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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. 
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�   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.
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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.
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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.
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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 
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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.
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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.
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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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