
mance across clinical contexts.

�   Conclusion 
Logistic regression and MLP models are effective ma-

chine-learning tools for predicting cardiovascular outcomes 
using clinical, demographic, and cholesterol data. To compare 
the predictive power of multidimensional feature sets with 
cholesterol alone, we used the Faisalabad Institute of Car-
diology dataset for mortality and the UCI Cleveland Heart 
Disease dataset for incident heart disease. Our data show that 
cholesterol alone cannot reliably predict heart disease; in the 
Cleveland sample, it achieved a moderate accuracy of 53%. By 
adding age, sex, blood pressure, maximum heart rate, ST-seg-
ment depression, comorbidities, and lifestyle factors, logistic 
regression reached AUC = 0.91 and 85% accuracy.

In the Faisalabad cohort of previously diagnosed patients, 
cholesterol alone predicted mortality with 78% accuracy. Add-
ing demographic and clinical data increased logistic-regression 
accuracy to 82% and MLP accuracy to 97%. Diabetes raised 
mortality risk 2.61×, while mortality increased by ~62% per unit 
of cholesterol; higher ECG ST-segment slope values were also 
associated with increased risk. These findings emphasize mul-
tidimensional risk models for cardiovascular disease diagnosis 
and prognosis. Logistic regression provides interpretability and 
clinical reasoning through odds ratios and coefficients, while 
MLP models improve survival-prediction accuracy and capture 
nonlinear interactions. This trade-off supports a two-model 
approach: transparent LR for initial screening and higher-ca-
pacity MLPs for individualized prognostication.

This study provides cardiovascular risk-stratification 
insights despite limitations in dataset size, single-center sam-

To understand variable relationships, we examined correla-
tions with age (Figures 5 and 6). We evaluated the statistical 
significance of individual predictors and model performance 
across outcome groups using one-way ANOVA for continuous 
variables (cholesterol, age) and chi-square tests for categori-
cal variables (smoking, diabetes). Paired t-tests compared 
cholesterol-only and multivariable configurations across five 
cross-validation rounds. All tests were two-tailed with α = 
0.05. Including demographic and clinical parameters beyond 
cholesterol significantly improved prediction performance in 
both LR (p = 0.002) and MLP (p < 0.001).

An odds-ratio (OR) analysis assessed these links. Diabet-
ics had 2.61× higher risk of death, and mortality increased 
by ~62% per unit of cholesterol. In addition, higher ECG 
ST-segment slope values approximately doubled to tripled the 
risk of death. In this cohort, top mortality models had preci-
sion and recall above 0.90, supporting reliable identification 
of high-risk patients. In clinical practice, risk markers beyond 
cholesterol should therefore be considered when making prog-
nostic predictions.

Comparison with prior work: Our Cleveland results are 
consistent with previous machine-learning studies that re-
port substantial gains when moving from single-biomarker 
baselines to multivariable models on the UCI Cleveland 
benchmark.11,12 Likewise, prior survival-prediction work in 
cardiology has shown that combining clinical variables can 
markedly improve mortality-risk stratification, aligning with 
our finding that multidimensional models outperform choles-
terol-only approaches in the Faisalabad cohort. Because our 
goal was to compare cholesterol’s role across two clinical con-
texts rather than exhaustively optimize algorithms, we limited 
model families to logistic regression and an MLP. Future work 
can extend this comparison to additional model classes (e.g., 
random forests, support vector machines, gradient boosting) 
using the same train/test protocol for fair benchmarking.
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Figure 5: Scatter plots showing relationships of age with resting blood 
pressure (mmHg, cholesterol (mg/dl), and max heart rate (bpm). The upward 
trend in BP/cholesterol and decline in heart rate with age produced an additive 
predictive signal, helping LR reach AUC 0.91 when age was combined with 
ECG and exercise-related features.

Figure 6: Analogous age-related trends for the Faisalabad cohort. The 
synergy of age with comorbidities such as diabetes and smoking strengthened 
mortality prediction, explaining why nonlinear MLPs achieved the highest 
prognostic accuracy.

Figure 7: Receiver-Operating-Characteristic (ROC) curves comparing LR 
and MLP across both datasets. LR slightly outperformed MLP for incident 
disease in Cleveland (AUC 0.91 vs 0.88), whereas MLP dominated for 
mortality in Faisalabad (AUC 1.00 vs 0.77). This highlights a dual-model 
strategy: interpretable LR for screening and high-capacity MLP for prognosis.
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pling, and the absence of lifestyle detail and lipid subtypes. 
Future work should incorporate temporal modeling, addition-
al biochemical and lifestyle markers, and multi-site cohorts. 
Overall, combining traditional biomarkers like cholesterol 
with modern computational methods can enable more accu-
rate, resource-aware care and better patient outcomes.

�   Limitations and Future Work 
This study provides cardiovascular risk-stratification insights 

despite limitations in dataset size, single-center sampling for 
the Faisalabad cohort, and the absence of lifestyle detail, lipid 
subfractions (e.g., LDL/HDL), and medication information. 
Additionally, a small number of cholesterol values recorded as 
0 in the Cleveland dataset may reflect the absence in the source 
data and could introduce bias in cholesterol-only analyses. To 
avoid overgeneralization, the reported performance should be 
interpreted as a comparative benchmark within these cohorts 
rather than a universally generalizable clinical tool.

Future work should incorporate external validation on in-
dependent cohorts, stronger validation practices (e.g., nested 
cross-validation and calibration analysis), and richer biochem-
ical and lifestyle markers. Where available, future analyses 
should replace total cholesterol with full lipid panels and eval-
uate sensitivity to handling of zero/placeholder values (e.g., 
treating them as missing and applying imputation or exclu-
sion). Finally, additional model families (e.g., random forests, 
SVMs, gradient boosting) can be compared under the same 
evaluation protocol to assess whether performance improve-
ments are robust across algorithms.
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ABSTRACT: MDM2 is an E3 ubiquitin ligase and the principal negative regulator of the tumor suppressor gene TP53, 
maintaining cellular homeostasis through a tightly controlled feedback loop in which p53 transcriptionally activates MDM2, 
and MDM2, in turn, ubiquitinates p53 for degradation. In several sarcomas, particularly well‑differentiated and dedifferentiated 
liposarcomas, MDM2 amplification at chromosome 12q15 suppresses p53 activity despite retention of a wild‑type TP53 gene. 
This makes the p53‑binding pocket of MDM2 an attractive therapeutic target in these tumors. Over the past two decades, eight 
small-molecule MDM2 inhibitors have entered clinical trials, including RG7112, idasanutlin, SAR405838, HDM201, APG-
115, navtemadlin, milademetan, and BI-907828, with seven advancing to later-stage evaluation. Although none have yet received 
regulatory approval, early-phase studies have demonstrated pharmacodynamic proof of concept, evidenced by p53 stabilization, 
induction of downstream targets such as p21, and tumor growth arrest in MDM2‑amplified models and patients. This study 
compares the effectiveness of these inhibitors in the context of MDM2‑amplified sarcomas, where excessive MDM2 expression 
suppresses wild‑type TP53 activity. Pharmacologic blockade of the p53–MDM2 interaction can release p53 from inhibition, 
thereby restoring its tumor‑suppressive functions and inducing cell‑cycle arrest or apoptosis in cancer cells. 

KEYWORDS: p53 Activation, MDM2 Inhibitor, Liposarcoma, Sarcoma Therapeutics, TP53 Regulation.

�   Introduction
The tumor suppressor protein p53, encoded by the TP53 

gene, plays a crucial role in protecting the genome from dam-
age. Often referred to as the ‘guardian of the genome,’ p53 
halts the cell cycle and induces apoptosis (programmed cell 
death) or senescence (irreversible growth arrest) in response to 
DNA damage or cellular stress. In this way, p53 prevents the 
proliferation of potentially cancerous cells and helps maintain 
genomic stability.1

Under normal conditions, p53 activity is tightly regulated by 
MDM2 through an autoregulatory negative feedback loop.2

In several cancers, particularly well-differentiated and de-
differentiated liposarcomas (WDLPS/DDLPS), MDM2 is 
amplified at the 12q15 chromosomal locus, leading to exces-
sive degradation of p53. Notably, many of these tumors retain 
wild-type (non-mutated) p53, which makes them particularly 
sensitive to MDM2 inhibition strategies.3

The therapeutic rationale for MDM2 inhibition is to dis-
rupt the MDM2–p53 interaction and thereby restore p53's 
tumor-suppressive functions. This can reactivate p53 signaling 
in cancers with wild-type p53, resulting in cell cycle arrest or 
apoptosis.4

This review examines the therapeutic implications of 
MDM2 inhibition in sarcomas, with a focus on the evolu-
tion from Nutlin-3 to advanced clinical compounds, including 
RG7112, Idasanutlin, and Milademetan. Special attention is 
given to the underlying mechanisms of action, resistance, and 
combination strategies to improve treatment outcomes in lipo-
sarcoma patients.

�   Methods
Tumor suppressor gene (TP53):
The tumor suppressor gene TP53 encodes the protein p53, 

which regulates a multitude of genes to maintain homeosta-
sis in the body. The transcription factor p53 (encoded by the 
TP53 gene) is often called the “guardian of the genome” be-
cause it plays a key role in maintaining genomic stability. TP53 
regulates cellular stress responses through both transcriptional 
activation and repression of downstream target genes, depend-
ing on cellular context and damage signals.

Under normal (unstressed) conditions, p53 protein levels 
remain low due to continuous breakdown by the cell’s pro-
tein recycling machinery. When cells experience stress such as 
DNA damage, low oxygen (hypoxia), or abnormal oncogene 
activation, p53 becomes stabilized and switched on. Once ac-
tive, p53 turns on a set of target genes (Figure 1) that:

• Pause the cell cycle to allow DNA repair
• Trigger apoptosis (programmed cell death)
• Induce senescence (permanent cell‑cycle arrest) if the dam-

age is beyond repair
Canonical TP53 target genes include CDKN1A (p21), which 

mediates cell-cycle arrest; pro-apoptotic genes such as BAX, 
PUMA, and NOXA; and feedback regulators such as MDM2.

This protective process is so important that loss of p53 func-
tion happens in roughly half of all human cancers.2 In tumors 
that have a normal (wild‑type) TP53 gene, p53 can still be in-
activated indirectly by changes in its regulators.5
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This network illustrates how TP53 integrates multiple cel-
lular pathways, emphasizing its central role in maintaining 
genomic stability and its frequent disruption in cancer.

MDM2 as a negative regulator of TP53:
A primary negative regulator of p53 is MDM2 (Mouse 

Double Minute 2), an E3 ubiquitin ligase and proto-oncogene. 
MDM2 binds to the N-terminal transactivation domain of 
p53, blocking its transcriptional activity and adding ubiquitin 
tags that mark p53 for proteasomal degradation. MDM2 also 
transports p53 from the nucleus to the cytoplasm, promoting 
its degradation. This continuous surveillance maintains low 
basal p53 levels in unstressed cells. MDM2 itself is a tran-
scriptional target of p53, creating an autoregulatory negative 
feedback loop as indicated in Figure 2: p53 activation induces 
MDM2 expression, and MDM2 then degrades p53 to restore 
homeostasis. This feedback ensures p53 is restrained under 
normal growth, but can rise rapidly under stress.6 Under DNA 
damage or oncogenic stress, activation of ATM/ATR and 
downstream checkpoint kinases leads to phosphorylation of 
TP53 and MDM2, reducing their binding affinity and pre-
venting ubiquitin-mediated degradation of p53.

Role of MDM2 in sarcomas:
MDM2 is a protein that plays a significant role in several 

types of sarcomas, which are malignant tumors that origi-
nate from mesenchymal tissues such as bone, fat, muscle, and 
cartilage.7 These tumors include well-differentiated and dedif-
ferentiated liposarcoma, a subtype arising from adipocytic (fat) 
tissue that frequently shows high-level amplification.8 MDM2 
amplification is a defining hallmark of such sarcomas, and its 
interaction with the tumor suppressor p53 has emerged as an 
actionable therapeutic target.9

In certain sarcomas, particularly well-differentiated and 
dedifferentiated liposarcomas (WDLPS/DDLPS), the regu-
latory axis between MDM2 and p53 is hijacked by MDM2 
gene amplification at chromosome 12q13–158 (Figure 3). A 
majority of these tumors retain wild-type TP53, meaning that 
p53’s inherent tumor-suppressive function is not lost to mu-
tation. Instead, p53 is rendered inactive upstream by MDM2 
overactivity. Alternative splicing of MDM2 has been reported 
in high–mutational-burden sarcomas, though current inhibi-
tors largely target conserved N-terminal binding sites; data on 
variant-specific drug sensitivity remain limited.

For patients with advanced soft tissue sarcomas, treatment 
options remain limited, particularly once the disease recurs or 
metastasizes. Standard chemotherapy often produces short-
lived responses, and durable disease control is uncommon. This 
therapeutic gap has driven interest in molecularly targeted 
approaches, especially in sarcoma subtypes where well-de-
fined genetic alterations, such as MDM2 amplification in 
TP53–wild-type tumors, provide a clear biological rationale 
for intervention.

�   Results
Clinical Development of MDM2 Inhibitors:
Building on the biological framework described above, 

MDM2 inhibitors have been developed to therapeutically ex-
ploit p53 suppression in MDM2-amplified sarcomas.

Well-differentiated and dedifferentiated liposarcomas are 
among the sarcoma subtypes most closely linked to MDM2 
dysregulation. These tumors frequently harbor high-level 
MDM2 amplification while retaining wild-type TP53, creat-
ing a setting in which p53 function is suppressed rather than 
genetically lost. As a result, pharmacologic disruption of the 
MDM2–p53 interaction offers a direct means of restoring tu-
mor-suppressive signaling. This genetic alignment has made 
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Figure 1: Interaction network of TP53 showing key transcriptional targets 
and regulatory partners involved in cell cycle control, apoptosis, and stress 
response (Human Protein Atlas). The above diagram was accessed from the 
Structure & Interaction resource of ‘The Human Protein Atlas’. The Human 
Protein Atlas is a Global Core Biodata Resource in life sciences, based at 
SciLifeLab.

Figure 3: Location of the human MDM2 gene on chromosome 12 
(GRCh38/hg38 assembly) and corresponding nucleotide coordinates. This 
genomic map highlights the placement of MDM2 within the 12q15 region, 
a locus frequently amplified in sarcomas, particularly well-differentiated 
and dedifferentiated liposarcomas. Such amplification drives oncogenesis 
by increasing MDM2 expression, which in turn suppresses p53 activity and 
promotes tumor growth. Source: NCBI Gene [Gene ID: 4193], National 
Center for Biotechnology Information. Available at: https://www.ncbi.nlm.
nih.gov/gene/4193/

Figure 2a - Figure 2b: Regulation of p53 by MDM2 under homeostasis 
and stressed conditions. Under normal conditions, MDM2 ubiquitinates p53, 
maintaining low basal levels and preventing unnecessary cell-cycle arrest. 
Under stress, MDM2 inhibition stabilizes p53, enabling a rapid tumor-
suppressive response through cell-cycle arrest or apoptosis.
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liposarcoma a primary clinical focus for the development and 
evaluation of MDM2 inhibitors.

Following the proof-of-concept with Nutlin-3, successive 
generations of small-molecule inhibitors have been developed 
and evaluated in preclinical and clinical settings. These key 
compounds and their effects in vivo and in vitro are reviewed 
in Table 1 below.

Across MDM2 inhibitors evaluated in sarcoma, efficacy re-
porting has been heterogeneous, with formal survival metrics 
such as median PFS, OS, and hazard ratios available only for 
select agents, most notably milademetan.

This table highlights the evolution of MDM2 inhibitors 
from the prototype Nutlin-3 to advanced clinical candidates. 
While Nutlin-3 provided proof of the therapeutic principle by 
stabilizing p53 and revealing stress-related vulnerabilities, sub-
sequent molecules such as RG7112, MI-77301, BI-907828, 
and siremadlin (HDM201) demonstrated improved potency 
and clinical translatability.

Nutlin-3 (p53-MDM2 inhibitor):
Nutlin‑3 is a landmark small-molecule inhibitor from the 

cis‑imidazoline chemical series.9 By occupying the p53-bind-
ing site on MDM2, it releases and stabilizes p53, rapidly 
reactivating its tumor suppressor functions (Figure 4a). At the 
sequence level, the specific amino acid residues involved in 
Nutlin binding can be visualized through Figure 4b.

In sarcoma models with wild-type TP53 and MDM2 
overexpression, including Ewing sarcoma and osteosarcoma 
cell lines, Nutlin-3 strongly stimulated p53-dependent gene 
expression (notably p21and PUMA), resulting in cell-cycle 
arrest and apoptosis.19 Significantly, Nutlin‑3 induced robust 
tumor regressions in sarcoma xenograft models.20 Beyond re-
activating canonical p53 programs, Nutlin‑3 also exposes new 
cellular vulnerabilities that can be exploited therapeutically:

Proteotoxic stress: Nutlin‑3 treatment was shown to increase 
the production and breakdown of proteins inside liposarcoma 
cells, a process involving the proteasome.21 This cellular com-
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Table 1: The list of MDM2 inhibitors and their effects.

Figure 4a: Crystal structure of MDM2 bound to Nutlin-3a (PDB ID: 
4HG7). The MDM2 protein is shown in ribbon format (magenta), and the 
Nutlin molecule is shown interacting at 11 residues, highlighted in yellow.

Figure 4b: Protein sequence annotation of MDM2 (UniProt: Q00987), 
displaying the structural features and positions of Nutlin-interacting 
residues. Source: These figures were generated using iCn3D ("I see in 3D"), 
a WebGL-based viewer developed by NCBI for interactive visualization of 
three-dimensional macromolecular structures and their chemical interactions.
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A landmark Phase I trial tested RG7112 as a neoadjuvant 
therapy in patients with MDM2‑amplified well‑ or de-
differentiated liposarcoma (WDLPS/DDLPS).3 It clearly 
demonstrated increased intratumoral expression of p53 and 
p21, as well as reduced tumor proliferation. Most patients 
experienced disease stabilization, meaning tumor growth was 
halted rather than reversed. This study provided pharmacody-
namic proof that p53 can be reactivated in MDM2-amplified 
sarcomas.

However, clinical utility was hindered by frequent hemato-
logic side effects (notably thrombocytopenia and neutropenia) 
that necessitated dose interruptions. High-dose requirements 
and variable oral absorption also limited the long-term use of 
RG7112, so more potent and better-tolerated compounds suc-
ceeded it.

Idasanutlin:
Idasanutlin (RG7388) is a more potent, pyrrolidine-core 

MDM2 inhibitor with high oral bioavailability. Unlike Nut-
lin‑derived molecules, idasanutlin features a pyrrolidine core 
that improves its fit within the MDM2 binding pocket and 
enhances its drug‑like properties.26 This structural innovation 
results in ~10‑fold greater potency than RG7112 in cellular 
assays, with a reported MDM2 binding IC₅₀ of ~6 nM.26 (IC₅₀ 
is the concentration of drug needed to inhibit 50% of its target 
activity; single‑digit nanomolar values indicate extremely high 
potency, whereas earlier Nutlin compounds typically had IC₅₀ 
values in the tens of nanomolar range.)

Idasanutlin also exhibits markedly better oral bioavailabili-
ty, allowing for shorter and more convenient dosing regimens. 
Most clinical protocols use five consecutive days of treatment 
in a 28‑day cycle, rather than the prolonged schedules required 
for RG7112.

Notably, idasanutlin demonstrated favorable combinations 
with proteasome inhibitors and FGFR/CDK4 inhibitors (re-
flecting key resistance escape mechanisms in liposarcoma). 
Clinically, most data are from AML trials (~25% CR with cy-
tarabine), but early-phase sarcoma data show stable disease and 
occasional regressions. Hematologic side effects persisted but 
were less frequent/severe with intermittent dosing.27

One example is pairing idasanutlin with carfilzomib, a drug 
that blocks the proteasome (the cell’s protein‑degrading sys-
tem). This combination created high levels of proteotoxic stress 
and triggered much stronger apoptosis than either drug alone. 
Another promising approach is combining idasanutlin with 
inhibitors of the fibroblast growth factor receptor (FGFR) 
pathway. FGFR signaling is often upregulated in DDLPS, pro-
viding tumor cells with an alternate survival route even when 
p53 is reactivated. In preclinical studies, combining idasanutlin 
with the FGFR inhibitor erdafitinib suppressed proliferation 
and induced apoptosis far more effectively than either drug 
alone, often achieving tumor regressions.28 This synergy likely 
works as blocking FGFR removes one of the key pathways tu-
mor cells use to resist p53‑mediated stress.

plex degrades unwanted or damaged proteins. This surge in 
protein turnover creates proteotoxic stress; the cell accumu-
lates misfolded proteins that overwhelm its quality‑control 
systems. This stress activates a pathway involving ATF4 and 
CHOP, two transcription factors normally turned on during 
endoplasmic reticulum stress (a cellular alarm triggered by 
protein overload). When researchers knocked out these genes 
using CRISPR, Nutlin‑3‑induced cell death was reduced, 
proving that this stress pathway contributes to Nutlin’s cy-
totoxicity. A genome‑wide CRISPR screen also highlighted 
PSMD9, a component of the proteasome, as a key factor in 
Nutlin sensitivity; cells lacking PSMD9 were resistant to Nut-
lin‑3, indicating that an active proteasome is necessary for the 
drug’s full effect.

These findings led to rational combination strategies. 
Pairing Nutlin‑3 with carfilzomib (a proteasome inhibitor) 
amplified cell death: by further weakening the proteasome, 
carfilzomib heightened the stress caused by Nutlin‑3, boost-
ing pro‑apoptotic signals like CHOP and NOXA and causing 
dramatic apoptosis in sarcoma models.

Ferroptosis sensitivity: In preclinical model systems, Nut-
lin-3 has been shown to sensitize certain p53–wild-type tumor 
cell lines to ferroptosis, an iron‑dependent form of cell death 
caused by lipid peroxidation. p53 activation by Nutlin‑3 re-
presses the cystine transporter SLC7A11, lowering the cell’s 
antioxidant defenses and making it more vulnerable to ferro-
ptosis inducers such as erastin. Pre‑treating cells with Nutlin‑3 
followed by erastin led to markedly increased lipid ROS and 
cell death compared to either drug alone.22

DNA damage and extrinsic apoptosis pathways: Nutlin‑3 
also synergizes with chemotherapies such as doxorubicin. In 
breast cancer models, Nutlin‑3 enhanced doxorubicin‑induced 
apoptosis by boosting p53 activity.23 Interestingly, Nutlin‑3 
can also engage the related p73 tumor suppressor pathway: in 
some p53‑mutant cancers, Nutlin‑3 triggers apoptosis via p73 
activation.24 This suggests that MDM2 inhibitors may retain 
partial activity even when p53 is mutated, expanding their po-
tential therapeutic reach.

These vulnerabilities are beneficial in therapy design: they 
reveal stress points that combination drugs (e.g., proteasome 
inhibitors or ferroptosis inducers) can exploit to achieve stron-
ger tumor killing than Nutlin‑3 alone.

Despite strong preclinical activity, Nutlin‑3 was unsuitable 
for clinical use due to its poor pharmacokinetic properties: 
high doses for effect, low oral bioavailability, rapidly cleared 
from the body.25 These issues prompted the development of 
next‑generation MDM2 inhibitors (e.g., RG7112, idasanutlin, 
milademetan) with improved drug‑like properties.

RG7112:
RG7112 was the first clinical‑stage, orally bioavailable 

MDM2 antagonist to enter human trials, derived directly 
from the Nutlin scaffold but optimized for improved bind-
ing and solubility. In preclinical studies, RG7112 bound to 
MDM2 with nanomolar affinity, reactivated p53 signaling in 
MDM2‑amplified models, and induced tumor growth inhi-
bition.3
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Its efficacy is dependent on the presence of intact p53, making 
patient selection critical. Despite promising preclinical results, 
clinical progression has been limited, and development slowed 
to focus on more advanced analogs.30

BI‑907828:
BI‑907828 is an optimized, long-acting oral derivative of 

MI‑77301. It has induced complete tumor regressions in 
DDLPS patient-derived xenograft models and has demon-
strated promising clinical activity in early-phase sarcoma 
trials. This compound represents an advanced candidate for 
combination therapies aimed at improving clinical outcomes 
in sarcomas harboring MDM2 amplification.31

Navtemadlin (KRT‑232 / AMG‑232):
Navtemadlin (KRT‑232) is an oral MDM2 inhibitor origi-

nally developed by Amgen (as AMG‑232)18 and now advanced 
by Kartos Therapeutics. It is one of the most potent MDM2 
antagonists reported to date, showing substantially higher ac-
tivity in biochemical and cellular assays compared to RG7112 
or idasanutlin. In preclinical studies, navtemadlin induced 
rapid p53 stabilization, cell-cycle arrest, and apoptosis across 
multiple MDM2-amplified tumor models. It is currently in a 
Phase III trial for myelofibrosis, where the therapeutic goal is 
to eradicate malignant hematopoietic progenitor cells through 
p53 reactivation selectively. Navtemadlin is also being studied 
in combination with radiation therapy for soft tissue sarcomas 
(NRG‑DT001) to determine whether MDM2 inhibition can 
radiosensitise these tumors, paralleling the synergy seen with 
Nutlin‑3 in preclinical systems.32

ALRN‑6924 (Sulanemadlin):
Tumors often upregulate MDMX as an escape mechanism 

under selective pressure from Nutlin-class drugs. ALRN‑6924 
(sulanemadlin) is a stapled peptide that mimics the alpha-heli-
cal region of p53 that interacts with both MDM2 and MDMX, 
thereby displacing p53 from both inhibitors simultaneously. In 
a Phase I trial in wild-type p53 solid tumors, ALRN‑6924 
demonstrated favorable tolerability, with notably lower rates 
of thrombocytopenia than small-molecule MDM2 inhibi-
tors. The trial reported a 59% disease control rate, including 
some complete and partial responses. Although ALRN‑6924’s 
development pivoted toward chemoprotection, exploiting its 
ability to activate p53 in healthy tissues to shield them from 
chemotoxicity, its dual-targeting concept remains highly rele-
vant for overcoming resistance in MDM2-amplified cancers.12

Siremadlin (HDM201):
Siremadlin (HDM201) is a second‑generation oral MDM2 

inhibitor with high selectivity and potency, designed to mi-
nimise off‑target effects. In MDM2‑amplified sarcoma 
preclinical models, siremadlin activated p53 signalling, up-
regulated p21, and caused growth arrest or apoptosis. Its 
combination with DNA‑damaging chemotherapy showed 
synergistic effects.

In Phase I/II studies, siremadlin produced early signs of 
activity in MDM2‑amplified sarcomas using intermittent 

Milademetan:
Milademetan is a third-generation oral MDM2 inhibitor 

specifically optimized for increased potency and tolerability 
in MDM2-amplified sarcomas. Its primary innovation is an 
intermittent dosing strategy (3 days on, 11 days off: “3/14”), 
developed to allow periods of p53 activation for antitumor ef-
fect while reducing sustained toxicity, particularly to the bone 
marrow. This schedule was shown in clinical trials to dramat-
ically lower the risk and severity of side effects such as low 
platelets and neutropenia compared to continuous exposures 
seen with earlier MDM2 inhibitors.

In a Phase I study focusing on patients with advanced 
solid tumors, including a large dedifferentiated liposarco-
ma (DDLPS) expansion cohort, milademetan demonstrated 
meaningful clinical activity.11 The overall disease control rate 
in DDLPS was as high as 58–62%, with a median pro-
gression-free survival nearing 7 months. Several patients 
experienced durable stable disease, and modest tumor shrink-
ages were observed, even if objective response rates remained 
low, consistent with the primarily cytostatic nature of p53 
monotherapy in these tumors. Side effect profiles were man-
ageable, with the majority of adverse events being mild and 
the intermittent schedule notably decreasing the frequency of 
more serious treatment-related cytopenias.

The subsequent Phase III MANTRA trial, compar-
ing milademetan against trabectedin in advanced DDLPS, 
confirmed that oral intermittent MDM2 inhibition was as 
effective as standard chemotherapy in delaying tumor pro-
gression, but with fewer drug-related discontinuations and 
no treatment-related deaths. However, milademetan was not 
superior for progression-free survival or tumor response rates, 
so further development as a single agent for liposarcoma has 
been deprioritized.29

Although objective response rates were limited, the observed 
median progression-free survival of approximately 7 months 
in the DDLPS cohort exceeds historical outcomes with con-
ventional chemotherapy, indicating that MDM2 inhibition 
primarily confers clinically meaningful disease stabilization 
rather than tumor regression.

Other MDM2 Inhibitors and Future Directions:
Beyond Nutlin-3, RG7112, idasanutlin, and milademetan, 

several additional MDM2-targeted therapies and related strat-
egies are under development. These compounds either refine 
the Nutlin-class mechanism or expand into dual inhibition of 
MDM2 and its homolog MDMX (also known as MDM4).

Together, they represent the next wave of attempts to fully 
reactivate wild-type p53 in cancers where MDM2 overexpres-
sion drives tumorigenesis.

MI‑77301 (SAR405838):
MI‑77301 (SAR202) is a spirooxindole-based MDM2 

inhibitor designed for increased potency and selectivity com-
pared to earlier compounds. It achieves tumor regression by 
restoring the p53 transcriptional program, effectively inducing 
apoptosis in models of dedifferentiated liposarcoma (DDLPS) 
that retain wild-type TP53 and have MDM2 amplification. 

DOI: 10.36838/IJHSR88.61

	 ijhighschoolresearch.org



	 66	

dosing schedules to manage cytopenias. It is being evaluated in 
both solid and hematologic malignancies.33

APG‑115:
APG‑115 is a selective oral MDM2 inhibitor that not only 

restores p53 activity but also exerts immunomodulatory effects. 
“Preclinical studies indicate that APG-115 can enhance an-
titumor immune responses, particularly in combination with 
PD-1 blockade. Trials in patients with solid tumors, including 
sarcomas, have shown tolerable safety and preliminary evidence 
of durable disease control, especially when used in combination 
with immunotherapy.34

Resistance to MDM2 inhibitors:
Drug resistance is a major clinical challenge for MDM2 in-

hibitor therapy in sarcoma. One predominant mechanism is 
the emergence of TP53 mutations during treatment: prolonged 
exposure to Nutlin-class inhibitors often leads to selection of 
new missense mutations within the p53 DNA-binding do-
main, thereby inactivating its transcriptional and apoptotic 
functions and rendering MDM2 inhibition ineffective.9 Lab-
oratory studies have repeatedly demonstrated the evolution 
of such p53 mutations following Nutlin-3 adaptation, high-
lighting the need either to deliver combination or time-limited 
therapies that prevent this evolutionary escape, or to target mu-
tant p53 directly with agents like APR-246.21

A second escape route is MDMX (MDM4) upregulation: 
as Nutlin-class drugs only break the p53-MDM2 interaction, 
many tumors rapidly increase MDMX expression to contin-
ue suppressing p53 even when MDM2 is blocked.12 Dual 
MDM2/MDMX antagonists, such as ALRN-6924, are now 
in trials specifically to circumvent this bypass.

Resistance can also arise from shifts in the apoptotic thresh-
old. As p53-driven apoptosis increases, tumor cells respond 
by upregulating anti-apoptotic proteins such as BCL-2 and 
BCL-XL. Combining MDM2 inhibitors with BH3 mimet-
ics (such as venetoclax or navitoclax) can block these survival 
pathways and restore apoptotic death.14

Oncogenic signaling crosstalk also facilitates therapeutic es-
cape. In liposarcomas bearing CDK4 amplification or elevated 
FGFR activity, additional pathway activation makes tumor 
cells less reliant on the MDM2–p53 axis. Rational combi-
nations with CDK4/6 inhibitors (e.g., palbociclib) or FGFR 
inhibitors (e.g., erdafitinib) have shown resensitization in pre-
clinical models.

Finally, the dosing schedule is key: continuous MDM2 in-
hibitor exposure accelerates the selection of resistant clones, 
while intermittent dosing, such as the 3/14 milademetan pro-
tocol, preserves efficacy and delays resistance. These resistance 
mechanisms and their therapeutic implications are summa-
rized schematically in Figure 5.

Evolving Strategies:
Emerging strategies for resistance include dual MDM2/

MDMX inhibition by new-generation molecules, which block 
both arms of p53 repression and may preempt the most fre-
quent bypass. Temporal sequencing and dynamic (primed or 
pulse) combination regimens are now utilized to heighten 
tumor vulnerability, for example, by first using an MDM2 in-
hibitor to synchronise sarcoma cells, then applying a targeted 
or cytotoxic second agent.

Beyond apoptosis, leveraging sensitization to extrinsic death 
via p53-driven upregulation of death receptors like TRAIL-R2, 
in combination with TRAIL agonists or immune modulators, 
is an active area of preclinical research.3 Similarly, combining 
MDM2 inhibition with immunotherapy (e.g., PD-1/PD-L1 
blockade) takes advantage of p53’s role in fostering a pro-im-
munogenic tumor environment, and such approaches have 
entered clinical trials.

Finally, alternative cell death pathways, such as ferroptosis, 
are being targeted. Nutlin-class compounds sensitize cells to 
ferroptosis inducers (e.g., erastin), providing another tactic 
against apoptosis-resistant or heavily pretreated tumors. Adap-
tive, patient-specific therapy regimens shaped by real-time 
molecular monitoring are under development to further indi-
vidualize and prolong MDM2 pathway responses. These are 
summarized in Table 2.
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Figure 5: Conceptual overview of resistance mechanisms to MDM2 
inhibition.

Table 2: Mechanisms of resistance to MDM2 inhibition and strategies to 
overcome them.
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This table emphasizes that newly acquired TP53 muta-
tions are a critical resistance mechanism, rendering MDM2 
inhibitors ineffective by abolishing p53’s transcriptional ac-
tivity. Importantly, it highlights how therapeutic strategies 
such as shortening exposure windows or targeting mutant p53 
may help circumvent this resistance and extend the utility of 
MDM2 inhibitors.

Beyond biological resistance, several broader limitations have 
shaped the clinical trajectory of MDM2 inhibitors in sarcoma. 
Dose-limiting hematologic toxicities, particularly thrombo-
cytopenia, have constrained continuous dosing strategies and 
limited therapeutic windows. In addition, objective tumor re-
gressions remain uncommon with monotherapy, with clinical 
benefit often manifesting as disease stabilization rather than 
durable responses. Finally, variability in trial design and end-
points across studies complicates cross-agent comparison and 
has slowed regulatory progress in sarcoma indications.

�   Conclusion 
The evolution from Nutlin‑3 to second‑generation idasanu-

tlin and third‑generation milademetan has firmly established 
the principle of pharmacologic p53 reactivation in cancer ther-
apy. In MDM2‑amplified sarcomas such as liposarcoma, where 
TP53 remains wild‑type, these drugs exploit a unique vulner-
ability: the tumor’s dependence on MDM2 overexpression to 
suppress p53.

Preclinical models have even demonstrated complete tumor 
regression with potent p53 reactivation, while clinical trials 
have shown prolonged disease stabilization in a subset of pa-
tients. However, consistent tumor shrinkage with monotherapy 
remains uncommon. Therapeutic challenges include the in-
trinsic p53–MDM2 (and MDMX) feedback loop, alternative 
tumor survival pathways, and on‑target toxicities, particularly 
dose‑limiting thrombocytopenia from p53 activation in normal 
tissues. Intermittent dosing, as with milademetan, has shown 
that efficacy and tolerability can be balanced, as confirmed by 
its Phase III trial, which demonstrated comparable activity but 
better safety than standard chemotherapy.

Future progress will rely on combination strategies that 
amplify p53‑driven stress, such as pairing MDM2 inhibitors 
with proteasome inhibitors, ferroptosis inducers, TRAIL‑re-
ceptor agonists, BH3 mimetics, or targeted kinase inhibitors. 
Dual MDM2/MDMX inhibitors may overcome resistance 
mediated by MDMX upregulation, and biomarker‑guided 
patient selection, focusing on high MDM2 amplification, low 
MDMX expression, and intact p53, will be essential for max-
imizing benefit.

Next‑generation agents like BI‑907828 and navtemadlin 
promise greater potency, improved pharmacokinetics,34 and 
potential synergy with immune checkpoint blockade, enabling 
p53 reactivation to work in concert with immune‑mediated 
tumor clearance. With these refinements, the field is moving 
toward liberating the guardian of the genome into durable 
clinical benefit for sarcoma patients.
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ABSTRACT: This study investigated building roof heating and cooling mechanisms through experimental testing and finite 
element modeling. We hypothesized that an optimum operating point exists for minimizing heat absorption while maximizing 
heat convection and radiation. Experiments were conducted on a model home with various roofing materials and coatings in a 
controlled environment. 3-D Finite Element Modeling simulations were performed to study different heating mechanisms. Results 
showed that impervious layers blocking convective cooling were less efficient than expected. A porous cover on the roof offered 
the best performance. Simulations highlighted the importance of radiative and convective cooling mechanisms in preventing 
excessive heating. Based on these findings, we propose a smart roof design to conserve energy utilization. This research combines 
experimental data from a smaller-scale prototype under controlled conditions with simulation to understand the problem of 
designing season-agnostic smart roofs, potentially leading to innovative technological improvements in building energy efficiency.  

KEYWORDS: Energy: Physical, Sustainable Design, Heat Transfer Optimization, Finite Element Modeling (FEM).

�   Introduction
In countries such as the United States, ~40% of the total 

energy consumption is in buildings, with ~50% of residential 
housing energy used for heating and cooling to maintain a 
desirable indoor temperature (~22°C).1 The choice of roofing 
material significantly impacts building heat retention and en-
ergy efficiency. As global temperatures rise and energy costs 
increase, optimizing building thermal performance has become 
a critical area of research. Gaining a physics-based understand-
ing of heat transfer into and out of a home can help design and 
implement intelligent roofing systems that adapt to changing 
environmental conditions.

Current research in this field often focuses on individual 
aspects of heat transfer or specific materials, with much atten-
tion given to increasing/decreasing radiative cooling. Radiative 
cooling refers to the process by which surfaces emit thermal 
radiation to dissipate heat. In building applications, this al-
lows roofs to cool below ambient air temperature, even during 
daytime. Past research on daytime radiative cooling, while suc-
cessfully reducing cooling energy consumption, typically used 
materials with fixed, cooling-optimized properties.1 These 
materials efficiently emit thermal radiation even when the sur-
face temperature of the surface is lower than desired, such as at 
night or in the winter.1 This unwanted thermal radiative cool-
ing will increase the energy consumption for heating and may 
offset the cooling energy saved in hot hours or seasons.1  

The research community acknowledges this issue well.1, 2 To 
cut the heating penalty from overcooling, techniques have been 
attempted to switch off thermal radiative cooling at low tem-
peratures.1 Although effective in switching, these techniques 
typically require either additional energy input or external ac-
tivation, and in some cases, complex mechanical moving parts 

achieve switching.1 Examples include temperature-controlled 
phase change structure,3 deployable radiators with loop heat 
pipe,  and  4 switchable cavitation coatings.5 In an example 
of active control, Zhao et al. describe forming a bifunctional 
layer using a silicone film on a carbon block film that can be 
switched from one state that absorbs radiation to another state 
that allows radiative cooling.5 On the other hand, a passive 
solution using vanadium oxide called temperature-adaptive ra-
diative coating has been proposed that does not require active 
intervention.1  

Despite this progress, such technology is still nascent and 
many years from commercial adoption, presumably requiring 
many years of development and testing. In addition, these solu-
tions only consider minimizing radiative cooling and do not 
consider controlling conductive cooling, which is an equally 
important mechanism of heat transfer.

Thus, a significant gap exists in understanding how various 
heat transfer mechanisms interact in real-world conditions. 
While finite element modeling has been extensively applied 
to building thermal analysis, including roof heat transfer opti-
mization and envelope performance studies, these approaches 
typically examine static material properties or focus on individ-
ual heat transfer mechanisms rather than investigating adaptive 
systems that can dynamically respond to seasonal variations. 
While it is nearly impossible to systematically study a real 
home's energy usage as a function of the external environment 
due to large variations in outside weather, a model home with 
a lower heat capacity can be studied within a constrained envi-
ronment, providing valuable feedback.

This study aims to bridge this gap by combining exper-
imental analysis with finite element modeling to investigate 
the complex interplay of conduction, convection, and radia-
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tion in roofing systems.  Using a scaled model and controlled 
environment, we can isolate and analyze these heat trans-
fer mechanisms more precisely than possible in a full-scale 
building. Our research specifically focuses on exploring the 
potential of porous materials and adaptive systems in roofing, 
hypothesizing that an optimal balance exists for a specific use 
case. This approach differs from traditional methods that often 
prioritize insulation at the expense of beneficial heat transfer 
during cooler periods.

The goal of this work is twofold. First, we want to compre-
hensively understand the thermal behavior of various roofing 
materials and designs under controlled conditions. Second, we 
want to use this understanding to propose a smart roof design 
that can adapt to seasonal changes, minimizing energy con-
sumption year-round.

By integrating experimental data with computer simulations, 
we aim to provide insights that can guide the development of 
more energy-efficient and climate-responsive building tech-
nologies. This innovative approach, combining small-scale 
experimental analysis with finite element modeling, offers a 
unique perspective on roofing system optimization. We are 
unaware of any other work that used a combination of exper-
imental data performed on a smaller-scale prototype under 
a controlled environment and simulation to understand this 
problem of designing a season-agnostic smart roof.  

The findings from this research can contribute significant-
ly to sustainable architecture and energy conservation efforts 
in the built environment. They could potentially lead to the 
development of adaptive roofing systems that dramatically re-
duce energy consumption in buildings across various climates.

Background Information:
 Conduction, convection, and radiation are the primary heat 

transfer mechanisms in building roofs. While these mecha-
nisms are generally well understood in isolation, their complex 
interplay in real-world conditions presents significant chal-
lenges.

1. Absorption by air of Electromagnetic Radiation (EMR) 
from a heat source: The air around the house absorbs a small 
fraction of the light from the heat source, typically contained 

in the infrared spectrum, increasing the ambient air tempera-
ture.

2. Conduction through air: Heat transfer occurs, especially 
in structures with a high surface-to-volume ratio, despite the 
air's poor thermal conductivity.

3. Convection through the air: Convection is the primary 
heat transfer phenomenon in fluids and is likely important. 
The hot air around the home can cause a convection current, 
with hot air rising away from the house and cold air moving 
toward the house.

4. Radiation through air: All objects emit radiation based on 
their temperature, including the air itself, which radiates heat 
in all directions.

5. Reflection / Absorption of heat at the roof: The roof 
absorbs any remaining electromagnetic radiation that is not 
absorbed by the air or reflected. The amount absorbed depends 
on the roof 's material and color.

6. Conduction through the roof: Various layers of the roof 
conduct heat into the main body of the home. Traditional 
solutions focus on limiting this component, but this can also 
reduce beneficial heat gain during cooler periods, such as on 
a sunny winter day, as is typical in the Southwest US winters.

7. Radiation from the roof: The roof of the building radiates 
heat back into the atmosphere. It is typically the hottest part 
of the building.

8. Convection between the roof and air: As cold air from 
above contacts the warm roof, it absorbs heat and rises, con-
tributing to heat transfer.

9. Convection between the roof and inside the house: Sim-
ilar to the roof/air boundary, air currents within the home 
contribute to heat transfer.

10. Radiation in the home: The hot roof also radiates heat 
into the house's interior.

11. Conduction within the room: While likely playing a mi-
nor role, heat conducts through the air inside the house.

12. Convection within the room: As the room heats up, con-
vection currents are established inside the house.

13. Heat transfer to the ground: Heat can transfer to the 
ground via the floor through conduction, radiation, and con-
vection.

The complex interplay of these heat transfer mechanisms in 
building roofs presents challenges and opportunities for en-
ergy-efficient design. Our study explores how various roofing 
materials and designs, particularly porous materials and adap-
tive systems, can influence these heat transfer processes. By 
examining the balance between conduction, convection, and 
radiation, we aim to identify innovative roofing solutions that 
can effectively manage heat transfer across different seasons 
and climatic conditions, potentially leading to significant im-
provements in building energy efficiency.

�   Experimental Details: Method For Phase 1
Roof Experiment:
The steps below describe the process of collecting ex-

perimental data after building a model home, i.e., a smaller 
prototype with a lower thermal mass, which can be more easily 
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Figure 1: The various heat transfer mechanisms are at work when heat 
flows across the roof of a home. Straight arrows indicate conduction, curved 
arrows show convection, wavy lines represent radiation, and dashed lines show 
reflection. Numbered mechanisms correspond to detailed descriptions in the 
text.
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tested. The model home contains two separate units that are 
brought together: a base representative of the house's living 
space and a roof structure representative of the attic. The roof 
structure can be attached to the base to form a model home. 
The roof structure is designed to be a triangular prism typical 
of home roofs. The model home dimensions were as follows: 
a base unit measuring 11in by 6in by 4.5in (length × width × 
height), with roof structures forming triangular prisms. Crit-
ical thermal components included roof material thickness of 
3 mm, wall thickness of 5 mm, and internal air volume of 
approximately 9 liters. Several different roof structures were 
fabricated and attached for testing as needed. The roof struc-
tures were identical in size and shape, but the only difference 
was what was on the outermost layer facing the heat lamps. 
Besides the black roof (control), these included roofs painted 
with lighter-colored and photochromic paint. Sometimes, a 
layer (aka sun shade) was attached to the roof instead of having 
a different coating. This layer could be an impervious fabric or 
meshes with varying degrees of porosity.

The following describes the experimental procedure for col-
lecting the data.

The control roof (black spray-painted) is attached to the 
base unit. The model home is positioned on a table under 
two 75-watt halogen lamps above the roof surface, providing 
a combined 150 watts of heating power. While the exact heat 
flux reaching the model was not directly measured, this setup 
simulates realistic solar heating scenarios. The heating cycle 
is initiated. After turning on the lamps, temperatures within 
and on the walls are measured every 10 seconds for 3 min-
utes, every 30 seconds from 3 minutes to 10 minutes, every 
minute from 10 minutes to 25 minutes, and every 5 minutes 
from 25 minutes to 45 minutes (recorded in seconds). Prior 
testing showed that 45 minutes was sufficient to reach a steady 
temperature. After measuring the heating rate, the lamps are 
turned off, and temperature measurements during cooling be-
gin at the same time intervals to initiate the cooling cycle. This 
process is repeated at least three times. Following the control 
experiment, the model home is removed, and a different roof 
configuration is attached, following Table 1, for the types of 
sunshades. For each roof, steps 2-5 are repeated to obtain a 
series of heating and cooling curves.

Phase 2 – Simulated Experiments:
In this research phase, we developed the structure of the 

model home in 3-D solid modeling software. We simulated 
some of the thermal mechanisms described above in 3-D Fi-
nite Element Modeling (FEM) software.

Background Information:
We explored various tools such as Energy2D and 6 Octave 

before deciding on the ANSYS OnScale platform.7 OnScale 
Solve is a cloud-based engineering simulation software.8 On-
Scale is a 3D Finite Element Modeling software that can 
solve static thermal equations. Because it was a cloud-based 
platform, it provided an easily accessible high-performance 
computing platform for performing mechanical, thermal, and 
fluid analyses. However, OnScale Solve requires input from a 
solid model (CAD). 

OnShape is cloud-based 3D solid modeling software that 
generates solids.9 The output from OnShape can be input into 
OnScale, allowing us to explore the designs.

Creating a 3D Solid Model:
In this project phase, we developed the structure of the 

model home, as shown in Figure 2, in a 3-D solid modeling 
software called OnShape. This involved the following basic 
steps.

1. Measurements: The dimensions of the experimental pro-
totype from phase one were measured along with the design 
elements. All relevant design elements, including roof angles, 
wall thicknesses, and internal structures, were documented.

2. Model Development: A 3-D virtual prototype home with 
a hollow triangular prism roof with a solid side wall with the 
same dimensions as the experimental prototype was created in 
Ansys OnShape.

3. The 3-D virtual prototype home was placed on a virtual 
table, as in the experiments.

Creating 3D FEM Model:
The steps below can be simulated to produce a thermal 

distribution, as shown in Figure 3. The solid model from On-
Shape was imported into OnScale, and various material and 
simulation parameters were set.

OnScale allows the materials to be selected.  For our simula-
tion, all the walls and roof of the virtual prototype home were 
chosen to be made of wood, while the table was selected to be 
made of plastic.

Next, the thermal simulation parameters and boundaries 
were set up in the Physics tab. The ambient temperature was 
selected to be 20 degrees C. A radiative boundary condition 
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Figure 2: The 3-D Solid Model of the prototype gable roof. Figure 2 shows 
a prototype gable roof with the same dimensions as the experimental model 
created through OnShape.

Table 1: Phase 1 variables.
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The FEM simulations quantified the relative contribution 
of each heat transfer mechanism by systematically including 
or excluding specific physics. Figure 9 shows the temperature 
distributions for four simulation conditions, with the following 
maximum roof surface temperatures recorded:

Experiment (A) - Conduction Only: Maximum temperature 
of 245°C, demonstrating that conduction alone produces un-
realistically high temperatures due to a lack of heat dissipation 
mechanisms.

Experiment (B) - Conduction + Convection: Maximum tem-
perature of 156°C, showing that convective cooling reduces 
peak temperatures by 36% compared to conduction-only con-
ditions.

Experiment (C) - Conduction + Radiation: Maximum tem-
perature of 78°C, indicating that radiative cooling is more 
effective than convection for heat dissipation in this system.

Experiment (D) - All Mechanisms: Maximum temperature of 
68°C, closely matching experimental observations of approxi-
mately 65°C and validating the simulation approach.

These results demonstrate that radiative cooling contrib-
utes most significantly to thermal regulation, while convective 
cooling provides important secondary benefits. The combined 
mechanisms are essential for realistic thermal modeling.

�   Results From Experimental Data 
Figures 5A and 5B below show a representative normalized 

heating and cooling data plotted with time. During the early 
stages, there is a rapid increase in heating/cooling followed by 
a steady temperature.

(A)

(B)

was added to all the surfaces by setting the emissivity to 0.8, 
which is representative of wood (which was changed in the 
special simulations below). In the experiments, the heat lamps 
faced only one roof surface, so a similar surface was selected to 
have a heat flux. The amount of heat flux was defined as 300 
W/m2, which was the total heat power of the lamps combined 
divided by the area on the side of the roof facing the lamps. 
This heat flux of 300 W/m² represents approximately 30% of 
peak solar irradiance at Earth's surface (1000 W/m² at solar 
noon), simulating moderate daytime heating conditions rather 
than extreme summer solar loading.

All outside surfaces were included to have convective heat 
transfer. The convective heat transfer coefficient of air with no 
wind was selected as 12 W/m2C.
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Figure 3: An example of thermal distribution in a simulation. Figure 3 shows 
the preliminary heat distribution on the prototype gable roof on the OnScale 
platform.

Figure 5A: Heating curve plotting average (3 trials) temperatures of the 
black roof without mesh ℃ with time (s). Figure 5A shows rapid heating 
followed by reaching a quasi-steady state in which the temperature increase 
saturates.

Figure 5B: Cooling curve plotting average (3 trials) temperature of the black 
roof without mesh ℃ with time (s). Figure 5B shows rapid cooling followed 
by reaching a quasi-steady state in which the temperature decreases and 
saturates. followed by reaching a quasi-steady state in which the temperature 
increase saturates.

Figure 4: Four figures of the simulated conditions. Figure 4 shows the four 
trials tested on OnScale to understand the effect of heating mechanisms in a 
closed system.
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critical transition around 50% porosity. Materials with low 
porosity demonstrate similar cooling rates, indicating that the 
mesh primarily functions as a radiation shield while limiting 
convective heat transfer. Beyond 50% porosity, the cooling 
rate increases dramatically, approaching the performance of 
unshielded surfaces as convective cooling dominates. This 
transition suggests that effective convective heat transfer re-
quires a minimum threshold of pore connectivity, with isolated 
pores below 50% porosity unable to support meaningful air-
flow patterns.

Figure 9 below shows the steady-state temperature obtained 
with roofing structures with different porosities. Of course, the 
control with the black roof had the hottest room temperature. 
On the other hand, the prototype with the impervious vinyl 
was also quite hot at an average temperature of about 37 °C. 
The coldest structure is the structure with an intermediate po-
rous layer attached to the roof.

This data is non-intuitive, and our simulation data explained 
below suggests that the following reasoning is likely correct. 
First, the cooling data clearly show that convective cooling 
of the roof surface plays an important part. Otherwise, the 
porous mesh will not cool faster than the less porous mesh 
(80% porous cools faster than 20% porous mesh). Based on 
the cooling data, it can be estimated that a highly porous mesh 
will allow convective cooling during heating compared to a 
less porous mesh. On the other hand, the highly porous mesh 
does not block the direct heat absorption on the roof ’s sur-
face. For example, in an 80% porous mesh, 80% of the light 
energy will directly impact the roof surface, and much of that 
will be absorbed. On the other hand, in a 20% porous mesh, 
only 20% of the light energy will directly impact the roof sur-
face. Thus, there is likely an optimum mesh porosity at which 
there is enough direct light energy is blocked while allowing 
some convective heat transfer. The experimental design was 
limited by available mesh materials, constraining us to discrete 
porosity values (0%, 50%, 80%, 100%). With greater flexibility 
in tailoring mesh porosities, more granular experimental data 
could precisely identify the optimal porosity range.

�   Results of Of Experimental Data 
Figure 6 below compares the different types of roofing 

structures described above. Undoubtedly, the black roof caus-
es the most heat to penetrate the prototype home, while the 
roof coated with silver paint blocks most of the heat. Both are 
understandable as the black painting absorbs the most heat 
(minimal reflection), and the silver paint (reflects the most 
heat).

Figure 7 below compares the temperature reduction us-
ing a silvered roof (labeled as a colored roof ) with a porous 
mesh. The silver-coated roof (silver paint coated over the black 
paint) is 20% better than the control black roof. The porous 
mesh below is about half as efficient as the silver-coated roof.

Figure 8 below estimates the cooling rate for different roof 
structures with different porous layers. To estimate the cool-
ing rate, the temperature difference for a short time window 
of 500s from the start of cooling was selected, as there is no 
difference at longer times. As the porosity of the mesh layer 
increases, the roof behaves almost like a roof without a mesh 
during cooling. In fact, at about 80% porosity, the mesh does 
not affect the cooling rate. While an impervious or highly 
non-porous layer is expected to form an insulative layer specif-
ically by preventing convective heat transfer, the highly porous 
mesh layer does not limit convective heat transfer. Figure 8 
reveals two distinct thermal behavior regimes separated by a 
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Figure 6: Heating curve comparing all sunshades by plotting time (s) with 
temperature ℃. Figure 3 shows the difference in steady-state temperatures 
after rapid heating across 5 sunshades and a control (black top without mesh).

Figure 8: The cooling rate for different porous layers. Figure 5 shows that 
the rate of cooling, starting temperature minus temperature at 500 seconds, 
increases as the percentage of porosity increases.

Figure 7: Ratios of temperature using color and mesh plotted with time (s). 
Figure 4 shows that the ratio of blacktop temperature to silver top temperature 
increases at a higher rate than the ratio of 10% porous mesh to no mesh.
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�   Discussion Of Simulation Data
The maximum temperature value of the side facing the heat 

lamps is recorded in the simulations above in Figure 9. From 
our experimental data, I recorded the wall temperature for the 
control to be about 125 degrees. The final simulation (Exper-
iment (D)) produced relatively comparable results. Note that 
the inside temperature within the model cannot be computed 
as the OnScale cannot simulate the airflow within the home 
caused by convection. Hence, the outside wall temperature was 
compared.

The simulation data quantifies each mechanism's contri-
bution: convection reduces temperature by 89°C (245°C to 
156°C), while radiation reduces temperature by 78°C (156°C 
to 78°C). However, convection is critical because without it, 
simulated temperatures (245°C) are 3.8 times higher than ex-
perimental values (~65°C), making the model unrealistic. This 
possibly explains why the minimally porous mesh layer attached 
to the roof provides the best result in the experiments. Unlike 
the impervious layer that blocks or eliminates most convective 
cooling, a porous mesh layer enables convective cooling while 
blocking direct radiation.

Phase III - Smart Roof Design:
Based on the knowledge gained from this work, a smart roof 

can be designed, as shown in Figure 10, to reduce energy con-
sumption. This system can be a retractable porous fabric that 
can be mounted on the roof ’s side and receives the most sun 
(typically on the south side). This system could employ an ac-
tive management system that could include different types of 
sensors. For example, sensors could roll open the fabric during 
the summer sun (blocking heat) and keep it retracted during 
the winter sun (allowing the sun’s heat into the home to reduce 
heating bills). Unlike the various technologies under research, 
this technology is available and well-proven for reliability. For 
example, solar panels are installed on the roofs of many homes, 
and sunshades are installed on windows. Both technologies are 
currently available and can be easily repurposed.

Error Analysis of Experimental Data: 
Before concluding with the data, the potential errors in our 

experimental data were reviewed. The observed results can-
not be explained merely by experimental or statistical error. 
Possible sources of error include changes in ambient tempera-
ture and hysteresis between heating and cooling cycles. Due 
to the large amount of data collected during my school year, 
the experiment data was collected over a long period (about a 
month). During this time, the outside weather had some sig-
nificant fluctuations, which caused the ambient temperature in 
my home, where all the experiments were performed, to fluctu-
ate by a few degrees. However, since I normalized all the data, 
I do not think this could be a significant error source. Similarly, 
there was no significant hysteresis in the data. In addition, as 
shown in Table 2 below, the calculated standard error of the 
mean shown in the data is reasonably well-behaved.

Summary Of Experimental Data:
The experimental data clearly show that a porous sunshade 

is better than an impervious one. A roof with a 10-50% po-
rous mesh is 10% better than one with an impervious mesh 
or no mesh. Although the silver-coated roof achieved superior 
thermal performance with a 20% improvement, the adaptive 
porous mesh system is recommended for practical implemen-
tation. The retractable mesh system offers dynamic control, 
allowing beneficial solar heating in winter while providing 
cooling in summer, making it more suitable for year-round en-
ergy optimization.
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Figure 9: The average steady-state temperature ℃ of different porous 
meshes. Figure 6 shows a minimum of about 50% porous mesh when the 
average steady-state temperature of all variable porous meshes is compared.

Figure 10: Figure 10 shows an active smart roof system that is relatively self-
explanatory. A fabric is part of an electronic roll, similar to sunshades, but is 
supported on the house’s roof.

Table 2: Standard error of the mean steady-state temperature (°C) for 
different porous mesh configurations based on three experimental trials. Table 
2 shows that the standard error of the mean is low for all percentages of porous 
mesh.
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�   Conclusion 
This study has successfully demonstrated the complex in-

terplay of heat transfer mechanisms in building roofs and 
proposed an innovative approach to optimize thermal reg-
ulation. Through experimental analysis and finite element 
modeling, we have gained valuable insights into the thermal 
behavior of various roofing materials and designs. Our research 
revealed the effectiveness of porous materials in roof design, 
with a partially porous cover attached to the roof offering the 
best thermal performance. Specifically, a 10-50% porous mesh 
showed a 10% improvement in thermal regulation compared 
to impervious or non-mesh roofs. This finding underscores the 
importance of balancing heat blocking and dissipation, chal-
lenging the conventional approach of maximizing insulation 
at all times.

Both our experimental data and FEM simulations highlight-
ed the significant impact of convective heat transfer in roof 
thermal regulation, a factor often underestimated in traditional 
roof designs. Based on these insights, we propose a smart roof 
design featuring a retractable porous fabric. This system could 
dynamically adapt to changing environmental conditions, op-
timizing energy efficiency across seasons.

These conclusions support our initial hypothesis and provide 
new insights that could spark a new generation of technologi-
cal improvements in building energy efficiency. Our proposed 
smart roof system offers several advantages over existing 
solutions, including season-agnostic performance, targeted 
installation on high-heat absorption areas, potential for invis-
ibility when retracted, and utilization of existing technologies 
for quicker adoption.

While our 3-D FEM modeling capabilities were limited, 
they provided crucial insights that complemented our ac-
celerated testing experiments. This combined approach of 
small-scale prototyping and computational modeling offers a 
promising methodology for future research.

We envision collaborating with the North Texas Renewable 
Energy Group to discuss our findings and explore practical ap-
plications.11 We also aim to partner with a roofing company 
to build and test a full-scale prototype of our smart roof de-
sign. Future work could involve enhancing our computational 
models to include more complex physics, such as improved 
convection modeling and time-dependent solutions, as well as 
investigating the potential of our adaptive roof system in vari-
ous climatic conditions and building types.

In conclusion, this research contributes significantly to our 
understanding of roof thermal regulation and proposes a nov-
el, practical solution for improving building energy efficiency. 
As global energy demands continue to rise and climate change 
presents increasing challenges, innovations in building design 
could play a crucial role in creating more sustainable and en-
ergy-efficient built environments. Our work paves the way for 
a new generation of adaptive, energy-efficient roofing systems 
that can significantly reduce energy consumption in buildings 
across diverse climates.
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ABSTRACT: Despite the video gaming industry's ever-increasing engagement from both consumers and developers, it can 
be argued that it has somewhat reached a point of stagnancy. It is common to find complaints from consumers about its current 
overall state and how poorly it's performing. Why is the gaming industry, especially at the premium level, so unappealing for 
consumers? Why is it so easy to find complaints about how badly the field is performing despite its plentiful choices and apparent 
success? The modern video gaming industry is an extremely broad market that plays a major part in many people's lives, yet in 
recent times, there has been increasing dissatisfaction associated with the more premium levels of the medium, especially in the 
multiplayer genre, seemingly following very similar trends every time. If there is a pattern, then can it be explored such that a 
solution can be found that will satisfy customers and yet still appeal to a business's needs? The experiment consists of analyzing 
games based on user-based data. Then, dynamic modeling is used to draw conclusions from the data to support the claim that 
balancing between profit-based and customer-based thinking will ensure a healthier business environment for both parties.

KEYWORDS: Game Theory, Strategic Games, Video Games Industry, Profit Zone, Profit Driven, Community Driven.

�   Introduction
Every business's main goal is to be financially successful, and 

there are many ways to achieve it. However, while plenty of 
businesses are able to reach the end goal, there are a decent 
number of companies that fail to succeed for one reason or 
another. The most common reason is that a product doesn't 
appeal to enough people or drives them away. To verify this, the 
paper analyzes the live-service video games industry.

Firstly, to establish a baseline, we look at "The Profit Zone," 
a book written in 1997 by Adrian J. Slywotzky. The book pro-
vides insight into various uniquely applicable strategies in 
business that have persisted into modern-day, and, in our case, 
are especially applicable to the video games industry.1

The first of the strategies, the "product pyramid" model, pro-
vides options for different customers in different price ranges, 
from entry-level to premium. An example of this is Electronic 
Arts, a large video games publisher and developer, where there 
is a game for every price range in its value chain, most notably, 
a collection of free-to-play games at the "base" of the product 
pyramid and >$50 premium games at the "peak." This allows 
EA to be very accessible for a large number of age groups and 
spending profiles.2

The "switchboard" model not only creates and shares mul-
tiple products for consumers but also serves as a hub for other 
developers and businesses to spread their influence, allowing all 
parties involved to benefit. While there are many examples of a 
switchboard model in the video games industry, Valve's online 
video game store, Steam, stands out as one of the largest digital 
gaming distribution storefronts, providing a place for devel-
opers to sell their own products, both to consumers and other 
developers. This allows Steam to be very accessible to a large 
number of developers and to establish various connections be-
tween consumers and developers within its own network.3

The "total solution" model ensures that nearly any customer 
can be satisfied with one or more of the products along a val-
ue chain that a company provides. Epic Games is known for 
having a large online video game storefront – the Epic Games 
Store – for customers, a popular game-as-a-social-platform – 
Fortnite – for players, and a powerful, easily accessible game 
engine – Unreal Engine – for developers, all making up a thor-
ough total solution model. This allows Epic Games to be a hub 
for all potential customers to find a satisfactory product in their 
value chain, regardless of what they are there for or what their 
background is.4

The "setting the standard" model can be applied when the 
company creates products that will revolutionize the market 
and encourage other companies to align with their standard; 
although a very difficult model to implement, it ensures that 
the market landscape is aligned with the company's interests, 
and will most often lead to success.1 Nintendo, especially in 
the hardware market, has set the standard for handheld gam-
ing consoles paired with high-quality games, historically with 
its Nintendo DS and Wii, and most recently with its Ninten-
do Switch in 2017, a handheld gaming console that is widely 
known for its high quality, longevity, and successful dive into 
an – at the time – lesser-used medium, setting the standard for 
an entire subcategory of console gaming to expand upon. This 
allows Nintendo to be a trendsetter that the rest of the industry 
looks to follow.5 

In short, the "Profit Zone" strategies are used by a lot of 
modern businesses, and they, recently, have all culminated in a 
prevalent strategy: the "subscription" model, more commonly 
known as the "freemium" or "free-to-play" model. This ev-
er-increasingly used business model, in its most prevalent form, 
encourages customers to play their game/use their product or 
service by providing all core features for free while monetizing 
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additional content via cosmetics, expansions, and/or advertise-
ments.6

To come out on top from the perspective of both parties, 
the product must establish a strong balance between customer 
and business to last in the long term.1 To find said balance, 
companies need to use game theory strategically to analyze the 
landscape and successfully sell a product/service.7

Game theory is a field of mathematics that analyzes the var-
ious strategies in a game between two or more players, where 
each player has values assigned to each decision they can make; 
with game theory, predictions can be made on how the game 
will play out, and what decisions are most beneficial to each 
player. In business, game theory can be utilized to a great ex-
tent to analyze the actions made by both the consumer and 
competition, such that businesses can make well-informed 
decisions.7 

Three major types of strategic games can be played and vi-
sualized between customers and businesses. 

Coordination encourages – somewhat temporary – loyalty 
between both parties for greater benefit. 

Collaboration is repeated cooperation that often results in a 
highly beneficial outcome for both parties when they rely upon 
and bounce off of each other, but it can also be easily under-
mined by one party deviating to gain a short-term advantage 
over the other, however minuscule it may be. 

Competition occurs when cooperation isn't favorable for 
either side, and both sides have a clear intent to gain a sig-
nificant, albeit possibly short-term, advantage over the other.7 

The payoff matrices for each game are shown in Figure 1.

Competition between the customer and business occurs 
in the gaming industry due to business strategies being im-
plemented, like "freemium," which encourages decisions that 
are unfavorable to the consumer, like paying for an expensive 
cosmetic that they might not have considered before.8 Many 
patents from various companies, such as Activision Blizzard 
and Kabam, show exploitation of consumers through practices 
like FOMO – Fear of Missing Out – and giving consumers 
who pay an advantage over those who don't – Pay to Win. As 
a result, many games and companies that utilize such practices 
often gain a bad reputation with consumers.9

Gaming is a saturated market, and many strategies are ex-
emplified by the businesses in the field. Strategic game theory 
and "profit zone" analyses are not only useful in the video 

game industry; however, they can also be projected onto other 
industries, allowing businesses in other fields to use the video 
game industry's strategies and appeal to customers with quali-
ty and support through collaboration, without losing potential 
profits in the long term.

The rest of the paper is organized as follows:
• Methods – a step-by-step walkthrough of how data is col-

lected and analyzed.
• Results and Discussion – a presentation of the results 

found from the experiment and an explanation of how those 
results were reached.

• Conclusion – a summary of all the information that has 
been given until that point, and a proposition for how to fur-
ther expand the topic.

�   Methods
To start, player data is collected from a selection of popular 

and/or notable live-service, multiplayer games in a multitude 
of genres, mainly collected from steamdb.info, a third-party 
website that contains data about all games on the online game 
playing and distribution platform Steam, by Valve Corpora-
tion.

Once the data is downloaded and organized in Excel, we 
focus on the user base over a game's lifespan and create a line 
graph from the exact data. The data from each time series is 
then categorized into 4 types of general graphs. Most of the 
games' time series align with the behavior of one of these 
graphs and, as such, can be categorized by their structure/pat-
tern:

o Spike and Decline (250 days short-term)
o Spike and Increase (250 days short-term, 750 days long-

term)
o Sustained Growth (>1000 days long-term)
o Growth and Decline (>1000 days long-term)
By categorizing games in this way, patterns may emerge be-

tween the games and their trends, which may align with our 
hypothesis.

�   Results  
Tables 2 and 3 are the results of the data analysis. (τ) (days) 

stands for the time constant (the dynamics for the short and 
long term), and (Δ) (days) stands for the delay (the delay for 
the short- and long-term dynamics). The blue line is the real 
data, and the orange line is formed from the equations in Table 
1.
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Figure 1: The payoff matrices for the “Battle of the Sexes”, “Prisoner's 
Dilemma”, and “Game of Chicken” games. The Battle of the Sexes favors 
cooperating, the Prisoner’s Dilemma favors competition long-term and 
cooperation short-term, and the Game of Chicken is strictly competitive. 

Table 1: Equations for each graph type.
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�   Discussion  
The data has two added labels: "Community Driven" and 

"Profit Driven". The way that "Community Driven" was 
reached was through research to determine if these games 
supported community-created content or had a strong com-
munity base that was actively involved in the development 
of the game. Otherwise, it was labeled "Profit Driven" as the 
community would only have minor involvement in the devel-
opment and content creation of the game, and/or the game's 
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Table 2: Real and predicted graph data for each profit-driven game, along 
with the graph behavior and values produced from the equations.

Table 3: Real and predicted graph data for each community-driven game, 
along with the graph behavior and values produced from the equations.
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and player numbers may be steadier and increase over time, 
though the initial engagement may start low.

It may be noted that the Prisoner's Dilemma is in both the 
community-oriented and profit-oriented categories. This is 
because the Prisoner's Dilemma is an interesting case where 
only playing a game once will most often lead to competition 
since the best option is to compete due to lack of trust; howev-
er, playing a game multiple times will often lead to cooperation, 
since the much better option, in the long run, is to cooperate.

While most businesses align with an extreme end of the 
spectrum, it is possible to strike a balance in the middle, where 
profit can be earned and is stable, but the community can also 
be formed and endorsed. It is difficult to find this balance, but 
with the correct adjustments to both a business and a game, 
developers can keep players engaged in their game and keep 
profits stable as the game stays in service.

The business models featured in "The Profit Zone" also 
support this ideology, as they all encourage the creation of 
connections between developers and/or players – such as the 
switchboard and setting-the-standard models – or encourag-
ing loyalty from the player through accessibility and ease of 
use – such as the product pyramid and total solution models – 
forming communities that last longer and are healthier.

�   Conclusion 
In summary, game theory can be used to logically improve 

modern-day strategies in the video game industry. By analyzing 
player base data from different games, we drew the conclusion 
that a healthier game for both players and developers puts play-
er sentiment into account to increase the game's longevity and 
hopefully make the game as community-oriented as possible, 
building up connections and attachments between the players 
and developers.

This can be shown by how community-oriented games 
usually experience a slower yet more stable increase in users, 
whereas profit-oriented games experience large spikes and pla-
teaus because community-oriented games strive for longevity 
and community health, while profit-oriented games tend to 
prioritize monetization.

Game theory can be used to come to logical conclusions as 
to why each decision leads to each outcome, since prioritizing 
profit only works effectively in the short term, while priori-
tizing community leads to much more substantial long-term 
profits, as shown in the Prisoner's Dilemma, where "cheating" 
is short-term and repeated "cooperating" is long-term. This, 
therefore, leads to an average net positive in profits when a 
game is community-oriented, as players stay longer and spend 
more over that time.

A business can become more community-oriented by lis-
tening to player feedback for all parts of their business model, 
as well as engaging their community in the evolution of the 
product. Allowing developers and players to work together to 
improve a game for all involved should be increasingly nor-
malized in today's video games industry, as more and more 
innovative and unique games are created and released, yet un-
dermined by poor management.

progression was affected by inherently predatory microtrans-
actions.

Games like Apex Legends, Overwatch 2, and War Robots 
were all considered "profit-driven" as the games did not allow 
for direct community content contributions and/or had many 
rather predatory microtransactions that dampened user expe-
rience and/or provided an unfair advantage.

Games such as Lethal Company, VRChat, and Team For-
tress 2 were all considered "Community Driven" as the games 
allowed and endorsed extensive community content creation 
and modding tools to help improve and enhance the experi-
ence of the game for everyone.

A common pattern that can be seen is that profit-driven 
games tend to decrease in player base over time, while commu-
nity-driven games increase in player base over time. There are 
a few outliers, such as War Robots, Overwatch 2, and Lethal 
Company. A reason for both profit-driven games seemingly 
increasing in popularity is that the population data was taken 
from only one platform, Steam. The main user base of War 
Robots is located on mobile platforms, such as iOS and An-
droid, and the main user base of Overwatch 2 is located on 
Battle.net, Blizzard Entertainment's game store and launcher. 
Therefore, the increasing user base on Steam can be attributed 
to a platform conversion, where the user base on one platform 
is slowly being converted to another. Lethal Company, despite 
being community-driven, still declines in popularity, which 
can be explained by its simple premise, leading to fatigue and a 
lack of progression for the player. Even after its brief period of 
extreme popularity, the game still possesses a solid core fanbase 
and modding community.

Game theory can be used strategically to explain the other 
parts of this data. Figure 2 shows the three different types of 
game theory games that have been covered, how they align 
when put up with each other, and what sort of categories they 
fall into.

The Game of Chicken and Prisoner's Dilemma games on 
the left are grouped with an arrow pointing to the left and rep-
resent profit-oriented games. There is more competition and 
potential for conflict between the developer and the consum-
er, meaning that player interest and player numbers may drop, 
though the initial engagement may be high.

The Prisoner's Dilemma and the Battle of the Sexes games 
on the right are grouped with an arrow pointing to the right 
and represent community-oriented games. There is more co-
operation and potential for connections to be formed between 
the developer and the consumer, meaning that player interest 
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Figure 2: A graphical depiction of the game theory graphs and their relation 
to community-based and profit-based business strategies.
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in which he used game theory to prove that specific business 
strategies led to more satisfaction amongst customers while 
not impacting profits negatively.

Ultimately, due to the prevalence of subscription models, the 
results of this analysis can be utilized in more than just the vid-
eo game industry. The logic and reasoning done through game 
theory can be used to explain any decision made in almost 
every other business.
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ABSTRACT: The 2026 Formula One car is different from any other car that Formula One (F1) has introduced in previous 
eras; it is, in fact, the entire car that is visually unique. In this investigation, the aerodynamics of the 2026 and 2022 F1 cars 
are compared to analyze aerodynamics by using a CFD, incompressible flow simulation provided by SimScale, with 3D car 
models available online (both are unofficial models). This research aims to compare aerodynamic characteristics of the 2022 and 
2026 Formula One regulation cars and examine possible effects on racing performance. Results show that the 2026 model has 
eliminated the ground effect, indicating a major loss of a source of downforce. Simultaneously, the upward diversion of wake 
behind the rear wing is reduced, potentially compromising overtaking opportunities for the car behind. CFD analysis concludes 
that the 2026 regulation reduces both the lift coefficient and the drag coefficient by approximately 75% compared to the 2022 
model. These findings demonstrate the substantial reduction in downforce and altered aerodynamic characteristics of the 2026 
Formula One car, indicating that the car compromises cornering performance and race competitiveness.  

KEYWORDS: Engineering Mechanics, Aerospace and Aeronautical Engineering, Computational Mechanics, Racing Car, F1.

�   Introduction
Formula One began its journey on May 13, 1950, at the Sil-

verstone circuit in England.1 Ever since the first grand prix, 
Formula One cars have been evolving as a pinnacle of motor-
sports with their engine development, energy efficiency, and 
safety to pursue speed. One of the remarkable and perhaps 
revolutionary developments of F1 is the aerodynamics. In the 
late 1970s, 20 years after the inception of F1, the concept of in-
novative aerodynamics, with inverted wings, was introduced by 
the Lotus 49. In 1977, another aerodynamic concept of ground 
effect was introduced by the Lotus 78.2 The principal pur-
pose of aerodynamics in F1 is to minimize drag and increase 
downforce of the car, achieving incredible speed not just in the 
straight but also in corners.

Once every few years, the FIA (Federation Internationale de 
l'Automobile) introduced new concept cars, which became the 
basis for other teams’ foundations for the forthcoming seasons. 
Recent developments include major aerodynamic regulation 
changes in 2009, the introduction of new hybrid-turbo engines 
in 2014, and the complete resurrection of ground-effect cars 
in 2022. In 2026, the FIA launched an overhaul of the F1 car, 
featuring a futuristic design and an utterly and fundamentally 
new concept. The 2026 car is a completely unexplored charac-
ter; even the teams have no solid certainty of what to expect 
from it. There is every reason to be excited about what the 2026 
car holds and how it will redefine the competition in the car 
market.

In this research, the aerodynamic performance of the 2026 
car is investigated using computational fluid dynamics (CFD), 
with a comparison to the 2022 model to evaluate the effects of 
the new regulations on airflow behavior, downforce generation, 
and ground effect in particular.

�   Background information
General Aerodynamic Performance of a Formula One Car:
The average maximum speed of a Formula One car is be-

tween 210 and 220 mph.3 At this speed, without adequate 
downforce, the Formula One car would be flying everywhere. 
Downforce is mainly generated by the 2 wings, the front wing 
and the rear wing. Essentially, these wings function as inverted 
wings.

The generation of downforce can be explained by Bernoulli’s 
principle, which states that as the velocity of airflow increases, 
the pressure decreases for a single, steady incompressible flow. 
Essentially, the airfoil would have two independent streams of 
air: one across the top surface and the other across the bottom 
surface. Furthermore, the inverted airfoil has more curvature at 
the bottom surface, whereas the curvature is milder across the 
top surface.5 This airstream moves down along the curvature; 
to prevent a void, the airstream is pulled towards the trailing 
edge of the airfoil, accelerating the airstream upwards.5 As a 
result, according to Bernoulli’s principle and greater curvature, 
the airstream at the bottom surface has relatively higher ve-
locity, hence, lower air pressure. This is illustrated in Figure 
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Figure 1: This shows the aerodynamics of an inverted airfoil.4 Velocity (a) 
and pressure (b) contours around an inverted airfoil are shown. The red region 
indicates high velocity underneath the airfoil, which corresponds to lower air 
pressure shown in (b).
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1, where the region of higher air velocity (near the bottom 
surface) has lower air pressure, and vice versa. In contrast, the 
airstream at the top surface has relatively lower velocity, hence, 
higher air pressure. This results in a pressure gradient between 
the surfaces, creating a down force, effectively “pushing down” 
the airfoil. Bernoulli’s equation is explained in terms of the 
conservation of energy. The sum of pressure energy, potential 
energy per unit volume, and kinetic energy per unit volume 
is always constant in a single streamline. This can be used to 
define downforce. For the top airstream:

where the subscript ∞ represents the free stream condition. 
However, because both the freestream and the airstreams 
around the airfoil are almost at the same altitude, this allows 
it to cancel both “ρgh”s. Therefore, the pressure difference be-
tween the airstreams is

Since this pressure difference generates the downforce,

In addition, downforce is dependent on the lift coefficient, a 
dimensionless constant that indicates the airfoil’s capability to 
generate lift. However, in this case, the constant has a negative 
value, indicating that it is downforce rather than lift.

where: 
L: downforce in N, 
ρ: density in kgm-3 
V: velocity of freestream in ms-1 
A: the wing area in m2.

DRS 
However, the rear wing of Formula One is not just a rear 

wing; it can also deploy a DRS (drag reduction system). The 
DRS was introduced to F1 cars in 2011 to promote wheel-to-
wheel racing by decreasing downforce and drag force, thereby 
enhancing the car’s speed. DRS contributes to a 53% reduction 
in the lift coefficient of the car, as well as a 78% decrease in the 
drag coefficient of the car.8

Upon activation of DRS, the multi-element rear wing opens 
until it reaches the angle of attack of 0 degrees.8 The Figure 
2(a) consists of a large region of low velocity (meaning high 
air pressure) behind the rear wing. This ultimately contributes 
to pressure gradients that generate downforce. In contrast, by 
allowing the airstream to pass between the airfoil, the air ve-
locity in Figure 2(b) has not changed significantly, and the low 
and high air pressure regions that promote downforce have 
disappeared; lower downforce results in lower induced drag. 
Moreover, since the surface area that was getting “pushed” by 
the receiving air velocity is reduced, the drag force is reduced. 
Lower drag and downforce allow the car to maximize its pure 
speed. DRS is mostly applied on long straight lines in the race 
circuit.9

2022 Car:

(a)

(b)
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Figure 2: Aerodynamic effect of DRS.8 Velocity contours of airflow around 
the rear wing with DRS closed (a) and open (b) are shown. In (a), the large 
blue region indicates low velocity behind, and when DRS is opened, high 
velocity is shown just behind the airfoil.

Figure 3: Car floor design difference between the 2022 car and the 2021 
car (Giuliana).11 The images show a comparison between the side and the 
underside of the car. The 2021 car has an angular body with a simpler chassis. 
On the other hand, the 2022 car has a smoother body and introduced venturi 
tunnels in the chassis.
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Ground Effect:
The 2022 car was revolutionary, with a futuristic design 

compared to the previous generation’s F1 cars. The car was 
specifically designed to facilitate further overtakes in racing 
and is a revival of the ground effect car.12 Ground effect is an 
aerodynamic phenomenon that occurs near the ground, result-
ing in the creation of a low-pressure zone underneath the car, 
which generates downforce. The current ground effect from 
F1 cars arises from the Venturi effect, stating that the velocity 
increases in a constricted area (hence, lower pressure).13 This 
ground effect is mostly provided by the chassis of the car, more 
specifically, the venturi tunnels.13 This means that the 2022 
cars can carry high speed and traction in the corners. Although 
the incredibly low pressure underneath the car sucks the car 
down extremely close to the ground, that venturi tunnel be-
comes a vacuum. This triggers the sudden disappearance of the 
downforce, as a result, the car springs up only for the venturi 
tunnel to reopen.14 This repeated oscillation-like movement 
due to extreme ground effect is called porpoising and was a 
major issue to be solved at the beginning of the 2022 season.14

Promoting Better Racing:
Another characteristic of the 2022 car is that it has rounded 

edges on the wings. Previous designs diverted the flow up-
wards and outwards, meaning the car behind received all the 
turbulence (or “dirty air”), deteriorating drivability.15 This new 
design permits narrower vortices, rotational flow of air to be 
created, collecting turbulence and wake, and diverting them 
upwards.16 Thus, a driver behind experiences less dirty air and 
overtaking becomes less demanding.

2026:

The current 2022 generation of F1 is coming to an end in 
2025; instead, the 2026 generation will begin. As observed 
from the preliminary design of the 2026 car, its appearance 
exhibits a significant difference from that of the 2022 car.

Size:
The 2026 car will be scaled down, with reduced wheel size 

and a lower car floor. Cutting the wheel size significantly re-
duces overall weight, contributing to a total of 30 kg in car 
weight reduction.17 The weight of the car is important in rac-
ing; a lighter mass allows the car to accelerate quickly, resulting 
in higher energy efficiency to generate the force required to 
move the car. Furthermore, the light weight decreases the 
moment of inertia, meaning turning the car becomes easier. 
Improving the agility of the car is one of the primary objectives 

of the 2026 car, aiming to enhance the car’s responsiveness for 
competitive racing.

Z-mode & X-mode:
The 2026 car features a system similar to DRS, along with 

new features called Z-mode and X-mode, a 100 mm narrower 
two-element front wing, and a three-element rear wing with 
the lower beam removed.17

Z-mode: This is the standard mode in which elements of 
the front and rear wings open at an angle to aid cornering 
speed.17

X-mode: Deploys a low drag configuration, opens both 
front and rear elements to maximize straight line speed.17 This 
is an utterly new feature, as only the rear wing element was 
subject to DRS.

�   Methodology
Using computational fluid dynamics (CFD), the aerody-

namics of the 2022 and 2026 model cars are analyzed. The 
2022 car, publicly published by ss10suryansh, and the 2026 car, 
by reesewu2005, will be utilized for this research.

Before the CFD simulation, it is essential to establish the 
correct setup conditions for accurate and reliable results. The 
setup process involves defining the flow region, specifying 
boundary conditions, and setting appropriate parameters to 
replicate real-world scenarios. There is a slight difference in 
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Figure 4: The 2026 car was announced via FIA.17 The new regulation 
introduces new features to the cars, such as X-mode and Z-mode.

Figure 5: 3D Design of the 2022 model.

Figure 6: 3D model of the 2026 model. Figures 5 and 6 are the 3D models 
of the 2022 and 2026 cars used for simulation. The 2026 model also includes 
the driver’s head.

Figure 7: Flow region geometer (model car inside, in red). The flow boundary 
is defined around the car with the model at the center, where the wind inlet 
is set on the surface just in front of the model, and force sensors are on the 
surface of the model.
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particles, as less air is diverted into the area. The importance of 
this solution field compared with the vorticity solution field is 
that the air stream is diverted upward after the particles pass 
through the car. This is one of the unique characteristics of the 
2022 F1 car, which directs the air upwards immediately after 
the rear wing to create a region that prevents dirty air.

From the earlier Bernoulli’s equation states that

This equation indicates that an increase in velocity results 
in a decrease in pressure. Applying Bernoulli’s principle in this 
context, the higher velocity near the ground causes lower pres-
sure in this region compared to the region above the F1 car. 
This pressure gradient between the top surface of the car and 
the bottom surface of the car creates a net downward force. In 
other words, this represents the ground effect of the 2022 F1 
car.

Quantitative Analysis – 2022:

the setup of the two cars: for the 2026 car, the car model and 
airflow region are independent of each other, while for the 
2022 car, the car model is embedded within the airflow region 
itself. A mesh is a network of cells and nodes that allows anal-
ysis of a simulation with complex geometry. The 2026 model 
consists of 25.8 million cells and 7.8 million nodes, with a gap 
refinement factor of 0.05 and a runtime of 1.8e+4 seconds. 
The 2022 model consists of 3.1 million cells and 3.8 million 
nodes in the internal meshing model, which is run by the Hex 
dominant algorithm, with a runtime of 1.8e+4 seconds.18 The 
observed discrepancy in mesh structure arises from the origi-
nal author employing different meshing parameters across the 
models.

A. Creating an enclosure that represents the flow region. 
The flow region simulates a controlled region, akin to a wind 
tunnel, where the interaction between airflow and an object 
inside can be analyzed. Within this enclosure, various bound-
ary conditions and surface sensors are assigned.

B. The wall in front of the model car is where the velocity 
inlet is assigned. This is also where air is introduced into the 
flow region, with a density of 1.196 kgms-3, corresponding to 
the air density at 20 °C. The airflow has a velocity of 50 ms-1.

C. The opposite wall to the velocity inlet is defined as the 
pressure outlet. This boundary condition permits the airflow 
to exit the domain, maintaining a realistic pressure gradient 
within the domain. The ground wall, which simulates a road 
or racetrack, is set to move at a velocity of 100 ms-1 along the 
x-axis. Furthermore, wheel rotation is an essential factor in an-
alyzing aerodynamic effects around the tires. Both front and 
rear wheels have a rotational velocity of 166 radians per second.

�   Results 
Qualitative Analysis – 2022:

Further evidence that the 2022 F1 car’s effectiveness in pre-
venting dirty air is shown in the velocity magnitude of the free 
stream air. As shown in the scale below, the closer the color 
is to dark blue, the slower the velocity of the free stream. The 
region near the halo or cockpit of the car has the darkest area 
as air particles collide with the wall, thereby slowing down. 
The area directly behind the car also has a region of slower air 
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Figure 8: The velocity magnitude of the air around the 2022 model-1. The 
results show a smooth, continuous, and upcurved lower velocity region behind 
the 2022 car. Slightly darker blue indicates a slower velocity compared to the 
light-blue free stream of air.

Figure 10: Graph of the drag coefficient of the 2022 model. This graph 
shows the drag coefficient rapidly decreasing from an initial fluctuation and 
then gradually stabilizing to a value closer to 1.0.

Figure 9: Velocity magnitude around the 2022 model-2. The region between 
the chassis of the car and the floor has a sky-blue color, indicating that the 
velocity of the air stream is as high as that of free stream air.
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front tire grip at corner entries. On the other hand, Cl(r) has 
a significantly larger negative value. Hence, this suggests that 
the downforce of the 2022 model is mostly provided by the 
rear end of the car.

Using the force coefficients values, both the Drag and Lift 
forces can be calculated using the formulas:

Where: 
L: force 
FD: Drag force 
CL: Lift coefficient 
CD: Drag coefficient 
ρ: Air density (1.195 kgms-3) 
V: Velocity of free stream air (50 ms-1) 
A: Surface area

Qualitative Analysis – 2026:

Both Figure 10 and Figure 11 are collected from the simu-
lation run of the 2022 model on SimScale. The x-axis shows 
the times, whereas the y-axis shows the force coefficient, pre-
senting the car’s coefficient at each second after the simulation 
began. There are fluctuations in the data at the early part of the 
graph, but these are mostly due to high unsettled air passing 
through the car, which gives momentarily high or low coeffi-
cients and is not reliable. However, towards the end, there is a 
tendency for the values to stabilize (in other words, the gradi-
ent of the graph approaches zero). This is a more reliable value 
of the coefficient, as this indicates that the airflow around the 
car has reached a relatively stable state. Hence, the last value 
observed (terminal value) on the graph will be used to calculate 
lift and drag forces.

Cl(f ) and Cl(r) are the measures of the lift coefficient gen-
erated from the front or rear section of the car, respectively. 
From Table 1, the positive value of the lift coefficient for the 
front area indicates that this area contributes to generating lift 
rather than downforce. This suggests that the aerodynamic 
profile of the front end contributes minimally or even detri-
mentally to vertical load generation, potentially damaging the 
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Figure 11: Graph of the lift coefficient of the 2022 model. The value of the 
lift coefficient gradually stabilized around -1.0. This indicates that the 2022 
car constantly generates downforce once the airflow reaches equilibrium.

Figure 12: The graph shows the lift coefficient of the front of the model, 
C(f ), and the rear end of the model, C(r). Both values of Cl(f ) and Cl(r) 
seemed to settle around a constant value.

Figure 13: Diagonal view particle trace visualization of the 2026 model. 
Trace around the vehicle shows an entrance velocity of 100 ms-1, and vorticity 
is depicted on the surface of the car.

Table 1: This Table shows the terminal values of Cl(f ) and Cl(r) of the 2022 
model obtained from Figure 12. Positive value indicates that it is contributing 
to lift, while a negative value indicates it is contributing to downforce.

Table 2: This table presents the terminal values of the Drag coefficient and 
Lift coefficient of the 2022 model obtained from Figure 10 and Figure 11, 
respectively.

Table 3: This table shows forces on the 2022 model calculated using the force 
coefficients listed in Table 2.
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This solution field represents the magnitude of vorticity of 
Formula 2026 in a free-stream car at 50 ms-1. The coloring 
of velocity is on the air particles, and the coloring of vortici-
ty magnitude is on the F1 car. Similar to that of a 2022 car, 
the velocity of the air stream decreases when a free stream hits 
the car. However, the difference between the 2022 car is that 
the intense undulation is observed around the front tires and 
immediately after the rear wing. The vorticity is higher at the 
edges of the car component, most obviously shown on the rear 
wing.

From the horizontal view (Figure 14), the effect of dirty air 
on the car behind is clearer. Unlike the 2022 car, where the air 
is diverted upwards immediately, the undulating air remains at 
the ground level. This indicates that the car behind experiences 
the effect of vortices.

The color on the particle represents the velocity magnitude, 
in which, as the color approaches red, it indicates that the ve-
locity is higher. The air particles below the chassis are blue, 
indicating a low velocity of air, which means it is a region of 
high pressure. On the other hand, the color of particles on the 
top surface is mostly green, suggesting a higher velocity of air 
and a low-pressure region. Hence, there is a higher-pressure 
region beneath the car and a lower-pressure region above it. 
The pressure gradient is set such that there is a net force acting 
upwards. This indicates that ground effect is undetectable for 
the 2026 model, resulting in the loss of downforce typically 
gifted by ground effect in 2022.

Quantitative Analysis – 2026:

Figures 16 and 17 show the variation of the lift coefficient 
over time for the 2026 model. In contrast to the 2022 model, 
frequent fluctuations in data are observed. Overall, the drag 
coefficient ranges between 0.15 and 0.2, which is significantly 
lower than the 2022 model, which ranges from 0.8 to 2. The 
lift coefficient of 2026 exhibits even more frequent fluctuations 
in value, ranging from -0.17 to -0.278, which is significantly 
lower in magnitude compared to the lift coefficient of the 2022 
car. In conclusion, both drag coefficient and lift coefficient 
have a lower magnitude of 2026, which is significantly lower 
than in 2022.
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Figure 14: The figure shows a side-view particle trace visualization of the 
2026 model. Particle trace shows that the air flows smoothly and gradually 
above.

Figure 16: The graph shows the drag coefficient of the 2026 model. The 
value mostly fluctuates around 0.2.

Figure 17: The graph shows the lift coefficient of the 2026 model. The dataset 
demonstrates the greatest variation in the magnitude of force coefficients, 
which are noticeably larger than those observed in other graphs.

Figure 18: The graph shows Cl(f ) (orange) and Cl(r) (blue) of the 2026 
model. While the trend line of Cl(f ) is relatively stable, the trend line of Cl(r) 
shows variation, which was not seen in the graph for the 2022 model.

Figure 15: The diagram shows the particle trace around the 2026 model 
(focused). While higher velocity regions are concentrated above and behind 
the car, the lower velocity region is observed beneath the car.

ijhighschoolresearch.org



	 87	

According to Table 4, the 2026 model is an aerodynamical-
ly rear-end-dominant car in terms of downforce generation. 
However, in comparison to the 2022 model, the front wing 
contributes less lift, enhancing downforce on the front section 
of the car. Nonetheless, downforce generated by the rear end is 
significantly reduced. Overall, the 2026 car is a more rear-bi-
ased vehicle, as shown in Table 4. This imbalance in downforce 
makes the 2026 model an aerodynamically rear-end dominant 
car for downforce. However, in comparison to the 2022 car, the 
front wing contributes less lift, thereby enhancing downforce 
on the front section of the car. Nonetheless, the downforce 
generated by the rear end is significantly less. Overall, the 2026 
car is more rear-biased, and such an imbalance of downforce 
may cause extraordinary instability in corners.

Applying the same formula to calculate the two forces (Table 
6),

Comparison between the forces of the 2022 and 2026 F1 
cars

From Table 7, it is conclusive that 2026 has both a lower drag 
force and downforce. This reduction is indeed significant, with 
a 75.66% decrease in drag force and a 74.7% decrease in down-
force for the lift force for the 2026 model compared to the 
2022 model. This is slightly contradictory to the statistics from 
the FIA, which claimed a 50% reduction in drag force and only 
a 30% reduction in downforce.4 The difference in the statistical 
analysis is partially due to the unknown surface area. However, 

because the entire size of the 2026 car is smaller than that of 
the 2022 car, it is less likely that the surface area of the 2026 
car is greater than that of the 2022 car. In other words, the 
reduction of force compared to 2022 is less likely to decrease 
(e.g., it cannot be lower than 75.66% since the ratio of surface 
area will never exceed 1). Although the 2026 model shows a re-
duction in downforce in percentage terms, the lift coefficients 
of both models are closer to those of conventional road cars, 
suggesting potential limitations in the modelling approach or 
simulation conditions. Nonetheless, it is also unclear how FIA 
determined that there is a reduction or in what context this 
reduction occurs.

�   Discussion 
Overall, the data analysis using SimScale confirmed that the 

2026 car generates significantly less downforce than the 2022 
model. This reduction is evident both qualitatively and quan-
titatively. In particular, the distinctive aerodynamic features 
that contributed to the performance and stability of the 2022 
car—such as the utilization of ground effect and the upward 
diversion of airflow behind the rear wing—are no longer pres-
ent in the 2026 design.

The 2022 model takes full advantage of ground effect, as 
shown by the high-velocity airflow between the car’s floor 
and the ground, resulting in low pressure beneath the chas-
sis. According to Bernoulli's principle, this creates a pressure 
differential that generates significant downforce, keeping the 
car pressed to the track and enhancing grip during high-speed 
cornering. This improves lap times and drivability of the car 
while maintaining higher cornering speeds.

Moreover, the airflow is diverted upward after the rear wing, 
reducing the intensity of the dirty air experienced by a car 
following behind, which enables the trailing car to accelerate 
more quickly. This is a key design principle introduced in 2022 
to promote closer racing and overtaking during the race.

In contrast, the 2026 car lacks these aerodynamic mech-
anisms. As seen in the particle trace, the slow-flowing air 
beneath the car results in high pressure under the chassis and 
a net upward force, significantly reducing ground effect. Fur-
thermore, particle traces in the vorticity field reveal significant 
airflow undulation and turbulent vortices, particularly behind 
the rear wing and around the front tires. In other words, the 
front tires are more prone to degradation from air resistance, 
suggesting that long run might not be an advantage for 2026 
cars compared to other generations.

These regions of unsteady flow imply a resurgence of dirty 
air, which could hinder the ability of cars to follow closely. The 
car behind could experience a sudden loss or gain of downforce, 
losing control of the car, especially when braking. Importantly, 
the car experiences more aerodynamic drag due to this dirty 
air, which could slow it down in the straights. Nevertheless, 
the newly introduced X-mode, which can open both the front 
and the rear wings, may balance out the negative effects caused 
by dirty air by reducing greater downforce in exchange for 
boosting straight-line speed. From a race-craft perspective, this 
suggests that while following performance may marginally im-
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Table 4: Table showing terminal values of Cl(f ) and Cl(r) of the 2026 model 
from Figure 18.

Table 5: Table showing terminal values of the Drag coefficient and Lift 
coefficient of the 2026 model from Figures 16 and 17, respectively. Compared 
to Table 2, the magnitude of force coefficients is significantly lower for the 
2026 model.

Table 6: The table shows forces on the 2026 model calculated using the force 
coefficients listed in Table 5.

Table 7: The table presents a comparison of forces on the model between 
2022 and 2026. Overall, without accounting for area in the calculation, the 
2022 model experiences greater Drag force and Lift force compared to the 
2026 model.
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prove on straights with activation of X-mode, the loss of overall 
downforce could still limit close-corner following, meaning 
dirty air remains a significant constraint. Overall, there may be 
fewer overtaking opportunities for 2026 cars, contrary to what 
the 2022 regulations intended to provide.

In general, the 2026 model has lower drag. As a result, it may 
benefit straight-line speed and fuel efficiency (since less pow-
er is required to overcome aerodynamic drag), but the drastic 
reduction in downforce compromises performance in terms of 
cornering speed and braking. Plausibly, the 2026 cars may ex-
hibit understeer behavior in corners, where the impact can be 
critically pronounced, particularly in higher speed corners like 
those at Spa (a racing circuit in Belgium). Understeer is a phe-
nomenon in which the car turns less than intended due to loss 
of grip from the front tires. Since the downforce of the 2026 
model is mostly contributed by the rear, a lack of grip from the 
front tires may cause understeer.

This trade-off could have major implications for driv-
er confidence and racing dynamics. It also raises questions 
about whether the intended goals of the 2026 regulations—
to improve sustainability and maintain racing quality—have 
been achieved. However, it should be noted that the simula-
tion results, especially the reported percentage reductions in 
downforce and drag, should be interpreted with caution, as the 
effective surface area is not accounted for in the calculations 
and the models likely differ from those used by the FIA.

�   Conclusion 
In this investigation, computational fluid dynamics were 

utilized to analyze the aerodynamic performance of the 2022 
F1 model in comparison to the forthcoming 2026 model. This 
investigation revealed that, qualitatively, the 2026 model has 
eliminated the ground effect, indicating a major loss of a source 
of downforce. Simultaneously, the upward diversion of wake 
behind the rear wing is curtailed, potentially compromising 
overtaking opportunities for the car behind.

This is supported by Quantitative analysis, which calculates 
the results from the values of the Lift coefficient and the Drag 
coefficient obtained from CFD analysis. The analysis con-
cludes that the new regulation would deliver approximately a 
75% reduction in both drag and downforce compared to the 
2022 and 2026 models.

Yet several key questions remain open. Will the dramatic 
downforce reduction truly advance the FIA’s goals of sustain-
ability without compromising cornering performance and 
close-quarters racing? Although a reduced drag force may 
require less fuel to generate a car's power, the broader sus-
tainability impact of diminished aerodynamic performance 
remains uncertain. How might teams adapt suspension, ride-
height, and wing angle strategies to recover lost grip?” To what 
extent does the opening of the front wing flap introduced in 
X-mode reduce drag? This research can be conducted using 
CFD, particularly for the study of X-mode. A car model with a 
front wing design featuring an open element can be used to run 
simulations, allowing for comparison with the closed wing and 

drag reduction from the rear wing, as measured by the Cl(f ) 
and Cl(r).

For further investigation, wind-tunnel experiments and on-
track telemetry (real-time data received from the car on the 
track) should be used to validate these CFD predictions under 
real-world conditions, particularly to capture transient effects 
such as porpoising and wake interaction.
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ABSTRACT: Non-small cell lung cancer (NSCLC) is primarily lethal due to its high metastatic potential. In this study, we 
hypothesize to identify effective therapeutic targets and natural compounds to inhibit metastasis in NSCLC through an integrated 
computational framework that uses differential expression (DE) analysis, gene-interaction network analysis using mathematical 
modelling, virtual screening of natural compounds, and artificial intelligence. TCGA (The Cancer Genome Atlas) and GEO 
(Gene Expression Omnibus) were used to extract gene expression and clinical data. DE analysis was performed, and significant 
(p-value < 0.05) genes were identified. After validation for metastatic outcome, a final gene list of 850 genes was retained, 
which was analyzed using Reactome to map important pathways. STRING and Cytoscape were used for network construction 
and analysis. The top 10 hub genes were identified based on computed topological parameters. The genes were modelled with 
nonlinear ordinary differential equations (ODEs) to construct a dynamic network. The intersection of the top genes of static and 
dynamic networks presented 9 common genes. From the top genes, BUB1 was shortlisted as the most important and relatively 
lesser-explored therapeutic target in NSCLC metastasis literature, based on a review of prior studies. Virtual Screening of natural 
compounds was run for BUB1, followed by building an artificial intelligence (AI) model for prioritization and feature-based 
interpretation of high-activity candidates. Thus, this study integrates gene expression data, network biology, dynamic systems 
modeling, and AI-augmented virtual screening to uncover regulatory hubs and therapeutic leads in NSCLC metastasis.

KEYWORDS: NSCLC, Bioinformatics, Cancer Metastasis, Natural Compounds, Protein-Protein Interactions. 

�   Introduction
Lung cancer is one of the most common and leading caus-

es of cancer deaths worldwide, with NSCLC (non-small cell 
lung cancer) being the most prevalent subtype.1 Metastasis, the 
primary contributor to lung cancer mortality due to its ability 
to spread the disease systemically, has become a major focus 
of interest, particularly in the application of bioinformatics 
and artificial intelligence (AI).2 From 2014 to 2018, the an-
nual decline in lung cancer mortality in the U.S. accelerated to 
5.5% in men and 4.4% in women, driven largely by advances 
in treatment for non-small cell lung cancer (NSCLC), whose 
two-year relative survival rate improved from 34% (2009–
2010) to 42% (2015–2016). Despite these gains, NSCLC still 
accounts for the majority of lung cancer-related deaths.3, 4 The 
Indian subcontinent has a lower incidence rate of about 6.6 
per 100,000 between 1990 and 2016 (10.3 to 11.2 in men and 
from 2.6 to 4.5 in women).5 Lung cancer metastasis involves 
complex molecular signaling, particularly through protein–
protein interactions that drive tumor spread.6 Understanding 
these interactions is critical for identifying novel therapeutic 
targets and early biomarkers. Natural compounds have shown 
promise in inhibiting metastatic proteins but require computa-
tional modelling for effective screening.2, 7 

Although previous studies have mapped critical oncogenic 
pathways, predictive models integrating AI and PPI (protein–
protein interaction) data remain limited. While traditional 
methods struggle to handle the high complexity and diversity 
of cancer metastasis, AI can significantly enhance the pre-

diction of key metastatic drivers and their inhibition through 
in silico screening.8 This integration can significantly bolster 
precision medicine efforts, with notable benefits for person-
alized cancer therapy. Major initiatives such as the TCGA 
(The Cancer Genome Atlas) and the Human Protein Atlas are 
attempting to investigate and better understand the molecu-
lar-level interactions behind metastasis.9 Currently, the USA is 
the global leader in the development of AI-based mathematical 
modelling (use of algorithms to simulate biological behaviors 
and predict outcomes in complex systems) and drug discovery 
platforms to identify novel methods to target metastasis.3 

Seven national bodies like ICMR, DBT, and CSIR are fund-
ing projects integrating bioinformatics and network biology (a 
systems biology approach to study interactions between bio-
logical entities) to combat cancer.10 Furthermore, India has rich 
biodiversity, leading to increased interest in natural compound 
inhibition (the process of blocking disease-related proteins us-
ing naturally derived chemical compounds) as an anti-cancer 
drug.11 AI and ML (machine learning) tools can swiftly an-
alyze vast biological and medical datasets to predict protein 
functions, interactions, identify drug targets, and simulate 
molecular interactions.8, 12 In cancer research, AI models can 
detect hidden patterns in multi-omics data to forecast meta-
static potential.13 In the U.S. and India, AI is becoming central 
in drug repurposing, natural compound screening, and oncol-
ogy diagnostics, with ML algorithms such as random forests, 
support vector machines, and deep learning models being used 
for PPI prediction.14
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Natural compound studies often rely on wet-lab approaches, 
which are time and resource-consuming, with computation-
al approaches being generally underutilized.15 Collaborations 
between AI developers and life scientists are still limited, 
and most research focuses on individual omics layers, rare-
ly integrating multi-omics and network data.16 Thus, it was 
hypothesized that AI-driven mathematical modelling, when 
integrated with network biology, can accurately predict PPIs 
driving NSCLC metastasis. Additionally, the computational 
screening of natural compound libraries can identify potential 
natural compound metastasis inhibitors, aiding drug devel-
opment. The main objective of this paper is to contribute to 
the early prediction and prevention of metastasis in NSCLC 
patients, enable faster drug discovery by identifying bioactive 
natural compounds through AI models, and support the us-
age of indigenous medicinal compounds for cancer treatment, 
while contributing globally to the evolving AI-oncology in-
tersection.

�   Methods
Data Collection and Pre-processing:
A multi-stage data collection and filtering process was used 

to identify robust gene candidates involved in NSCLC, in-
tegrating transcriptomic datasets from multiple sources and 
taking rigorous pre-processing steps. Differentially expressed 
genes were initially obtained from a TCGA-based dataset 
available on the Lung Cancer Explorer (LCE) portal. Both 
of the subtypes of LUAD (lung adenocarcinoma) and LUSC 
(lung squamous cell carcinoma) were taken into account 
during the analysis to ensure comprehensive subtype cover-
age. Non-coding and microRNA entries were filtered from the 
original dataset, with only protein-coding transcripts of likely 
functional significance retained. An adjusted p-value threshold 
of < 0.05 was chosen to pick up statistically significant genes, 
with a standardized mean difference (SMD) threshold of > 
0.5 chosen to secure practical biological significance. SMD is 
a measure of effect size that expresses the difference between 
two group means relative to the variability (standard deviation) 
of the data, allowing comparison across studies with different 
measurement scales. Additionally, only genes were retained 
that were directionally consistent in both LUAD and LUSC, 
displaying uniform upregulation or uniform downregulation. 
To complement this data, expression and clinical metadata for 
LUAD and LUSC were retrieved from The Cancer Genome 
Atlas (TCGA) via the cBioportal platform. Only diploid sam-
ples, defined as exhibiting a regular genomic copy number 
without significant amplification or deletion, were selected 
for analysis. The dataset included z-score normalized mRNA 
expression data for both LUAD and LUSC diploid samples. 
Only those showing consistent upregulation or downregula-
tion in both LUAD and LUSC subtypes were kept.

To further validate and emphasize relevance to cancer me-
tastasis, three additional datasets were selected from the Gene 
Expression Omnibus (GEO): GSE161116, GSE166720, and 
GSE263726. These datasets were chosen based on their asso-
ciation with metastatic character in NSCLC. Specifically, they 
were prioritized because they included clear metastatic versus 

non-metastatic annotations (or metastatic stage grouping) and 
sufficient sample sizes to support reliable differential expres-
sion analysis. The DEG (differentially expressed gene(s)) lists 
for each of these datasets were generated using GEO2R, an 
in-built tool within GEO that implements standard statistical 
procedures to identify differentially expressed genes between 
two or more experimental groups. Default thresholds applied 
by GEO2R were used for the analysis, including a p-value 
cut-off of less than 0.05. The DEGs identified from each of 
the three studies were combined into a unified GEO-sourced 
DEG list. The union of the GEO-derived DEGs was inter-
sected with the curated LCE–cBioPortal gene list to produce 
a final gene list.

Protein-Protein Interaction (PPI) Network Construction 
and Pathway Analysis:

To evaluate the structural relationships between me-
tastasis-associated genes in NSCLC, a PPI network was 
constructed. The final list of 850 DEGs was queried against 
the STRING database using a custom Python script that 
implemented batch submission of gene symbols. The script 
parsed STRING’s API and filtered results to include only in-
teractions with a combined score ≥ 0.7 and limited to Homo 
sapiens. The resulting interaction table (in TSV ‘tab-separated 
values’ format) included columns for interacting protein pairs, 
interaction scores, and evidence types. This interaction matrix 
was imported into the Cytoscape software. Within Cytoscape, 
the Network Analyzer plugin computed multiple topological 
parameters. To gain functional insight into the metastasis-as-
sociated genes identified through expression integration and 
network modeling, pathway enrichment analysis was con-
ducted using the Reactome Pathway Database. Statistical 
significance was determined using hypergeometric testing 
with Benjamini–Hochberg correction to control the false dis-
covery rate (FDR).

Dynamic Modelling of PPI Networks:
While centrality highlights structurally important hubs, dy-

namic modeling evaluates how these genes behave over time 
under regulatory interactions, helping distinguish consistently 
influential drivers from nodes that are merely well connected. 
To simulate dynamic regulatory behavior within this network, 
a non-linear ODE model was implemented to capture the 
time evolution of protein concentrations across all the genes. A 
non-linear ordinary differential equation is an ODE in which 
the unknown function or its derivatives appear with powers, 
products, or other non-linear functions, so the equation cannot 
be written as a sum of terms where the function and its deriv-
atives are only to the first power multiplied by functions of the 
independent variable. Each gene was modelled by the nonlin-
ear equation dx/dt = α − βx + A⋅x². Both α and β were fixed 
at 1 across all genes, simplifying the dynamics while retain-
ing general biochemical interpretability. Initial activity levels 
for each gene were randomly initialized within the range of 
0.01 to 0.1 to mimic low resting expression. Simulations were 
conducted over 100 discrete time steps using the LSODA al-
gorithm through SciPy's solve_ivp function, which adaptively 
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handles stiff and non-stiff systems. All simulation parameters, 
including step size and tolerances, were held constant across 
the entire gene set. The model produced a time-series matrix 
of gene expression trajectories. All the genes were retained 
throughout the simulation, and their dynamic profiles were 
ranked based on convergence behavior.

Virtual Screening of BUB1:
Molecular docking was performed to explore therapeutic 

inhibition of the key metastasis-associated gene BUB1. An 
in silico pipeline based on PyRx, AutoDock Tools, and Open 
Babel was used for the analysis. The 3D crystal structure of 
BUB1 was obtained from the RCSB Protein Data Bank in 
PDB (Protein Data Bank) format. The structure was pre-pro-
cessed before docking using AutoDock Tools (ADT). This 
included: the removal of all water molecules, the addition of 
polar hydrogens to support accurate hydrogen bonding inter-
actions, and the assignment of Kollman charges to all atoms. 
The following structure was then converted into PDBQT 
(AutoDock Protein Data Bank format with partial charges and 
atom types) format. For ligand preparation, a library of natural 
compounds was sourced from PubChem in SDF (Structure 
Data File) format and imported into PyRx. Using the Open 
Babel module integrated within PyRx, the compounds were 
converted into 3D conformers and energy-minimized using 
the MMFF94 force field to optimize their geometry. These 
processed ligands were then exported into PDBQT format, 
which is required for docking. A blind docking approach was 
employed to scan the entire surface of the BUB1 protein for 
potential binding sites. Within PyRx, the docking grid box 
was configured to encompass the full macromolecule to ensure 
that no potential binding cavity was overlooked. The center 
and dimensions of the grid box were manually set based on 
visual inspection of the protein’s structure.  Docking grid pa-
rameters were optimized once for the BUB1 binding site and 
then reused unchanged across all ligands to ensure consistent 
sampling and reproducibility. Docking was conducted using 
AutoDock Vina through the Vina Wizard interface in PyRx. 
Flexible ligand docking was performed against the prepared 
BUB1 protein, with AutoDock Vina applying its scoring algo-
rithm to estimate binding affinities. The results were reported 
as binding free energies (ΔG, in kcal/mol), where more neg-
ative values indicated stronger predicted binding interactions. 
Following molecular docking, the top five ligands ranked by 
binding affinity were selected for detailed interaction analysis 
using BIOVIA Discovery Studio Visualizer. Upon opening 
each complex in Discovery Studio, the protein and ligand 
chains were visually inspected. For each loaded complex, the 
built-in "Receptor-Ligand Interactions" protocol was execut-
ed. 

Machine Learning Model:
A supervised machine learning approach was implemented 

to predict the binding potential of natural compounds target-
ing the BUB1 protein. These compounds had previously been 
screened in the molecular docking pipeline and were selected 
from a curated natural product library retrieved from Pub-

Chem. The physicochemical descriptors of the ligands, such 
as molecular weight, topological polar surface area (TPSA), 
XLogP, the number of hydrogen bond donors and acceptors, 
rotatable bonds, and several additional drug-likeness indi-
cators, were used as the feature set. TPSA is the sum of the 
surface areas of all polar atoms (typically oxygen and nitrogen) 
and their attached hydrogens in a molecule’s 2D structure, 
used as a predictor of permeability and drug absorption. All 
descriptor data were compiled into a single feature matrix and 
paired with binary classification labels based on binding energy 
values derived from AutoDock Vina simulations. Compounds 
showing binding energies of −7.0 kcal/mol or better were la-
belled as 'active' and assigned a value of 1. Those with less 
favorable binding affinities were labelled 0. This threshold was 
selected to distinguish strong binders from weaker candidates 
while keeping the classification criterion both interpretable 
and stringent. The dataset was split into training and testing 
sets using an 80:20 ratio, with stratified sampling to maintain 
class distribution. Model performance was evaluated on the 
held-out test set using accuracy and ROC-AUC (with pre-
cision, recall, and F1-score reported as supporting metrics) 
to verify that predictive performance generalized beyond the 
training data. To interpret the influence of individual features 
on model output, SHAP (SHapley Additive exPlanations) 
values were computed using TreeExplainer. The SHAP sum-
mary plot highlighted the key features. In addition to binary 
class predictions, the model also generated probability scores 
for each compound using the predict_proba function. These 
confidence scores indicated the model's certainty in classify-
ing a ligand as active and were subsequently used to prioritize 
candidates for downstream consideration. A final ranked list 
containing compound identifiers, predicted probabilities, and 
classification labels was exported for use in compound selec-
tion workflows.

�   Results and Discussion 
Identif ication of Differentially Expressed Genes Across NS-

CLC Subtypes:
From the TCGA datasets, genes were considered differen-

tially expressed based on standardized expression differences 
computed across metastatic and non-metastatic samples. In 
lung adenocarcinoma (LUAD), a total of 11,692 genes were 
differentially expressed, of which 7,066 were upregulat-
ed, and 4,626 were downregulated. Similarly, analysis of the 
lung squamous cell carcinoma (LUSC) dataset identified 
12,039 differentially expressed genes (DEGs), including 
6,799 upregulated and 5,240 downregulated. The intersec-
tion yielded 6,032 genes that were consistently upregulated or 
downregulated across both NSCLC subtypes. After perform-
ing DE analysis for chosen IDs, GSE161116, GSE166720, 
and GSE263726, a separate number of DEGs were identified 
for each. These GSE IDs were selected based on the presence 
of well-annotated metastatic phenotypes and control groups. 
GSE161116 returned 352 DEGs, 342 of which were down-
regulated. GSE166720 and GSE263726 identified 13,374 
and 7,819 DEGs, respectively, with distributions that included 
both upregulated and downregulated candidates (Figure 1). 
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Dynamic Modeling of Network Behavior:
To model the dynamic regulatory behavior of metas-

tasis-associated genes in NSCLC, a nonlinear ordinary 
differential equation (ODE) simulation was employed using 
the STRING-derived protein–protein interaction (PPI) net-
work. The validated list of 858 genes was mapped onto the 
network, and the corresponding adjacency matrix was extracted. 
Each node represented a protein and was modelled according 
to the equation dx/dt = α − βx + A·x², where x is the protein 
activity level, α is the synthesis rate, β is the degradation rate, 
and A is the weighted adjacency matrix. Initial conditions were 
randomly sampled between 0.01 and 0.1 to reflect low basal ac-
tivity. Simulations were conducted for 50 time steps using the 
LSODA solver in SciPy’s solve_ivp module. Nodes exhibiting 
oscillatory or null behavior were filtered out. A node was con-
sidered oscillatory if the time-series profile exhibited multiple 

After consolidation and removal of duplicates, the GEO-de-
rived DEG pool comprised 16,861 unique genes. To establish 
a final metastasis-associated signature, the 6,032 subtype-con-
sistent TCGA genes were intersected with the GEO-derived 
DEG pool. This cross-validation step resulted in a core set of 
858 genes that were reproducibly dysregulated in both large-
scale RNA-seq and independent microarray datasets. These 
858 genes represent highly statistically robust and biologically 
validated candidates associated with NSCLC metastasis.

Network Construction and Hub Gene Identif ication:
The functional relationships among the 858 GEO-vali-

dated genes implicated in NSCLC metastasis were mapped 
in the form of a protein–protein interaction (PPI) network. 
The resulting network consisted of 858 nodes and 5,321 un-
directed edges, indicating a densely interconnected regulatory 
architecture (Figure 2). Topological features, including degree, 
betweenness, closeness, and clustering coefficient, were com-
puted for each gene. Degree centrality was prioritized as the 
primary measure of node importance due to its intuitive repre-
sentation of connectivity. Based on all these centrality metrics, 
the ten most highly connected hub genes were identified (Ta-
ble 1). Among these, BRCA1 showed the highest degree with 
67 direct connections, marking it as a key regulatory node 
within the network.
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Figure 1: Differentially expressed genes in NSCLC metastasis studies from 
GEO (GSE161116, GSE166720, GSE263726). Volcano plots showing 
differential gene expression across the three GEO datasets. Each point 
represents a gene, plotted by log₂ fold change (x-axis) and −log₁₀ adjusted 
p-value (y-axis). Genes with statistically significant differential expression 
(adj p-value < 0.05) are colored: upregulated genes in red, downregulated 
genes in blue, and non-significant genes in black. These plots highlight the 
distribution and magnitude of transcriptional dysregulation between control 
and metastatic lung cancer samples in each study.

Figure 2: A Protein–Protein Interaction (PPI) Network of DEGs derived 
from TCGA (LUAD and LUSC) and GEO (GSE161116, GSE166720, 
GSE263726). The full PPI network was constructed using the STRING 
database for the 858 GEO-validated, TCGA-consistent differentially 
expressed genes (858 nodes; 5,321 edges). Round nodes represent proteins 
and edges indicate high-confidence interactions (combined score > 0.7).

Table 1: Summary of Top 10 Hub Genes Identified from Static Centrality 
Analysis of the NSCLC Metastasis Network. The table lists the top 10 hub 
genes ranked by degree centrality in the STRING-derived protein–protein 
interaction (PPI) network of 858 GEO-validated metastasis-associated genes.
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Pathway Enrichment Analysis:
After performing pathway analysis, a total of 107 pathways 

were significantly enriched (FDR < 0.05), with the majori-
ty clustering around cell cycle regulation, DNA replication, 
and checkpoint transitions. The top five enriched pathways 
identified were Mitotic G1 phase and G1/S transition, Cell 
Cycle, Mitotic, G1/S Transition, and Cell Cycle Checkpoints. 
These pathways collectively cover a substantial portion of the 
functional landscape defined by the 858-gene panel. Their 
prominence suggests a tightly regulated disruption of cell cycle 
progression and genomic maintenance in NSCLC metastasis. 
Many of the top-ranking hub genes from the network anal-
ysis, including BRCA1, BUB1, TOP2A, CDC45, and EXO1, 
were also present in these enriched pathways. Their recurrence 
across static centrality, dynamic simulation, and functional an-
notation further validates their mechanistic relevance.

Virtual Screening and Docking Analysis:
To identify candidate natural compounds capable of target-

ing key metastatic regulators in NSCLC, molecular docking 
was conducted for the BUB1 protein using a structure-based 
virtual screening approach. BUB1 was selected as the docking 
target due to its high topological centrality, temporal stability 
in dynamic modeling, and consistent enrichment in mito-
sis-related pathways. A total of 1,869 natural product-derived 
ligands were compiled from PubChem and prepared using 
Open Babel within the PyRx interface. AutoDock Vina re-
turned binding free energy estimates (ΔG, in kcal/mol) for 
each ligand–protein complex. All results were aggregated and 
ranked by ascending ΔG values, and top compounds were 
identified (Table 2). The top binding affinities ranged from 
−11.7 to −9.6 kcal/mol, indicating strong interaction potential. 
The top-ranked compounds demonstrated consistent dock-
ing across multiple simulation runs and structural replicates. 
CID_135398501, the top hit, exhibited a predicted binding 
energy of −11.8 kcal/mol, placing it well within the range as-
sociated with high-affinity ligand binding. The majority of the 
top ligands contained heterocyclic cores and polar function-
al groups conducive to hydrogen bonding and hydrophobic 
pocket fitting. Structural analysis using PyMOL revealed fa-
vorable interactions within BUB1’s ATP-binding domain and 
adjacent regulatory sites. Three of the five leading compounds 
–CID 135398501 (AKT inhibitor VIII), CID 11751922 
(CDK inhibitor AT-7519), and CID 5154 (sanguinarine) are 
documented in PubChem as kinase inhibitors or bioactive 
antitumor agents, lending support to their pharmacophore rel-
evance. The remaining hits show anticancer activity but lack 
specific kinase annotation. BIOVIA Discovery Studio provid-
ed a 2D interaction diagram for the top 5 ligands (Figure 5) 
showing the types of interactions.

peaks or fluctuations without convergence, with a standard 
deviation > 0.1 over the final 50% of the simulation period. 
Final trajectories were compiled into a time-series CSV (com-
ma-separated values) matrix, with temporal plots generated for 
select genes (Figure 3). All ten of the top-ranked genes from 
the static centrality analysis–BRCA1, EXO1, TOP2A, NOP56,
 MRPS12, BUB1, CDC45, RRM2, NOP58, and FBL–exhib-
ited stable, non-zero equilibrium states. These profiles showed 
initial exponential increases in activity followed by smooth 
convergence to plateaus, typically within 10–15 time steps. To 
assess coherence between topological and kinetic importance, 
the top 10 dynamic nodes with the top 10 from static central-
ity measures were compared. Nine genes were shared: BRCA1, 
BUB1, CDC45, EXO1, FBL, MRPS12, NOP56, NOP58, and 
TOP2A. The only exception was BYSL, which ranked just 
outside the top 10 dynamically at position 11. When extend-
ed to the top 30 genes, 29 overlapped, demonstrating strong 
convergence between structural prominence and temporal 
persistence (Figure 4). This alignment supports the biological 
importance of the selected genes and affirms their prioritiza-
tion for downstream experimental or therapeutic targeting.
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Figure 3: Dynamic Activity Profiles of Top 10 Hub Genes in Simulated PPI 
Network derived from TCGA (LUAD and LUSC) and GEO (GSE161116, 
GSE166720, GSE263726). Time-course trajectories depicting simulated 
activity dynamics of the top 10 hub genes (BRCA1, EXO1, TOP2A, NOP56, 
MRPS12, BUB1, CDC45, RRM2, NOP58, FBL) within the dynamic protein–
protein interaction (PPI) network. Each curve represents the expression 
activity of a single gene over 50 simulation time steps based on a nonlinear 
ODE system. All trajectories converge to non-zero steady states.

Figure 4: Comparison of Top-Ranked Genes Between Static and Dynamic 
Network Models derived from TCGA (LUAD and LUSC) and GEO 
(GSE161116, GSE166720, GSE263726). Venn diagram illustrating the 
overlap between the top 30 genes ranked by static degree centrality (left, 
red) and those prioritized through dynamic modeling of the same 858-gene 
protein–protein interaction network (right, blue). Of the 30 highest-ranked 
genes from each model, 29 were shared, demonstrating a high degree 
of agreement between structural centrality and dynamic stability-based 
prioritization. Only one gene was unique to each ranking list, validating the 
robustness of the consensus-derived gene set.
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Machine learning model:
To evaluate the drug-likeliness and binding potential of the 

screened natural compound library, a machine learning–based 
classification framework was employed to predict ligand ac-
tivity against the BUB1 protein with two models, XGBoost 
and Random Forest. With both demonstrating acceptable pre-
dictive behavior, XGBoost was chosen for feature importance 
analysis and compound prioritization due to its interpretabil-
ity via SHAP and efficiency in handling tabular data. Feature 
importance was explored using SHAP (SHapley Additive 
exPlanations), a technique that offers insight into how each 
input feature contributes to the final prediction. The SHAP 
summary plot showed that XLogP, topological polar surface 
area (TPSA), and the number of rotatable bonds had the great-
est impact on classification outcomes. These descriptors, which 
reflect molecular hydrophobicity, polarity, and flexibility, are 

commonly linked to drug-like behavior. The model relied on 
these variables to distinguish between strong and weak binders. 
A global summary of these findings is presented in Figure 6, 
offering a clear visualization of overall feature relevance. Once 
the model was trained, it was used to assign binding activity 
probabilities to every compound in the dataset. Compounds 
predicted as active (based on classification probabilities) were 
flagged for prioritization. A total of 367 molecules met this 
criterion and were advanced for downstream consideration. 
The original training labels were based on docking scores be-
low −7.0 kcal/mol, but the final model predictions relied solely 
on descriptor patterns. These selected compounds represented 
a wide range of chemical scaffolds and exhibited high confi-
dence scores, making them strong candidates for redocking or 
experimental validation.

This study presents a robust computational framework with 
multiple layers for identifying metastasis-associated gene sig-
natures in non-small cell lung cancer (NSCLC). Merging 
transcriptomic data from both The Cancer Genome Atlas 
(TCGA) datasets and Gene Expression Omnibus (GEO), 
followed by protein–protein interaction (PPI) network 
construction, dynamical modeling, and virtual compound 
screening, enabled the identification of a high-confidence list 
of 858 genes with metastasis signature. Unlike previous stud-
ies, which rely on single-cohort or platform-specific analyses, 
this combined approach takes advantage of multi-cohort and 
cross-platform validation. This method arguably strengthens 
both biological relevance and further utility. The transcriptom-
ic integration phase served to refine the candidate gene list by 
ensuring consistency across NSCLC subtypes and platforms. 
The initial intersection of LUAD and LUSC transcriptomic 
datasets excluded subtype-specific variability, reinforcing the 
generalizability of the metastasis-associated signature across 
NSCLC. This strategy was further strengthened through 
validation using GEO-derived gene expression data. By lever-
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Table 2: Top Five Ligands Identified from Virtual Screening Against the 
BUB1 protein in NSCLC. List of top-performing ligands from structure-
based virtual screening against the BUB1 protein using AutoDock Vina. 
Compounds were ranked based on binding affinity (ΔG, kcal/mol). Some 
of these compounds are known or suspected kinase inhibitors, suggesting 
therapeutic relevance in NSCLC metastasis inhibition.

Figure 5: 2D representation of docking using Biovia Discovery Studio top 
poses after virtual screening. 2D interaction diagrams of the top five high-
affinity ligands (pose 1) docked to the BUB1 protein (CID_135398501, 
CID_5154, CID_11751922, CID_24882195, CID_5281600). Visualizations 
were generated using BIOVIA Discovery Studio based on AutoDock Vina 
output poses. 

Figure 6: SHAP Summary Plot of Feature Importance in the XGBoost 
Model trained on the docked natural compound set (n = 1,869 ligands; “active” 
label defined as AutoDock Vina binding energy ≤ −7.0 kcal/mol). SHAP 
(SHapley Additive exPlanations) values summarize the contribution of each 
molecular descriptor to the classification of compounds as active or inactive 
against BUB1. Each dot represents a SHAP value for a given compound and 
feature. The horizontal axis indicates the impact on the model output, while 
color represents the feature value (red = high, blue = low).
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aging datasets across distinct platforms and clinical contexts, 
the resulting gene set exhibits strong cross-platform robust-
ness. Such integrative approaches are increasingly recognized 
for their biomarker discovery power. For example, a research 
group constructed a multi-gene LUAD prognostic model by 
integrating TCGA and GEO cohorts, highlighting how tran-
scriptomic convergence improves generalizability and clinical 
utility.17 While our approach shares this integrative nature, it 
differs by highlighting metastasis-specific signatures.

The PPI network of the 858-gene set revealed a scale-free 
topology enriched in cell cycle and DNA repair regulators. 
Among these, some genes (e.g., BRCA1, BUB1, and TOP2A) 
stood out with high degree centrality and were further validat-
ed by being prioritized through nonlinear ordinary differential 
equation (ODE) modeling. These genes maintained stable, 
non-zero equilibrium states over simulated timesteps, suggest-
ing that they play a persistent regulatory role in maintaining 
network homeostasis under dynamic conditions relevant to 
metastasis. This points toward a form of kinetic resilience (the 
ability of a node to retain regulatory influence over time despite 
perturbations) that may explain their influence in NSCLC 
progression. This interpretation aligns with Ma et al., who 
showed BRCA1’s involvement in homologous recombination 
repair (HRR) and its predictive value in NSCLC prognosis.18 
Additionally, systems-level network analysis was conducted 
by another study, where they emphasized how central mitot-
ic regulators, like BUB1 and TOP2A, often correspond to key 
phenotypic drivers in cancer.19 These studies validate our reli-
ance on static centrality as a biologically meaningful criterion.

To contextualize these hubs functionally, enrichment anal-
ysis using Reactome revealed that the identified hub genes 
were involved in G1/S checkpoint control, mitotic spindle for-
mation, and chromosomal segregation, to name a few. These 
findings suggest that dysregulation of mitotic fidelity may be 
a significant, though not exclusive, contributor to NSCLC 
metastatic potential. A possible explanation could be that com-
promised checkpoint control permits chromosomal instability, 
facilitating malignant transformation. This interpretation finds 
some support in a study that demonstrated that alterations in 
oxidative stress response and DNA damage repair pathways 
stratify LUAD subtypes with poor prognosis.20 Additionally, 
enrichment of RNA splicing, mitochondrial translation, and 
proteasome pathways aligns with the findings of a study that 
identified similar biological programs in LUSC cohorts associ-
ated with immune infiltration and poor survival.21

With this mechanistic backdrop established, virtual screen-
ing revealed several candidate compounds with strong predicted 
binding affinities toward BUB1, including the known kinase 
inhibitors sanguinarine and AT-7519. These findings are 
promising given the existing evidence of BUB1 overexpres-
sion in NSCLC and its role in tumor proliferation. Although 
direct inhibitors of BUB1 remain limited in clinical use, sev-
eral BUB1-targeted compounds are currently under preclinical 
evaluation for their potential to disrupt mitotic fidelity and 
tumor growth. Related kinase inhibitors have shown efficacy 
in preclinical studies. This supports the potential of BUB1-tar-
geted compounds as viable anticancer agents. It remains to be 

tested, however, whether such ligands retain efficacy in com-
plex in vivo tumor microenvironments. The identification of 
phytochemical ligands like sanguinarine also aligns with prior 
efforts exploring phytochemical inhibition of mitotic regula-
tors, although direct targeting of BUB1 remains unverified.

To distill these docking outputs into a prioritized list, an 
XGBoost classifier was trained on molecular descriptors and re-
fined using SHAP value interpretation. The model highlighted 
XLogP, TPSA, and rotatable bonds as key predictors of binding 
affinity, confirming established structure–activity relationships 
in medicinal chemistry. Pashaei et al. similarly demonstrated 
the efficacy of machine learning coupled with network-based 
analysis for high-throughput drug screening and compound 
interpretation. While our model exhibited robust feature in-
terpretability, its predictions are necessarily constrained by the 
resolution of available docking scores. Of the 1,869 compounds 
screened, 367 were prioritized as high-confidence candidates, 
providing a tractable shortlist for future validation. Future ap-
plications should include experimental validation of predicted 
targets as well as ligands, for instance, with CRISPR-mediated 
gene knockout for functional characterization or SPR assay for 
confirmation of compound binding affinity.

This study acknowledges some limitations that it is primar-
ily computational and relies on in silico predictions, so results 
should be interpreted as hypothesis-generating rather than de-
finitive evidence of biological causality. No wet lab validation 
was performed, meaning the proposed role of BUB1 and the 
prioritized natural compounds require experimental confirma-
tion (for example, cell-based assays of migration or invasion 
and target engagement). In addition, docking scores and the 
chosen activity threshold are approximations that depend on 
the docking setup and scoring function, so binding affinity 
rankings may shift under alternative parameterizations or more 
rigorous free energy methods.

�   Conclusion 
Overall, this work demonstrates the power of merging 

transcriptomic integration, network biology, dynamical sys-
tems models, and AI-improved virtual screening to identify 
regulatory hubs alongside therapeutic leads for NSCLC me-
tastasis. Concurrence of biologically reasonable conclusions 
for an extended set of analytical spaces demonstrates internal 
validity of the analytical pipeline. Such multidimensional con-
currence reinforces confidence in prioritized targets alongside 
their translational validity. At a high level, our systems-level 
approach potentially offers a starting point for stabilization of 
biomarkers alongside target fidelity improvement for molecu-
larly heterogeneous cancers like NSCLC, wherein traditional 
single-layer analyses are suboptimal.
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Investigating Metabolic Stress In Vivo: Does Acute Glucose 
Deprivation Replicate Aspects of AD Pathogenesis?      

Edward Yan        
Westlake High School, 4100 Westbank Drive, Austin, TX, 78746, USA; ey6bbm@gmail.com 

ABSTRACT: Alzheimer’s disease (AD) is a debilitating neurodegenerative condition that predominantly affects memory 
and cognitive function. Proposed in 1992, the amyloid cascade hypothesis (ACH) states that the accumulation of amyloid-beta 
(Aβ) plaques in the brain is the primary driver of AD. However, numerous clinical trials targeting the molecular basis of the 
ACH have shown limited clinical efficacy. One emerging alternative hypothesis is that endoplasmic reticulum (ER) stress drives 
AD pathogenesis. This study aimed to investigate the relationship between ER stress and memory impairment in vivo using 
the fruit fly (Drosophila melanogaster). Mild and severe ER stress were induced via varying lengths of glucose deprivation (GD), 
and the T-maze test assessed effects on spatial memory after positive-reinforcement classical conditioning. Mild ER stress did 
not significantly impair spatial memory compared to controls, but surprisingly, neither did severe ER stress under the selected 
experimental conditions. Flies acclimated to the T-maze setup exhibited less average distance traveled away from baseline towards 
a positive reward stimulus following severe ER stress compared to non-acclimatized controls. These findings suggest a non-linear 
relationship between ER stress and cognitive function and contribute to growing evidence that ER stress may have a context-
dependent role in AD development.  

KEYWORDS: Animal Behavior, Neuroscience, Alzheimer’s Disease (AD), Endoplasmic Reticulum (ER) Stress, “Type 3” 
Diabetes. 

�   Introduction
In the United States (U.S.), approximately 6.9 million peo-

ple aged 65 and older are affected by Alzheimer’s disease (AD), 
a debilitating neurodegenerative disorder that primarily affects 
memory and motor coordination.1 AD is the seventh leading 
cause of death in the U.S., killing nearly 120,000 individuals 
each year.1 The consequences of AD extend beyond those af-
flicted, with an estimated 11 million Americans involved in the 
care of AD patients and 18.4 billion work hours (h) attributed 
to AD patient care in 2023.1 The estimated total of Americans 
immediately impacted by AD is 17.9 million, or 5.3% of the 
population.2 Males and females have a comparable incidence 
rate, despite females having a higher diagnosis rate due to hav-
ing longer average lifespans.3 In 2024, the total financial cost 
of AD in the U.S. was $360 billion for long-term health care 
and hospice services.1 AD is becoming a growing demographic 
within the United States’ increasingly aging population; be-
tween 2000 and 2021, the rate of AD deaths increased by 140% 
and the number of people living with AD in the U.S. is project-
ed to double to 13.8 million by 2060.1 It is therefore essential 
to understand the molecular factors responsible for AD onset 
and progression to suggest potential targets for treatment; such 
efforts have already yielded an extensive body of knowledge.

The majority of AD research refers to the amyloid cascade 
hypothesis (ACH).4 The ACH asserts that oligomers of amy-
loid-beta (Aβ) and tau proteins render themselves neurotoxic 
to the human brain and progressively induce loss of motor 
function and cognitive decline.4 Although this hypothesis 
has been generally accepted by the scientific community since 
1992, clinical trials that have attempted to target AD through 

the molecular basis of this hypothesis, by directly targeting and 
destroying Aβ plaques or tau aggregates, have resulted in vary-
ing, inconsistent results. Levin et al. examined several clinical 
trials that targeted the ACH, finding that most had results that 
merely slowed down the progression of the disease as opposed 
to reversing or halting it.5 For example, in a Phase III clini-
cal trial, aducanumab, which acts by recognizing Aβ plaques 
and marking them for degradation by microglia, was found to 
slow down AD progression by 25%, but had no curative effect.6 
Further studies on Phase I clinical trials using donanemab and 
lecanemab, two other proposed AD drugs targeting the ACH, 
found “mixed or statistically insignificant results”.5,7,8 Although 
Levin et al. did not explicitly refute the ACH, they suggested 
limitations to its usefulness in informing therapeutic strategies 
for patients, claiming that the ACH may only “pertain to the 
preclinical [asymptomatic] stage of AD, prior to symptomatic 
onset”.5 Therefore, this suggests that there may be alternative 
or complementary hypotheses for AD pathogenesis that could 
serve as new avenues for therapeutic intervention.

Among alternative hypotheses that have recently gained 
prominence, it is suggested that metabolic dysregulation, par-
ticularly endoplasmic reticulum (ER) stress and the unfolded 
protein response (UPR), plays a significant role in AD patho-
genesis.9,10 ER stress occurs when the capacity of the ER to 
fold proteins is overloaded, and proteostasis is subsequently 
hindered due to an accumulation of unfolded or misfolded pro-
teins in the ER.11 The UPR is the physiological phenomenon 
that occurs when a cell responds to ER stress and attempts 
to mitigate it, occurring via the actions of three key enzymes: 
IRE1, ATF6, and PERK.11 Central to the ER stress hypothesis 
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is that the accumulation of Aβ and tau proteins causes a sig-
nificant increase in ER stress and thus disrupts protein folding 
and, in turn, neuronal cell viability.10

The role that ER stress plays in AD pathogenesis is a topic of 
increasing interest and scientific scrutiny. Salminen et al. were 
the first to suggest a correlation between ER stress, the UPR, 
and AD pathogenesis in a prominent review article published 
in 2009.12 Others followed to experimentally test whether ER 
stress plays a role in AD pathogenesis through the neurotoxic 
accumulation of Aβ and tau, upregulating ER stress and there-
by causing cognitive decline.9,10,12 A study in which rats were 
administered tunicamycin, an ER stress inducer, into their 
brain ventricles found a significant reduction in spatial memo-
ry, defined as memory associated with navigation and recall of 
spatial relationships, when rats were tasked with finding a hid-
den platform under the water’s surface in a Morris water maze 
test.13 Surprisingly, Hashimoto et al. determined that extracted 
cells from rat brains exposed to thapsigargin, another ER stress 
inducer, at concentrations of 2–5 μM, conferred no significant 
effects on spatial memory, thereby refuting their own initial 
hypothesis that ER stress would result in neuronal cell death.14 
A possible explanation for this is suggested in an earlier study 
by Fouillet et al., which found that mild ER stress in mouse 
models, fruit fly models, and human neuroblastoma cells pro-
moted neuroprotective autophagy, thereby inhibiting neuronal 
cell death through an adaptive response against apoptosis.15

There is growing evidence that glucose deprivation (GD) 
induces ER stress via the PERK pathway, akin to the extent 
observed for tunicamycin and thapsigargin.19,20 The ability for 
GD to cause ER stress has been observed in a range of health 
conditions in humans, such as ischemic stroke and diabetes 
in addition to AD.19,21 Particularly with regards to diabetes 
mellitus, AD has well-documented molecular and biochem-
ical features overlapping with both type 1 and type 2 diabetes 
(T1D/T2D), and also represents a form of insulin resistance 
specifically involving the brain. Owing to this, AD has been 
increasingly referred to as “type 3 diabetes”, or T3D.22 This 
may extend to glucose dyshomeostasis in general; notably, 
García de la Cadena et al. observed that acute GD could up-
regulate apoptosis in critical memory-regulating cells such as 
neurons in the hippocampus.19 As such, the question arises: 
does acute glucose deprivation in vivo, and the subsequent ER 
stress this induces, replicate aspects of AD pathogenesis in the 
form of reduced spatial memory?

This question would ultimately serve as central to my ex-
perimentation. I hypothesize that, consistent with Fouillet et 
al. and Lin et al., mild ER stress induced by a short duration 
of GD, lasting 1 h, would not significantly impair the spa-
tial memory of fruit flies (Drosophila melanogaster), but that 
heavy ER stress induced by a longer duration of GD, last-
ing 3 h, would lead to a decrease in spatial memory.13,15 This 
study aims to bridge the gap between understanding whether 
varying degrees of ER stress affect spatial memory responses 
comparable to those observed in AD in vivo.

�   Methods
Materials and experimental setup:
Fruit flies (D. melanogaster, hereby referred to as “flies” in-

terchangeably) were obtained from the Carolina Biological 
Supply Company (CBSC) in Burlington, NC, as living, wild-
type adults with 25–30 flies per vial. Each trial featured a total 
of 12 vials for a cumulative sample size of 300–360 flies per 
trial. Across 5 trials, this yielded a cohort size of 1,500–1,800 
flies. Two vials (50–60 flies) were arbitrarily selected via ran-
dom number generator at RANDOM.ORG and assigned to 
one of six experimental groups. Adults were segregated from 
larvae and pupae, and were transferred into a cylindrical vial 
measuring 10 centimeters (cm) by 4 cm containing a medi-
um formula of 2 grams (g) active dry yeast, 2 teaspoons (tsp) 
instant medium from CBSC, and 10 mililiters (mL) drinking 
water. Vials were obtained from CBSC, and yeast, water, and 
reagent-grade sucrose were obtained from Red Star, Crystal 
Geyser, and ALDON, respectively. Any larvae in the origi-
nal shipping vial were transferred to a mini-freezer obtained 
from INSIGNIA™ and euthanized via freezing for 100 h, a 
well-documented euthanasia procedure.23 Flies maintained an 
equal gender ratio, analogous to documented human incidence 
rates for AD.3

Two odorants were used: aloe vera and Moroccan rose, 
obtained in hydrosol form from George’s and Whole Foods, 
respectively. Both odorants are harmless and were used to in-
duce classical conditioning, or the association of a stimulus 
with a positive or negative outcome.24 Flies were anesthetized 
with CO₂ generated from Alka-Seltzer® effervescent tablets 
prior to transfer to a housing tube with food medium (Figure 
1). Flies were given 1–3 days (d) to acclimate pre-experimen-
tation. Flies were segregated into 6 groups, as shown in Figure 
2. Flies in groups with “NCC”, or no classical conditioning, 
did not associate any odorant with a reward, whereas flies in 
groups labelled “YCC”, or literally “yes classical conditioning”, 
(Figure 2) received a reward when subjected to rose odor-
ant, where the tube was coated with both rose hydrosol and a 
“sweet medium”, composed as shown in Figure 3.
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Figure 1: The transfer apparatus is used for transporting D. melanogaster 
between two vials. The transfer apparatus for the transfer of flies from their 
initial vials into a destination vial (vial to transfer) was as shown. This tube 
was tapped onto a table to knock flies into the vial to transfer, and the initial 
tube was then removed and discarded. ID = internal diameter of the polyvinyl 
chloride (PVC) tubing. Figure created with BioRender.
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This setup was used to avoid loss of flies upon transfer be-
tween tubes. The aloe vera tube remained a controlled variable, 
where it was not coated with medium or any form of reward. 
The apparatus was kept on a 12 h light-dark cycle from 11:00 
to 23:00 and remained within temperature ranges of 15–25ºC. 
Due to seasonal and temporal temperature variations, ideal 
temperature conditions of 21ºC could never be firmly estab-
lished. Flies were kept on medium with an equivalent formula 
at an identical amount. Additionally, flies were tested at an 
equivalent age and subjected to matched testing times. Testing 
occurred across 5 trials in 6 days.

T-maze test:
Initial long-term memory training consisted of anesthe-

tizing fruit flies with CO₂, then transferring flies from their 
group vials into a tube coated with aloe vera odorant and free 
of food medium (Figure 4). Flies were given 7 min to accli-
mate post-transfer: 5 min to recover from anesthesia and 2 
min to explore (Figure 5). Once acclimatized, the flies were 
again anesthetized and transferred into a tube coated with 
rose hydrosol and containing sweet medium for experimental 
groups (Figure 5). After the cycle in the rose tube was com-

plete, the flies were anesthetized and transferred into the aloe 
vera tube, and the process was repeated for a total of 3 rounds 
(Figure 5). Afterward, flies were anesthetized, transferred back 
to their group vials, and given 100 min to consolidate memory 
of the reward with rose odorant, consistent with the classical 
conditioning method established by Tempel et al.25

Flies were then immediately subjected to a T-maze test, as 
shown in Figure 6; the total length of the arms of the T-maze 
was 10 cm on each arm. The T-maze was then flipped in a 
minimally biased manner to encourage fruit flies to explore, as 
they tended to gravitate towards the nearest wall. Each group 
of flies remained in the T-maze for 5 min to allow navigation 
towards odorants. Unlike initial testing, where the rose was 
associated with a reward, this experimental testing did not fea-
ture any reward being placed into the rose arm; instead, this 
relied on classical conditioning to associate the rose with a 
reward and thereby attract the flies towards the rose odorant.
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Figure 2: A decision matrix is used to determine experimental group 
segregation. Each group of fruit flies was created from the above decision 
matrix, considering whether a stimulus was associated with a reward and 
whether GD was applied, dividing the sample into 6 experimental groups.

Figure 3: Sweet medium recipe for D. melanogaster T-maze classical 
conditioning training. The sweet medium recipe used as a positive reward was 
created as shown in the figure, created with BioRender.com.

Figure 4: Memory training setup for training D. melanogaster for T-maze 
classical conditioning. Each experimental group of fruit flies was subjected to 
alternating intervals of 7 min in a medium-free tube coated with aloe odorant 
or a sweet medium tube coated with rose odorant as shown in the figure, 
created with BioRender.com.

Figure 5: Flow diagram for LTM. Experimental groups of fruit flies had a 
sweet medium included in the vial with a rose odorant as a reward for classical 
conditioning. Each LTM training cycle was repeated twice for a total of 3 
rounds.
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Data analysis:
Digital data was obtained via a stabilized camera record-

ing 4K resolution (3840x2160 pixels) and 60 fps (frames per 
second) (termed 4K60) video to document the fruit flies’ 
movements. Images were sampled in JPG format at a rate of 
1 frame/15 seconds or 4 frames/min via FFmpeg, an open-
source video-to-image sampler tool. The frames were then 
imported into Apple Preview (image/PDF viewer) software, 
where the distance between the center of the T-maze (base-
line) and the fruit fly was manually measured in pixels. The 
distance fruit flies traveled in horizontal pixels was quantified 
by converting pixels to cm. Gravitation to a certain odor was 
quantified by distance in cm from baseline; movement towards 
the aloe odorant was assigned a negative value, and movement 
towards the rose odorant was assigned a positive value. Mea-
surements across all flies were averaged to yield a mean value 
in cm. Flies in the “transfer chamber” (labeled “TC” in Figure 
6) were counted as having moved 0 cm as they had not yet ex-
plored either odorant-containing arm of the T-maze.

Statistical analyses were performed as follows: one-way 
ANOVA with Tukey’s honestly significant difference (HSD) 
post hoc test applied was used to analyze the variances between 
experimental groups 1-6, with a p-value α-threshold set to ≤ 
0.05. ANOVAs refer to statistical tests analyzing variance be-
tween two or more groups and test for significant variances 
between these groups; Tukey’s HSD analysis was used to verify 
ANOVA results.26,27 If the p-value was below α, there was a sig-
nificant correlation; if not, there was no significant correlation 
determined. The independent variable in this experiment was 
the duration of GD to induce ER stress, and the dependent 
variable was spatial memory loss quantified in average distance 
in cm from baseline at the completion of a 5-minute T-maze 
test (n = 5 technical replicates per experimental group).

�   Results and Discussion 
Flies not exposed to classical conditioning towards odorants 

(NCC, NGD; NCC, LGD; and NCC, HGD) did not navi-
gate further than 0.1 cm from the transfer chamber (TC) on 
average pre-GD (Figure 8) and 0.3 cm on average post-GD 
(Figure 9). Odorant-conditioned flies (YCC, NGD; YCC, 
LGD; YCC, HGD) navigated slightly further, but always 
within 0.5 cm of TC on average pre- and post-GD (Figure 8; 
Figure 9). This raw data pre- and post-GD forms the basis for 
the processed data in Figure 10.

Immediately afterward, flies in groups that would be sub-
jected to GD were transferred into another chamber free of 
food medium to deprive glucose and thereby induce ER stress 
consistent with the findings of García de la Cadena et al.19 
GD durations and experimental group stratification are shown 
in Figure 2. Post-GD, the flies were then immediately trans-
ferred into the T-maze containing both odorants for another 
round of confirmatory memory testing, with 5 min durations 
per group for testing. Afterward, the flies were euthanized via 
freezing for 100 h and then disposed of at the local waste plant.
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Figure 6: Image of D. melanogaster T-maze. Each experimental group of fruit 
flies was subjected to 5 technical replicates of the T-maze test. Although not 
clearly seen, A refers to the aloe vera arm, and R refers to the rose arm. TC 
refers to the transfer chamber, or the tube, in which the fruit flies are initially 
transferred to within the T-maze.

Figure 7: Flow diagram detailing the full experimentation procedure. Each 
trial followed the generalized timeline from the above flow diagram. Time 
per trial totaled 970–1015 min from the end of acclimation to the start of 
euthanasia.
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Flies not exposed to classical conditioning (NCC, NGD; 
NCC, LGD; NCC, HGD) lost a varied amount of distance 
that did not exceed –0.2 cm on average; NCC, NGD; NCC, 
LGD; and NCC, HGD kept consistent with the hypothesis 
that they did not “lose” memory due to being untrained. Of the 
experimental groups, YCC and LGD lost the most distance 
across all 5 trials at an overall loss of –0.31 cm between pre- 
and post-GD. This was roughly consistent with YCC, NGD, 
at –0.23 cm between pre- and post-GD. An expected “cliff-
shaped” trend where YCC, LGD does not lose significant 
memory beyond that of YCC, NGD, whereas YCC, HGD 
loses significant memory, did not materialize; instead, the 
trend appeared in reverse, where YCC, LGD, and YCC, HGD 
were comparable, but YCC, HGD lost less spatial memory 
quantified in distance by average centimeters in the rose arm, 
at –0.01 cm. Therefore, purely visual documentation appears 
to refute portions of the initial hypothesis.

In Figure 10, an outlier in NCC, HGD that skewed the 
values was eliminated; however, it may suggest that fruit flies 
may be naturally attracted towards roses, particularly after a 
period of acute starvation, as flies in NCC, HGD experienced 
3 h GD but did not undergo classical conditioning. However, 
it has been shown that the attraction of fruit flies towards de-
caying fruit or overripe roses in the wild is primarily mediated 
through their attraction to the scent of yeast (Saccharomyces 
cerevisiae) fermentation rather than the scent of the fruit or 
flower.28
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Figure 8: Average movement towards the rose chamber in cm pre-GD. N = 
5 replicates per group. Negative values denote navigation away from rose or to 
aloe; positive values denote navigation towards rose. Error bars denote mean ± 
standard deviation (SD). All groups traveled a varied amount of distance that 
does not particularly skew towards one group in particular, although groups 
subjected to classical conditioning generally traveled further in either direction 
compared to groups not subjected to classical conditioning. Note one outlier 
in NCC, HGD was invalidated and not counted towards the analysis. Graph 
created with GraphPad Prism software.

Figure 10: Distance lost with respect to GD duration (post-GD - pre-GD). 
N = 5 replicates per group. Negative values denote navigation away from 
rose or to aloe; positive values denote navigation towards rose. Error bars 
denote mean ± standard deviation (SD). All groups lost a varied amount of 
distance, which does not particularly skew towards one another. An expected 
trend where YCC, NGD, and YCC, LGD lose a similar amount of distance, 
whereas YCC, HGD loses a more extreme amount of distance, consistent 
with the hypothesis, did not materialize. Note one outlier in NCC, HGD 
was invalidated and not counted towards the analysis. Graph created with 
GraphPad Prism software.

Figure 9: Average movement towards the rose chamber in cm post-GD. 
N= 5 replicates per group. Negative values denote navigation away from rose 
or to aloe; positive values denote navigation towards rose. Error bars denote 
mean ± standard deviation (SD). All groups traveled a varied amount of 
distance that does not particularly skew towards one group in particular. The 
trend of groups subjected to classical conditioning traveling further in either 
direction in Figure 8 is not repeated post-GD. Note one outlier in NCC, 
HGD was invalidated and not counted towards the analysis. Graph created 
with GraphPad Prism software.
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The p-value in Tukey’s HSD (Table 1), for YCC, NGD vs. 
YCC, LGD, at >0.9999, was expected, as no significant vari-
ance was predicted to be detected owing to the flies being 
completely non-trained and not directed to gravitate in any 
direction. However, the p-value between groups YCC, NGD 
vs. YCC, HGD; and YCC, LGD vs. YCC, HGD, at 0.9992 
and 0.9964, respectively, did not clear the α-threshold. This ap-
pears to refute the second part of my hypothesis that heavy ER 
stress leads to loss of spatial memory in flies. However, because 
the hypothesis predicted no significant variance between YCC, 
NGD, and YCC, LGD, the first component of the hypothesis 
remains valid.

Heavy (3 h) GD, inducing heavy ER stress, does not in-
duce significant spatial memory loss in fruit flies and does 
not replicate AD pathogenesis in fruit flies under the selected 
experimental conditions. Mild ER stress did not induce signif-
icant memory loss, as expected.

Experimental limitations:
Although the data remained statistically insignificant, it 

could be explained by a myriad of limitations. Namely, the 
T-maze did not seal perfectly, and there was no way to force 
fruit flies to explore the odorant-containing arms, despite flip-
ping the tube in a minimally biased manner to encourage as 
many specimens to enter as possible. Therefore, some fruit 
flies remained stuck in the TC, as opposed to exploring the 
test arms of the apparatus; these flies were considered to have 
moved “0” cm per Data Analysis and potentially skewed the 

data towards no significant changes in distance moved. This 
phenomenon can be observed in Figure 4.

Central to the insignificance of the data was the provision of 
12 h, 11 h, and 9 h recovery time for the fruit flies, where they 
were inserted into vials with medium (Figure 2), which may 
have diluted the immediate effects of GD. As the flies were 
given nutrition immediately post-GD, this constituted a stage 
where the effects of GD may have been reversed due to inges-
tion of medium that may have erased its effects in near-entirety. 
To truly assess the efficacy of GD, a confirmatory memory test 
should have been performed immediately post-GD as opposed 
to after a rest period of at least 9 h, which was not considered 
for this study.

Additionally, fruit flies may have been relatively inactive at 
the time of testing. Fruit flies have been demonstrated to oper-
ate on circadian rhythms akin to those of humans, which may 
have resulted in fruit flies being unwilling to explore odorants 
at the time of testing.29 As initial memory testing occurred 
during nighttime and confirmatory testing occurred during 
daytime, it remains possible that any differences in memory 
could be influenced by their circadian rhythms. Notably, this 
could explain the lack of change in distance moved in YCC 
and HGD, as increased activity may have resulted in further 
willingness to navigate. Furthermore, as fruit flies were starved 
dietarily, it could further explain the value in YCC, HGD, as 
flies in that group may have been starved to the extent that they 
were more willing to navigate to the rose, thinking it brought 
“food” consistent with the classical conditioning stimulus that 
the rose equaled sweet medium. Therefore, although GD was 
the most feasible methodology, other causes of these results, in 
addition to ER stress, such as metabolic starvation that does 
not necessarily affect the brain, cannot be ruled out. Any ER 
stress produced by GD in this study may have affected multiple 
organ systems, not limited to the brain and central nervous sys-
tem, which would be more specific for studying AD.

Since the mild (1 h) GD groups (NCC, LGD; YCC, LGD) 
in this experiment did not experience significant loss of mem-
ory beyond that of the untreated groups (NCC, NGD; YCC, 
NGD), the results could be explained by Fouillet et al.,15 who 
state a similar result with mild ER stress. This also opens an-
other limitation in that although this study’s GD durations 
technically fell into the bounds of García de la Cadena et al.19 
(between 15 min and 4 h of GD), those parameters were only 
applicable to cell lines and likely did not account for the more 
sophisticated nature of living organisms. As such, this study 
likely failed to take into account that living organisms may 
have needed more GD duration than 3 h to deplete glucose 
stores. Furthermore, D. melanogaster can produce glucose via 
gluconeogenesis during periods of nutrient deprivation, and 
in addition, may have had residual glucose from the training 
session and resting periods, particularly in the trained groups 
(groups labeled “YCC”). Notably, neurons may have been 
able to take advantage of gluconeogenesis, providing a lifeline 
during GD (Miyamoto & Amrein, 2019).30 This could have 
meant that no GD, and consequently ER stress, in the neurons 
actually occurred, as repositories of glucose remained in neu-
rons even into GD.
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Table 1: Tukey’s honestly significant difference (HSD) on data obtained after 
one-way ANOVA.
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At 3 h, the ER stress induced in the “heavy” groups (NCC, 
HGD; YCC, HGD) may have been mild enough to inhibit 
and not promote neuronal death, consistent with Fouillet et 
al.15 Suppose GD were induced for longer, and its induction 
confirmed molecularly. In that case, the results may resemble 
those of Lin et al.13 rather than Fouillet et al.15 In addition, 
mere deprivation of medium remains less reliable than the glu-
cose-free medium method, as indicated by García de la Cadena 
et al.19 which used a specially formulated glucose-free medium. 
Purchasing an equivalent in fruit flies would likely have served 
to resolve some limitations in this study and potentially pro-
vide more useful data.

Implications for therapy:
This study may have implications for future research and 

pathogenic understanding of AD. Namely, this study supports 
the idea that ER stress is a double-edged sword in AD patho-
genesis, in that it may have context-dependent beneficial or 
detrimental roles in AD development. Studies consistent with 
this idea have both induced and inhibited ER stress as thera-
peutic strategies to alleviate symptoms of AD.10,13,15 It has been 
shown that post-mortem extirpated human brains from pa-
tients with terminal AD displayed increased ER stress in most 
cases.10 Care should be taken to ensure that ER stress does not 
break moderation and become severe or heavy; the definition 
of which, however, appears to be context-specific.

Most ER stress testing is achieved by tunicamycin or 
thapsigargin dosage rates per kg of body weight. Still, neither 
of these drugs is currently authorized for human consumption 
due to their cellular toxicity.31,32 As such, future researchers may 
be served well by implementing an ER stress severity standard 
that is less cytotoxic. AD medicine may be required to be is-
sued on a case-by-case basis, where doctors analyze the amount 
of ER stress in the afflicted patient, along with the severity of 
the disease upon examination.

Untreated diabetes may cause GD because glucose cannot 
be transported into cells, which is associated with insulin resis-
tance.22,33 This is the premise of the diabetes-AD hypothesis, or 
that dementia is T3D, resulting from glucose dyshomeostasis 
in a brain-specific manner.19 Examining the linkage between 
insulin resistance and GD-induced ER stress could therefore 
be of interest for future researchers, with particular emphasis 
on modulating glucose administration or deprivation for ther-
apeutic benefit.

Future Directions:
An array of future directions is warranted for researchers 

aiming to explore the role of ER stress in AD, especially via 
in vivo analyses, in order to generate a more comprehensive 
understanding of this relatively new field. For one, comparing 
GD with the effect of biochemical ER stress inducers, especial-
ly while adding longer GD durations such as 6 and 12 h, could 
be worthwhile to see if the induction method for ER stress 
alters the findings. Additionally, the confirmatory T-maze test 
should be performed immediately post-subjecting specimens 
to GD, as by then the immediate effects of GD are more visible 
as opposed to the 9 h, 11 h, and 12 h rest periods provided for 

the specimens by this study (Figure 2). Care should also be tak-
en to induce GD-induced ER stress via glucose-free medium 
and not mere starvation, as the latter is less reliable than the 
former, as well as possibly confirm the results via biomarkers 
in vitro (for example, relative mRNA and protein expression 
of XBP-1).

Figure 8 (pre-GD) displays a subtle trend in the direction 
of the rose odorant in YCC, LGD, although overall findings 
remain inconclusive. Given this model’s relevance in ER stress 
and glucose dyshomeostasis in AD, it may be beneficial in fu-
ture studies to include a clear positive control demonstrating 
robust directional movement. This would help validate the 
sensitivity and dynamic range of the behavioral assay.

It would also be worthwhile to understand if alleviating ER 
stress could be used as a complementary treatment strategy in 
combination with treatments that target the ACH. Researchers 
should also continue to investigate the pathogenic mechanisms 
underlying glucose dyshomeostasis and AD symptom onset 
and progression.

�   Conclusion 
Mild and severe ER stress in fruit flies did not significant-

ly impair spatial memory loss following classical conditioning 
T-maze testing. Although inconclusive, this study may suggest 
new pathways to studying the role of ER stress as well as GD 
or glucose dyshomeostasis in AD through ways not previous-
ly documented, as well as provide several directions for future 
scientific and clinical studies to consider. These results indi-
cate a complex, non-linear interaction between ER stress and 
cognitive performance, supporting the notion that ER stress 
may influence AD progression in a context-dependent man-
ner. Further experimentation is warranted to establish whether 
modulation of ER stress could offer therapeutic benefit to AD 
patients.

�   Acknowledgments 
I wish to acknowledge Dr. Anabel Martinez Lyons and Mr. 

Deighton Zerby for providing me with advice and support as 
I undertook this study, and my parents for their support as I 
underwent experimentation.

No generative artificial intelligence (GAI) was used in the 
formulation of this study or manuscript generation.

�   References
1. Gaugler, J., James, B., Johnson, T., Reimer, J., Scales, K., Tom, S., 

Weuve, J., & Yeh, J. (2024). 2024 Alzheimer's disease facts and 
figures. Alzheimer's & dementia: the journal of the Alzheimer's 
Association, 20(5), 3708–3821. https://doi.org/10.1002/alz.13809

2. United States Census. (2024, November 26). International database. 
United States Census Bureau. https://www.census.gov/data-tools/
demo/idb/#/dashboard?dashboard_page=country&COUNTRY_
YR_ANIM=2024

3. Mielke M. M. (2018). Sex and Gender Differences in Alzheimer's 
Disease Dementia. The Psychiatric Times, 35(11), 14–17.

4. Hardy, J. A., & Higgins, G. A. (1992). Alzheimer's disease: the 
amyloid cascade hypothesis. Science (New York, N.Y.), 256(5054), 
184–185. https://doi.org/10.1126/science.1566067

DOI: 10.36838/IJHSR88.98

ijhighschoolresearch.org



	 105	

5. Levin, J., Vöglein, J., Quiroz, Y. T., Bateman, R. J., Ghisays, V., 
Lopera, F., McDade, E., Reiman, E., Tariot, P. N., & Morris, J. C. 
(2022). Testing the amyloid cascade hypothesis: Prevention trials in 
autosomal dominant Alzheimer‘s disease. Alzheimer’s & demen-
tia: the journal of the Alzheimer's Association, 18(12), 2687–2698. 
https://doi.org/10.1002/alz.12624

6. Budd Haeberlein, S., Aisen, P. S., Barkhof, F., Chalkias, S., Chen, 
T., Cohen, S., Dent, G., Hansson, O., Harrison, K., von Hehn, C., 
Iwatsubo, T., Mallinckrodt, C., Mummery, C. J., Muralidharan, 
K. K., Nestorov, I., Nisenbaum, L., Rajagovindan, R., Skordos, L., 
Tian, Y., van Dyck, C. H., … Sandrock, A. (2022). Two Random-
ized Phase 3 Studies of Aducanumab in Early Alzheimer's Disease. 
The journal of prevention of Alzheimer's disease, 9(2), 197–210. 
https://doi.org/10.14283/jpad.2022.30

7. Mintun, M. A., Lo, A. C., Duggan Evans, C., Wessels, A. M., Ar-
dayfio, P. A., Andersen, S. W., Shcherbinin, S., Sparks, J., Sims, J. 
R., Brys, M., Apostolova, L. G., Salloway, S. P., & Skovronsky, D. 
M. (2021). Donanemab in early Alzheimer's disease. New England 
Journal of Medicine, 384(18), 1691–1704. https://doi.org/10.1056/
nejmoa2100708

8. Swanson, C. J., Zhang, Y., Dhadda, S., Wang, J., Kaplow, J., Lai, R. 
Y., Lannfelt, L., Bradley, H., Rabe, M., Koyama, A., Reyderman, L., 
Berry, D. A., Berry, S., Gordon, R., Kramer, L. D., & Cummings, J. 
L. (2021). A randomized, double-blind, phase 2B proof-of-concept 
clinical trial in early Alzheimer's disease with lecanemab, an an-
ti-Aβ protofibril antibody. Alzheimer’s Research & Therapy, 13(1). 
https://doi.org/10.1186/s13195-021-00813-8

9. Ajoolabady, A., Lindholm, D., Ren, J., & Pratico, D. (2022). ER 
stress and UPR in Alzheimer’s disease: Mechanisms, pathogenesis, 
treatments. Cell Death & Disease, 13(8). https://doi.org/10.1038/
s41419-022-05153-5

10. Nagar, P., Sharma, P., Dhapola, R., Kumari, S., Medhi, B., & 
HariKrishnaReddy, D. (2023). Endoplasmic Reticulum stress 
in alzheimer's disease: Molecular mechanisms and therapeutic 
prospects. Life Sciences, 330, 121983. https://doi.org/10.1016/j.
lfs.2023.121983

11. Chen, X., Shi, C., He, M., Xiong, S., & Xia, X. (2023). Endo-
plasmic Reticulum Stress: Molecular Mechanism and Therapeutic 
Targets. Signal Transduction and Targeted Therapy, 8(1). https://
doi.org/10.1038/s41392-023-01570-w

12. Salminen, A., Kauppinen, A., Suuronen, T., Kaarniranta, K., & 
Ojala, J. (2009). Er stress in alzheimer’s disease: A novel neuronal 
trigger for inflammation and alzheimer’s pathology. Journal of Neu-
roinflammation, 6(1), 41. https://doi.org/10.1186/1742-2094-6-41

13. Lin, L., Cao, J., Yang, S. S., Fu, Z. Q., Zeng, P., Chu, J., Ning, L. 
N., Zhang, T., Shi, Y., Tian, Q., Zhou, X. W., & Wang, J. Z. (2018). 
Endoplasmic reticulum stress induces spatial memory deficits by 
activating GSK-3. Journal of cellular and molecular medicine, 
22(7), 3489–3502. https://doi.org/10.1111/jcmm.13626

14. Hashimoto, S., Ishii, A., Kamano, N., Watamura, N., Saito, T., 
Ohshima, T., Yokosuka, M., & Saido, T. C. (2018). Endoplasmic 
reticulum stress responses in mouse models of Alzheimer's disease: 
Overexpression paradigm versus knockin paradigm. The Journal of 
Biological Chemistry, 293(9), 3118–3125. https://doi.org/10.1074/
jbc.M117.811315

15. Fouillet, A., Levet, C., Virgone, A., Robin, M., Dourlen, P., Rie-
usset, J., … Mollereau, B. (2012). ER stress inhibits neuronal death 
by promoting autophagy. Autophagy, 8(6), 915–926. https://doi.
org/10.4161/auto.19716

16. Chow, C. Y., Wolfner, M. F., & Clark, A. G. (2013). Using natural 
variation in Drosophila to discover previously unknown endoplas-
mic reticulum stress genes. Proceedings of the National Academy 

of Sciences of the United States of America, 110(22), 9013–9018. 
https://doi.org/10.1073/pnas.1307125110

17. Abdullahi, A., Stanojcic, M., Parousis, A., Patsouris, D., & Jeschke, 
M. G. (2017a). Modeling acute ER stress in vivo and in vitro. Shock, 
47(4), 506–513. https://doi.org/10.1097/shk.0000000000000759

18. ThermoFisher Scientific. (2024, March 30). Safety Data Sheet. 
ThermoFisher Scientific. https://www.fishersci.com/store/
msds?partNumber=AAJ62217MA&productDescription=TUNI-
CAMYCIN,+95%25+10MG&vendorId=VN00024248&country-
Code=US&language=en

19. García de la Cadena, S., Hernández-Fonseca, K., Camacho-Ar-
royo, I., & Massieu, L. (2014). Glucose deprivation induces 
reticulum stress by the PERK pathway and caspase-7- and cal-
pain-mediated caspase-12 activation. Apoptosis: an international 
journal on programmed cell death, 19(3), 414–427. https://doi.
org/10.1007/s10495-013-0930-7

20. Kalimuthu, K., Kim, J. H., Park, Y. S., Luo, X., Zhang, L., Ku, J. 
L., Choudry, M. H. A., & Lee, Y. J. (2021). Glucose deprivation-in-
duced endoplasmic reticulum stress response plays a pivotal role in 
enhancement of TRAIL cytotoxicity. Journal of cellular physiology, 
236(9), 6666–6677. https://doi.org/10.1002/jcp.30329

21. Lauretti, E., Li, J. G., Di Meco, A., & Praticò, D. (2017). Glucose 
deficit triggers tau pathology and synaptic dysfunction in a tauopa-
thy mouse model. Translational psychiatry, 7(1), e1020. https://doi.
org/10.1038/tp.2016.296

22. de la Monte, S. M., & Wands, J. R. (2008). Alzheimer's 
disease is type 3 diabetes-evidence reviewed. Journal of 
diabetes science and technology, 2(6), 1101–1113. https://doi.
org/10.1177/193229680800200619

23. Bronnec, V., & Alexeyev, O. A. (2022). Detailed protocol for 
germ-free Drosophila melanogaster colonization with Propioni-
bacterium spp. Biofilms. STAR protocols, 3(2), 101342. https://doi.
org/10.1016/j.xpro.2022.101342

24. Tempel, B. L., Bonini, N., Dawson, D. R., & Quinn, W. G. (1983). 
Reward learning in normal and mutant Drosophila. Proceedings of 
the National Academy of Sciences, 80(5), 1482–1486. https://doi.
org/10.1073/pnas.80.5.1482

25. Reece, J. B., Urry, L. A., Cain, M. L., Wasserman, S. A., Minorsky, 
P. V., & Jackson, R. B. (2014). Campbell Biology (10th ed.). Pearson 
Education.

26. Statistics Kingdom. (n.d.). Anova calculator. ANOVA Calculator 
– One-Way ANOVA and Tukey HSD test. https://www.statsking-
dom.com/180Anova1way.html

27. Tukey, J. W. (1949). Comparing Individual Means in the 
Analysis of Variance. Biometrics, 5(2), 99–114. https://doi.
org/10.2307/3001913

28. Becher, P. G., Flick, G., Rozpędowska, E., Schmidt, A., Hagman, 
A., Lebreton, S., Larsson, M. C., Hansson, B. S., Piškur, J., Witz-
gall, P., & Bengtsson, M. (2012a). Yeast, not fruit volatiles mediate 
Drosophila melanogaster attraction, oviposition and development. 
Functional Ecology, 26(4), 822–828. https://doi.org/10.1111/
j.1365-2435.2012.02006.x

29. Tataroglu, O., & Emery, P. (2014). Studying circadian rhythms 
in Drosophila melanogaster. Methods (San Diego, Calif.), 68(1), 
140–150. https://doi.org/10.1016/j.ymeth.2014.01.001

30. Miyamoto, T., & Amrein, H. (2019). Neuronal gluconeogenesis 
regulates systemic glucose homeostasis in Drosophila melanogaster. 
Current Biology, 29(8). https://doi.org/10.1016/j.cub.2019.02.053

31. Foufelle, F., & Fromenty, B. (2016). Role of endoplasmic reticulum 
stress in drug-induced toxicity. Pharmacology research & perspec-
tives, 4(1), e00211. https://doi.org/10.1002/prp2.211

32. Jaskulska, A., Janecka, A. E., & Gach-Janczak, K. (2020). 
Thapsigargin: From Traditional Medicine to Anticancer Drug. 

DOI: 10.36838/IJHSR88.98

	 ijhighschoolresearch.org



	 106	

International journal of molecular sciences, 22(1), 4. https://doi.
org/10.3390/ijms22010004

33. Nguyen, T. T., Ta, Q. T. H., Nguyen, T. K. O., Nguyen, T. T. D., 
& Giau, V. V. (2020). Type 3 Diabetes and Its Role Implications 
in Alzheimer's Disease. International journal of molecular sciences, 
21(9), 3165. https://doi.org/10.3390/ijms21093165

�   Author
Edward Yan is a senior at Westlake High School in Austin, 

Texas. He is interested in biology, biomedical engineering, and 
neuroscience. He plans to take the pre-med track in college.

DOI: 10.36838/IJHSR88.98

ijhighschoolresearch.org



© 2026 Terra Science and Education	 107	

The Prediction of the Movement of Two Initially Stationary 
Planetary Objects Under Gravity       
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ABSTRACT: This Paper revisits the classical problem of two point masses initially at rest, moving solely under their 
mutual Newtonian attraction. By reducing the two-body dynamics to a single relative coordinate in the center-of-mass frame 
and integrating the energy equation, a closed-form relation between time t and separation R, and the corresponding free-fall 
time is obtained. Using accepted Earth–Moon parameters, the time to impact from rest is evaluated, and the evolution of the 
separation R(t), force F(R), and relative acceleration a(R) is plotted. For the practical evaluation of the inverse function R(t), 
the study constructs an endpoint-constrained polynomial surrogate on a non-dimensional domain and quantifies its uniform 
error. The surrogate facilitates rapid estimates and serves as an initial guess in numerical solvers. The study also discusses the 
physical distinction between a point-mass collision at R=0 and a finite-size contact at R=R⊕+Rmoon, reporting the corresponding 
time-to-contact. The analysis maintains dimensional consistency and provides all constants, units, and computational details 
for reproducibility. The results provide a clean test case for educational purposes and for benchmarking numerical integrators in 
celestial mechanics. 

KEYWORDS: Physics, Classical Mechanics, Newtonian Gravitation, Two-Body Problem, Earth–Moon System.

�   Introduction
The gravitational two-body problem has been central to 

classical mechanics and astrophysics since Newton’s Princip-
ia.1 While the general case admits Keplerian orbits, the special 
case of two initially stationary masses collapsing radially under 
their mutual attraction remains pedagogically and physically 
important. It models idealized gravitational free-fall and pro-
vides clean benchmarks for validating numerical solvers and 
understanding dynamical collapse scenarios from planetesimal 
accretion to binary coalescence.2–5

Despite its simplicity, obtaining an explicit time–separation 
relation for radial infall is nontrivial. For two point masses m1, 
m2 initially separated by R0 and released from rest, the solu-
tion can be written in closed form. Standard derivations exploit 
the degenerate e→1 limit of Keplerian motion (a radial elliptic 
trajectory). The relevant formulas are available in the litera-
ture,6–8 but here these results are re-derived for completeness 
and clarity. In particular, the study first derives the exact ex-
pressions for two-body radial free-fall (time–distance relation 
and free-fall time), applies them to the Earth–Moon system 
using accepted parameters (gravitational constant G, planetary 
masses, and mean Earth–Moon separation), and constructs a 
smooth polynomial surrogate for R(t) constrained at the end-
points and optimized in a least-squares sense, enabling fast 
evaluation while retaining uniform accuracy across the interval. 
Beyond serving as a computational proxy, the surrogate clarifies 
sensitivity to initial separation and total mass, and it is readily 
embedded as an initial guess in root-finding schemes for the 
inverse problem.

The remainder of this paper is organized as follows. Section 
1 (Methods) presents the equations of motion and the exact 
time–distance relation for free-fall. Section 2 (Results and 

Discussion) evaluates the Earth–Moon free-fall from rest and 
compares exact vs. polynomial results using standard constants. 
Section 3 discusses accuracy, physical implications, and lim-
itations (finite sizes, tidal effects, non-point-mass deviations). 
Section 4 concludes the paper and outlines extensions to non-
zero angular momentum and perturbed 𝑁-body settings.

�   Methods
Considering two-point masses initially at rest and separat-

ed by a distance R0 , Newtonian gravity (inverse-square law) 
predicts they would accelerate toward each other. Below, the 
equations of motion are presented, the time-distance relation 
is verified via energy integration, and finite-size effects and a 
dimensionless check are included. All derivations are made ful-
ly explicit.

Equations of motion and reduction to relative coordinates:
Consider two point masses m1 and m2 located at positions 

r1 and r2, separated by R=|r2-r1|. Newton’s law of gravitation 
provides the force on each mass,		          where R is 
the unit vector from m1 to m2. Newton’s second law then im-
plies		       . Subtracting these equations and defining 
the relative coordinate R=r2-r1 yields	         In the cen-
ter-of-mass frame, the dynamics reduce to the evolution of the 
scalar separation R(t). Newton’s second law, together with the 
mutual gravitational force, therefore gives

which is the radial equation of motion governing the relative 
infall of the two masses. The force acts inward along the line 
joining the masses. A dot denotes a time derivative, and the re-
duced mass formulation is used to obtain an effective one-body 
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equation with total mass m1+m2. Equation (1) is equivalent to 
the motion of a unit-mass particle moving radially in the grav-
itational potential -G(m1+m2)/R, with relative acceleration 
a(R)=R ̈ given by the right-hand side of Equation (1).

Illustrated in Figure 1 is a schematic of the initial config-
uration for the Earth–Moon case: the Earth of mass m⊕ (red 
sphere, left) and the Moon of mass mmoon (blue sphere, right) 
start at rest, separated by R₀. Arrows indicate the directions of 
the initial accelerations. In analysis, both bodies are treated as 
point masses; a collision occurs when R→0 (or when phys-
ical contact is made at finite radii R⊕+Rmoon in a finite-size 
model). Each body’s initial acceleration magnitude is Gmother/
R₀² , where mother is the mass of the companion body in the 
two-body system (Earth’s arrow is shorter in the figure to 
qualitatively reflect its smaller acceleration due to m⊕≫mmoon).

Energy integral and closed-form solution:
Multiplying both sides of Equation (1) by R gives
	    The left-hand side can be written as a to-

tal derivative,          , while the right-hand side satisfies
		    . Integrating both sides with respect to 
time, therefore, gives the conservation of mechanical energy: 

		  . Imposing the initial condition R(0)=0 at 
R(0)=R₀ fixes the integration constant to be         . Solving for

 then gives

which is the closed-form expression for radial speed as a func-
tion of separation. Here, the negative root (not shown) would 
correspond to R increasing in time; the minus sign is chosen 
for     to enforce decreasing R(t) as the masses move toward 
each other. Equation (2) can be rearranged and separated as 

		            . Integrating from R₀ (at t=0 ) to a gen-
eral separation R (at time t) gives the implicit time–distance 
relation. Evaluating the integral, one obtains a closed-form 
solution:6–8

Setting R=0 in Equation (3) yields the collision time (free-
fall time from R₀ to 0):

For example, substituting R₀=3.844×10⁸ m (mean Earth–
Moon distance) and m1+m2=m⊕+mmoon into Equation (4), 
one finds tff ≈1.1576×10⁵ s≈115.76 hours≈4.82 days (assum-
ing point masses).8 If instead the bodies have finite radii R⊕ 

and Rmoon, physical contact occurs at R=R⊕+Rmoon before the 
point-mass collision. The corresponding time-to-contact is 
obtained by evaluating Equation (3) at R=R⊕+Rmoon:

This is slightly less than tff because the bodies do not need 
to fall all the way to R=0. In the Earth–Moon case, using 
R⊕≈6.371×10⁶ m and Rmoon≈1.737×10⁶ m , one finds tcon-
tact≈1.1544×10⁵ s≈115.40 hours (about 0.36 hours shorter 
than tff ). Reporting both tff and tcontact clarifies the difference 
between an ideal point-mass collision and a physical impact 
in finite-size bodies. Notably, the inverse-square singularity at 
R=0 is avoided in the finite-size model since the masses never 
get closer than R⊕+Rmoon.

Equation (3) is a monotonic decreasing function of R on 
(0,R₀] (with t→0 as R→R₀ and t→tff as R→0). This mono-
tonicity means the relation can be inverted to express R as a 
function of t. In general, the inverse R(t) cannot be written 
in elementary closed form, but it can be obtained by numer-
ical root-finding. In the next section, the study constructs an 
approximate analytic surrogate for R(t) to avoid iterative in-
version.

Non-dimensionalization and early-time check:
It is convenient to introduce dimensionless variables as a 

sanity check for limiting behavior. Let τ=t/tff be the normal-
ized time (with τ=1 at collision) and y=R/R₀, the normalized 
separation (with y(0)=1 and y(1)=0). Equation (3) can be re-
written in dimensionless form as

which defines the normalized time-separation relation.
For early times (τ≪1), setting y=1-ε with ε≪1 gives

obtained from the small-ε expansions of arccos(√y) 
and	    . In dimensional terms,		  implies an initial 
acceleration a(0)=G(m1+m2)/R₀², matching the direct Newto-
nian acceleration from rest and confirming consistency at t→0. 
one can expand y(τ) to find y≈1-1/2τ² (using arccos√y≈π/2-√y 
for y near 1). In dimensional terms, R(t)≈R₀(1-1/2ω²t²) for small 
t, which implies initial acceleration a(0)=ω²R₀=G(m1+m2)/
R₀². This matches the direct Newtonian acceleration from 
rest, confirming consistency at t→0. The variables used in this 
study are summarized in Table 1.

Numerical inversion and surrogate polynomial:
For arbitrary times 0<t<tff , one may invert Equation (3) 

numerically to obtain R(t). A robust approach is to solve 
t(R)=tgiven by bracketing and root-finding (e.g., using Brent’s 
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Figure 1: Schematic of the initial state with Earth (m⊕, left) and Moon 
(mmoon, right) at rest, separated by R₀. Arrows indicate the directions of 
initial accelerations.

Table 1: Variable used in the Non-dimensionalization and early-time check.
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method) at each desired t. In practice, since t(R) is monotonic, 
this inversion is straightforward. Tolerances (absolute and rel-
ative error) can be set to ensure the solution R(t) is obtained 
to high precision; in our computations, double-precision 
arithmetic is used, and iterations are terminated when relative 
changes fall below 10-12. Figure 2 shows the resulting R(t) for 
the Earth–Moon example, obtained by numerically inverting 
the exact implicit relation.

Although numerical inversion is efficient, it is sometimes 
helpful to have an analytic approximation for R(t). A polyno-
mial surrogate Rapprox(t) is constructed on 0≤t≤tff that satisfies 
the known boundary values R(0)=R₀ and R(tff)=0 and min-
imizes the error in between. To avoid Runge oscillations, a 
Chebyshev polynomial basis is often recommended for ap-
proximating smooth functions on a finite interval;15,16 however, 
for simplicity, a monomial basis with endpoint constraints 
is employed in this work. A least-squares fit of the form

(with y(0)=1 and y(1)=0 enforced) is performed 
over a dense grid of τ=t/tff ∈ [0,1]. The polynomial degree N 
can be increased until the approximation is uniformly accurate 
to the desired tolerance.

In our Earth–Moon case, it is found that N=14 (degree 
14) is sufficient to achieve better than ∼1.4% accuracy in R 
throughout the fall. Figure 3 shows the approximate inversion 
Rapprox(t) (dashed curve) versus the exact solution R(t) (solid 
curve); the maximum absolute error is about 1.12% of R₀. The 
surrogate polynomial coefficients a₀,…,a₁₄ are listed in Table 4 
(Appendix). Such a surrogate allows rapid evaluation of R(t) 
without iterative solvers and can serve as an initial guess if one 
needs to solve for t(R) via root-finding.

�   Results and Discussion 
Earth-Moon free-fall example:
Using the formulas from Section 1, the free-fall time and 

trajectory can be computed for specific masses. The physical 
parameters used are G=6.67430×10-11 m³⋅kg-1⋅s-2 (CODA-
TA 2018),11 m⊕=5.972×1024 kg, mmoon=7.342×1022 kg (so 
m1+m2≈6.045×1024 kg),12 and R₀=3.844×108 m (the average 
Earth–Moon center distance).13 For the Earth–Moon system, 
the physical parameters used in this study are summarized in 
Table 2.

Substituting these values into Equation (4) confirms a 
free-fall time tff≈4.82 days, as noted above. Figure 2 plots the 
separation R(t) over this interval. Starting from R₀≈3.844×10⁵ 
km at t=0, the separation decreases slowly at first (due to weak 
initial gravity) and then more rapidly, approaching zero in 
tff≈4.82 days. Figure 4 shows the inverse relation t(R): the time 
required to reach a given separation R. For example, from R₀ 
down to 0.5 R₀ (half the initial distance), the elapsed time is 
about 3.62 days, whereas the remaining fall from 0.5 R₀ to 0 
takes only about 1.2 days, reflecting the stronger gravitational 
acceleration at smaller separations. The initial half of the fall 
thus takes significantly longer, consistent with the gradual ear-
ly decrease in R.
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Figure 2: Separation R(t) obtained by numerically inverting the exact time–
distance expression, for two bodies initially at rest (Earth–Moon parameters). 
The separation starts at R₀≈3.844×10⁵ km and decreases to zero over tff≈4.82 
days. For reference, the early-time behavior follows y≈1-(π²/16)τ², consistent 
with the Newtonian acceleration from rest.

Figure 3: Approximate inverted solution Rapprox(t) (dashed line) versus 
the exact solution R(t) (solid line) for a two-body free-fall from rest. The 
polynomial surrogate (degree 14) is constructed on 0≤t≤tff and yields a 
maximum error of ∼1.12% in R. The curves are nearly indistinguishable at 
this scale. The inset text reports the maximum absolute error as a percentage 
of R₀.

Table 2: Physical parameters used in the Earth-Moon free-fall calculation.
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a(0)≈2.73×10-3 m/s² (about 2.8×10-4 g). By the time R reaches 
107 m, the relative acceleration has grown to 6 m/s² (over half 
of Earth’s surface gravity). At contact (R⊕+Rmoon), the acceler-
ation is 9.81 m/s², coincidentally, about 1 g. In the point-mass 
model a(R) would diverge as R→0, but this unphysical diver-
gence is resolved by the finite-size cutoff.

Representative force and acceleration value at selected 
separations for the Earth-Moon free-fall calculation are sum-
marized in Table 3.

Accuracy of the surrogate polynomial:
Figure 3 already demonstrated that the degree-14 polynomi-

al Rapprox(t) is almost indistinguishable from the exact inversion 
of R(t) at the scale of the full trajectory. The maximum dis-
crepancy (at τ≈0.8) is about 1.12% of R₀. The error function 
ΔR(t)=Rapprox(t)-R(t) can then be examined in more detail; it 
starts at 0 at t=0 (by construction), remains under 5×10-3 R₀ 
for most of the interval, then rises to ≈0.0112R₀ around t≈0.8 
tff, before returning to 0 at t=tff (again by construction). The 
signed error is positive in the middle portion (meaning Rap-

prox slightly overestimates R during that time). By integrating 
or averaging the error, one can confirm that the surrogate is 
unbiased (the positive and negative deviations cancel out, as 
expected from a least-squares fit).

The surrogate polynomial, although not exact, is useful for 
rapid calculations or as an analytic proxy. For instance, one can 
differentiate Rapprox(t) to get an approximate v(t) or a(t) without 
dealing with square roots or trigonometric functions. More-
over, if one needed t as a function of R, plugging Rapprox(t) into 
Equation (3) and iterating would converge faster than starting 
from a trivial initial guess. In summary, the surrogate captures 
the main behavior of the exact solution with modest error 

Newton’s law gives the gravitational force between the mass-
es F=Gm1m2/R². Starting from an initial value F₀=Gm1m2/R₀²,
the force grows without bound as R→0 in the point-mass 
model. Figure 5 plots F as a function of separation R. On a 
log–log scale, it appears as a straight line, since F∝R-2 (slope 
-2 in the figure). For the Earth–Moon case, the initial force 
is F₀≈1.99×1020 N; by the time the separation has shrunk to 
107 m, the force exceeds 1023 N. However, in reality, physical 
contact would occur before such extreme forces are reached. 
In our finite-size model, the force at contact (R=R⊕+Rmoon) 
is Fcontact≈4.65×1022 N, which is immense but finite. After 
contact, the point-mass idealization breaks down, and other 
effects (material deformation, fragmentation, etc.) come into 
play, beyond the scope of this work.

The relative acceleration of the two bodies is 
a(R)=R̈ =G(m1+m2)/R² (directed inward). This equals F/μ, 
where μ=m1m2/(m1+m2) is the reduced mass. As R decreases, 
a(R) increases to R-2, similar to F. Figure 6 shows a(R) vs. R 
on a log–log plot. At the initial distance R₀, the acceleration 
is a(0)=G(m1+m2)/R₀². For the Earth–Moon system, this is 
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Figure 4: Exact time–distance relation t(R) for radial infall from rest (Earth–
Moon parameters). This is the functional inverse of Figure 2. Near the initial 
separation (R close to R₀), time increases slowly, but as R becomes small, t(R) 
grows steeply (diverging as R→0 for point masses). For a finite contact radius 
(R⊕+Rmoon), the divergence is avoided, and the contact occurs at a finite time 
(≈4.81 days in this case).

Figure 6: Relative acceleration a(R)=G(m1+m2)/R² versus separation (log–
log scale). Like the force in Figure 5, the acceleration follows an R-2 power law. 
For reference, Earth’s surface gravity (9.81 m/s²) is indicated by the horizontal 
line; the relative acceleration exceeds 1 g once the two bodies are within 8×10⁶ 
m of each other.

Table 3: Physical parameters used in the Earth-Moon free-fall calculation.

Figure 5: Gravitational force F=Gm1m2/R² versus separation R for the two-
body infall (log–log scale). The force increases as R-2 (straight line of slope –2 
on the log–log plot). For the Earth–Moon parameters, F starts at 2×1020 N 
and grows to 1023 N as R approaches 107 m. The open circle indicates the force 
at Earth–Moon contact (R=R⊕+Rmoon); the divergence for R→0 is avoided in 
a finite-size model.

ijhighschoolresearch.org



	 111	

integrators (e.g., one can compare a simulation’s output to 
Equation (3) or Equation (4)). Future work could extend these 
results to cases with nonzero angular momentum, leading to 
orbital motion rather than direct collision, or to few-body 
settings where no closed-form solution exists, but similar nu-
merical or surrogate approaches may be applied. The impact of 
additional forces, such as drag or radiation pressure, could also 
be considered to see how the free-fall time deviates from the 
simple estimates given here.

�   Acknowledgments 
The author thanks James (Brown University) for guiding 

the overall flow of this manuscript and for many helpful dis-
cussions. Appreciation is extended to the teachers, counselors, 
and classmates for their encouragement, whose questions of-
ten shaped the way the author approached the derivations. The 
author is additionally grateful to Maria Carrillo High School 
(Santa Rosa, CA) for library and computing resources used in 
this work. Any remaining errors are the author’s responsibility.

�   References
1. Newton, I. Philosophiæ Naturalis Principia Mathematica; Royal 

Society: London, 1687.
2. Goldstein, H.; Poole, C.; Safko, J. Classical Mechanics, 3rd ed.; 

Addison-Wesley: San Francisco, 2002.
3. Landau, L. D.; Lifshitz, E. M. Mechanics, 3rd ed.; Pergamon: Ox-

ford, 1976.
4. Roy, A. E. Orbital Motion, 4th ed.; Institute of Physics Publishing: 

Bristol, 2005.
5. Battin, R. H. An Introduction to the Mathematics and Methods of 

Astrodynamics, Rev. ed.; AIAA: Reston, VA, 1999.
6. Foong, S. K. From Moon-fall to motions under inverse square laws. 

Eur. J. Phys. 2008, 29, 987–1003.
7. Mungan, C. E. Radial motion of two mutually attracting particles. 

Phys. Teach. 2009, 47, 502–507.
8. Free-fall time; inverse-square radial infall. Wikipedia. https://

en.wikipedia.org/wiki/Free-fall_time (accessed Sept 28, 2025).
9. Vallado, D. A. Fundamentals of Astrodynamics and Applications, 

4th ed.; Microcosm Press/Springer: Hawthorne, CA, 2013.
10. Bate, R. R.; Mueller, D. D.; White, J. E. Fundamentals of Astro-

dynamics; Dover: New York, 1971.
11. Mohr, P. J.; Taylor, B. N.; Newell, D. B. CODATA recommend-

ed values of the fundamental physical constants: 2018. Rev. Mod. 
Phys. 2018, 88, 035009.

12. Jet Propulsion Laboratory. Astrodynamic Parameters (GM 
values): Earth GM ≈3.986004355×10⁵ km³⋅s-², Moon GM 
≈4902.8001 km³⋅s-². https://ssd.jpl.nasa.gov/astro_par.html (ac-
cessed Sept 28, 2025).

13. NASA Science. Moon — Moon Fact Sheet: Average Earth–Moon 
Distance 384,400 km. https://nssdc.gsfc.nasa.gov/planetary/fact-
sheet/moonfact.html (accessed Sept 28, 2025).

14. Park, R. S.; Folkner, W. M.; Williams, J. G.; Boggs, D. H. The JPL 
Planetary and Lunar Ephemerides DE440 and DE441. Astron. J. 
2021, 161, 105.

15. Press, W. H.; Teukolsky, S. A.; Vetterling, W. T.; Flannery, B. P. 
Numerical Recipes: The Art of Scientific Computing, 3rd ed.; Cam-
bridge University Press: Cambridge, 2007. (Chapter on Chebyshev 
approximation.)

16. Trefethen, L. N. Approximation Theory and Approximation Practice; 
SIAM: Philadelphia, 2013.

(<1.5%) and illustrates how the dynamics depend on parame-
ters in a smooth, closed-form way.

Physical implications and limitations:
The derived expressions assume point masses moving under 

mutual gravity alone. However, several factors, such as tidal 
forces, forces from external bodies, material strength, and en-
ergy dissipation, are neglected for simplicity, which deform or 
fragment physical bodies long before R=0. For instance, Earth 
and Moon would experience tidal disruption and heating well 
before collision. Our finite-size contact time tcontact (evaluated 
at R⊕+Rmoon) provides a more physical estimate of the infall 
duration than tff; in the Earth–Moon case, the difference 
is only 0.3 hours (0.3% of the total time), but for less mas-
sive or more diffuse bodies, the discrepancy could be larger. 
In addition, in the Earth–Moon scenario, the presence of the 
Sun, other planets, or any initial motion (angular momentum) 
is ignored. Thus, our results apply to an idealized, isolated 
two-body system. For the actual Earth–Moon system, which 
formed from a disk after a giant impact,14 such free-falls never 
occurred. However, one can imagine creating two stationary 
masses in deep space and letting them go; our formulas would 
describe their subsequent motion precisely, up until the mo-
ment of contact.

Finally, general relativity is neglected. With extreme ac-
celerations and small separations in the late stages of infall, 
relativistic corrections (periastron shift, gravitational radiation) 
could play a role, especially for very massive bodies (e.g., black 
holes). Our classical treatment would break down in those re-
gimes. However, for most practical cases like planetesimals or 
stars on quasi-radial trajectories, Newtonian gravity provides 
an excellent approximation.6,7

In summary, the point-mass free-fall problem provides a 
baseline scenario that is solvable in closed form. Deviations 
due to non-zero size, tidal forces, additional bodies, or relativ-
istic effects can be considered as perturbations to this baseline. 
The clarity of the solution makes it a useful test case for code 
verification or classroom demonstration. Any N-body integra-
tor, for instance, should reproduce the R(t) curve of Figure 2 
when applied to two bodies from rest (to within numerical 
error).

�   Conclusion 
This paper presents the derivation of the radial free-fall 

problem for two initially stationary masses and obtains the 
corresponding time–distance relation and dynamics. For 
Earth–Moon parameters, the free-fall (collision) time from 
the initial separation is tff≈115.76 hours (≈4.82 days), and 
the corresponding distance–time and force–distance profiles 
were plotted (Figures 3–6). A smooth degree-14 polynomial 
inverse serves as a practical surrogate Rapprox(t), achieving about 
∼1.12% maximum error across the entire interval, demonstrat-
ing that an analytic fit can accurately approximate the implicit 
solution.

This study, while idealized, offers insight into the nature of 
gravitational infall and can serve as a benchmark. The formu-
las derived can be used to check the correctness of numerical 
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�   Appendix
Polynomial coefficients for Rapprox(t):
The fitted coefficients for the degree-14 surrogate polynomi-

al y(τ)=Rapprox(t)/R₀=Σ14
 anτ

n (least-squares fit over 0≤τ≤1 with 
y(0)=1, y(1)=0) are given in the table below:

These coefficients correspond to the polynomial depicted in 
Figure 3. The uniform error of this fit is approximately 1.12% 
of R₀, occurring around τ≈0.8.
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Table 4: Polynomial coefficients for Rapprox(t).
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