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�   Introduction 
The Mass Initiative in Data Science (MINDS) is a student-centered 

organization.Launched in Fall 2020, the mission of MINDS is to 
empower today's high school students to solve tomorrow's challenges 
with practical knowledge in data science. MINDS is supported by 
the Orange County/Long Beach chapter of the American Statistical 
Association (OCLBASA), which opens up many opportunities for 
high school students to develop their leadership skills. MINDS 
meets student-chosen goals using a wide range of activities, including 
symposia, data science workshops, and networking events. Through 
these activities, MINDS is developing a supportive peer education 
network for students from different high school schools across the 
nation. 

MINDS developed the SciencExpo research project competition 
to facilitate high school students in cultivating their scientific writing 
skills. Participants included 9th, 10th, and 11th-grade students over 
a three-week period. The objective of SciencExpo was to create a 
collaborative forum for student authors and professional reviewers, 
where student authors congregate to share and improve their research 
manuscripts.

�   Managing SciencExpo and the Review Process
SciencExpo was divided into two review rounds: collaborative 

student author discussions followed by blinded professional 
evaluation. After each review round, the student authors had the 
opportunity to revise their papers. During the SciencExpo student 
author discussions, the participants peer-reviewed each other’s 
research paper submissions with the guidance of moderators facile 
in collecting, managing, and analyzing data. The round in which 
student authors discussed each other’s papers was very supportive, 
allowing students to offer constructive criticism and connect with a 
community of motivated individuals with similar goals and interests 
in scientific research. After implementing changes and moving onto 
the next review 

�   IJHSR Special Issue
Motivated by a passion for research, MINDS forged a partnership 

with the International Journal of High School Research (IJHSR) 
to produce a special issue of their journal. IJHSR is a platform for 
high school student researchers to experience the publication process. 
MINDS and the IJHSR leadership are both committed to youth 
education and their successful alliance is represented in several papers 
featured within this special issue. round, two professional reviewers 
were assigned to give feedback and score each student submission. 
The professional evaluations were blinded reviews with the aim 
of sharing the professionals’ expertise in linking empirical data to 
scientific argumentation. Throughout  SciencExpo, student authors 
worked resiliently and tirelessly under the SciencExpo student author 
discussions, the participants peer-reviewed each other’s research paper 
submissions with the guidance of moderators facile in collecting, 
managing, and analyzing data. The round in which student authors 
discussed each other’s papers was very supportive, allowing students 
to offer constructive criticism and connect with a community of 
motivated individuals with similar goals and interests in scientific 
research. After implementing changes and moving onto the next 
review round, two professional reviewers were assigned to give feedback 
and score each student submission. The professional evaluations were 
blinded reviews with the aim of sharing the professionals’ expertise 
in linking empirical data to scientific argumentation. Throughout  
SciencExpo, student authors worked resiliently and tirelessly under 
tight deadlines to improve the quality of their manuscripts.

�   Impact of SciencExpo 
SciencExpo facilitated students to substantially improve the quality 

of their research articles. The review and revision rounds motivated 
student authors to implement and increase the sophistication of 
data science techniques in their manuscripts, especially in the area of 
reporting on their data collection procedures, analytics, and linking 
their data to their results. Additionally, students participated in 
data-driven discussions that will place them to further network with 
students sharing similar passions and experienced professionals. For 
these reasons, SciencExpo marks a meaningful maturation point in 
their data science research and publication journeys. Just as important, 
SciencExpo’s success marks a successful partnership with IJHSR to 
elevate the written communication of high school science research 
projects.

�   Conclusion 
MINDS celebrates the efforts student authors put forth to 

accomplish publication of their manuscripts in IJHSR. MINDS 
thanks the mentors, professionals, participants, and IJHSR staff who 
contributed to the success of SciencExpo and this special issue of 
IJHSR.

 ijhighschoolresearch.org



© 2021Terra Science and Education 1  1 DOI: 10.36838/v3i2.1

Synthesis and Comparison of Three Novel β-Lactam 
Antibiotics using Diphenyl acetyl Chloride and 3,4,5 
Trimethoxybenzoyl Chloride 

Ariana Martinez, Arnauld Martinez
Western Center Academy 2345 Searl Pkwy, Hemet, CA 92543, U.S.A.; ariana145597@gmail.com 

ABSTRACT: Bacterial infections, often overlooked due to the publicity viral infections received in 2020, are resurging and 
becoming resistant to antibiotics at an alarming rate. Pharmaceutical companies are unwilling to invest in antibiotic research 
because the drug development process is no longer profitable. One explanation for the lack of success in drug development is 
that in the ten years required to ensure antibiotic safety, bacteria will already develop resistance to the new, experimental drug. 
The purpose of this project is to create three new β-lactam antibiotics and test their efficacy against both gram positive and gram 
negative bacteria. Additionally, a list of differences in the acyl chlorides, which may contribute to the antibiotics' differential 
success, will be compiled. These inferences will be explored and formally documented in a follow-up study to increase a company's 
chance of choosing an acyl chloride that creates a successful antibiotic. In this study we show how acyl chlorides with a smaller 
molar mass and fewer functional groups, and smaller surface area increase the efficacy of the antibiotic. Furthermore, we show 
how Diphenylacetyl Chloride demonstrates greater antibacterial effects than 3,4,5 Trimethoxybenzoyl Chloride to 6-APA and 
7-AVCA as it has fewer functional groups and a smaller surface area. These findings influence the drug development process 
as they determine what factors make an effective antibiotic narrowing down the range of potentially effective acyl chlorides 
implemented in modern day antibiotics. 

KEYWORDS: Antibiotic Development; Bacterial Resistance; Chemistry; Biology. 

�   Introduction
Bacterial infections were once considered incurable. Theolo-

gians and herbalists have long created solutions that allegedly 
cleanse the body of infections, but none had enough evidence 
to convince the scientific community of their efficacy. This 
changed in 1928 with the discovery of penicillin. Dr. Alex-
ander Fleming became the first scientist to isolate and mass 
produce penicillin, the world’s first bacteria fighting agent.¹ to 
date, penicillin has saved over 200 million lives. Although Dr. 
Fleming was the first to introduce penicillin to the scientific 
community and prove its efficacy using the scientific method, 
an ancient Chinese transcript revealed laborers cultivated fungi 
containing penicillin-like compounds to treat bacterial infec-
tions two thousand years ago.² Curiously, the vast majority of 
antibiotics synthesized today are based on natural molecules 
found in flowers, fungi, and animals.³ However, through the 
harmful combination of natural selection and an irresponsible 
distribution/consumption of drugs, bacteria have slowly devel-
oped resistance to many leading antibiotics.⁴,⁵ Infections that 
were once easily treatable with antibiotics have become incur-
able yet again.

As a result, there is an increased demand for new, more effec-
tive antibiotics that can treat those resistant bacterial.⁶ Despite 
this growing problem of antibiotic resistant bacteria, antibiotic 
production is no longer a profitable market, and the number 
of antibiotics approved by the FDA have decreased over 57% 
over the past 15 years.⁷ This is because by the time antibiotics 

are developed for large scale distribution, the bacteria they are 
fighting have already become resistant to the antibiotic.⁷ With 
a tremendous number of combinations of acyl chlorides that 
have the potential to be effective antibiotics, there is simply no 
way to efficiently test all of the combinations.⁸ In response to 
this problem, our research aims to narrow down these combi-
nations by determining what factors affect the effectiveness of 
an antibiotic.

In this work we developed three novel β-lactam antibiotics 
and tested their efficacy against gram positive and gram 
negative bacteria. Many antibiotics currently on the market 
have a small surface area, making it easier for them to attach 
themselves on the infected cells. Hence, we aimed to minimize 
the surface area of our antibiotics in hopes of increasing the 
efficacy of the antibiotic.⁹ Therefore, we selected dipheneylacyl 
chloride and³,⁵, trimethoxybenzoyl chloride for our experiment 
as it minimizes the surface area the most while maintaining a 
reasonable price and synthesis procedure. If we chose to work 
with a smaller compound, we would not have had the materials 
to synthesize the antibiotic at the lab we were working in. This 
was the first time these antibiotics were synthesized in a lab. 
By comparing the structure of their functional groups and their 
surface areas to their efficacy, we were able to determine which 
factors create an effective antibiotic. 

ijhighschoolresearch.org
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�   Methods
Synthesis of stirred 6-APA solution: 
Synthesis of stirred 6-APA solution to synthesize the 

first compound necessary for the analysis, under a fume 
hood, clamp 50 mL Erleenmeyer flask over a magnetic stir-
rer(previously cleaned with acetone). Continued by placing 
a magnetic stir bar into the flask along with 1.05 g sodium 
bicarbonate (CAS No. 144-55-8)d 09 mL deionized water. 
Left the mixture alone for 10-15 minutes, or until most sodi-
um bicarbonate was dissolved. Proceeded by adding 3mL of 
acetone, leaving the magnetic stir bar inside. Added 0.0025 
moles of 6-APA (0.541 g 6-APA: CAS No. 551-16-6)), left 
until dissolved(took only minutes). Saved 3 drops of this 
solution in a labelled microcentrifuge for TLC comparison.

Synthesis of Diphenylacetyl chloride solution :
Synthesis of Diphenylacetyl chloride solution by securing 

a 15 mL conical tube with a clamp. Added 0.005 moles of 
Diphenylacetyl chloride(CAS No. 1871-76-7, M.W. 230.69g/
mol) and 1 mL of acetone. Capped tube and vortexed to dis-
solve mixture. In the scenario that the acyl chloride failed to 
dissolve, added another drop of acetone and vortex again. If 
the solution still failed to dissolve, continued adding one drop 
of acyl chloride until the solution is combined. Saved 3 drops 
of this Diphenylacetyl chloride(CAS No. 1871-76-7, M.W. 
230.69g/mol) solution in labelled microcentrifuge for TLC 
analysis.

Analysis of reaction mixture using Thin Layer 
Chromatography:
Analysis of reaction mixture using Thin Layer Chromatog-

raphy using a disposable pipette, transferred the acyl chloride 
solution dropwise every 5 minutes to the stirred solution of 
6-APA until combined. This mixture was analyzed along with 
each component using TLC(thin layer chromatography). La-
belled three TLC plates 5, 10, and 15. Each TLC plate must 
be marked with three lanes: one lane for 6-APA(labeled 6), 
one lane for reaction(labeled R) and one lane food acyl chlo-
ride(A). Waited five minutes after the addition of the acyl 
chloride and then spotted the reaction solution in the middle 
lane of the TLC. Started elution. Spotted the reaction again 
after 10 minutes and 15 minutes. When the first two TLC 
plates (labelled 5 and 10 minutes) were complete, gently heat-
ed them to remove solvent, then stained with iodine to reveal 
the high RF product.

Preparation of workup solutions:
Preparation of workup solutions while the reaction was 

running, prepared workup solutions consisting of 10 mL de-
ionized water in a 20 mL test tube, 2 mL 5 M sulfuric acid in  
a 10 mL test tube, 6 mL n-butyl acetate(CAS No. 123-86-4) 
to a 10 mL test tube, while remembering to cool them in an 
ice bath.

Liquid-Liquid separation of solution:
Liquid-Liquid separation of solution in order to perform 

the Liquid-Liquid separation, took the previous solution 
of DiphenalAcetyl Chloride a(CAS No. 1871-76-7, M.W. 
230.69g/mol)Nd 6-APA and performed the following steps. 
Using a clamp, held a 30 mL separatory funnel with the valve 
closed over a 50 mL beaker and poured the reaction mixture 

closed over a 50 mL beaker and poured the reaction mixture 
into the separatory funnel. Performed the first liquid-liquid 
extraction to remove most of the unreacted acyl chloride. To 
do this we added 6 mL n-butyl acetate(room temperature) to 
the solution and closed the separatory funnel. While holding 
the cap in place, inverted the separatory funnel and vented it 
by turning the valve 90̊ and closed it (shook vigorously for a 
few seconds to mix the organic and aqueous solvents). Vented 
the separatory funnel and put the separatory funnel in a ring 
clamp (removed the cap). Drained the lower aqueous phase 
into the 50 mL beaker labelled AQ. Then drained the remain-
ing n-butyl acetate solution into a 50 mL Erlenmeyer flask 
labelled BuAc extract and closed the valve. Then poured the 
aqueous phase AQ back into the separatory funnel. Performed 
the second liquid-liquid extraction to remove more of the un-
reacted acyl chloride by repeating step c. Saved the combined 
BuAC extracts and labelled them organic waste.

Isolating antibiotic using vacuum filtrationy:
Isolating antibiotic using vacuum filtration in preparation of 
the vacuum filtration took the AQ layer in the 50 mL bea-
ker and added 6mL of cold n-butyl acetate using a disposable 
pipet. Then added 5 M sulfuric acid dropwise while stirring 
with a stir rod to dissipate the carbon dioxide gas. Additional 
drops led to less gas evolution, so started testing the pH of 
the lower aqueous solution using pH paper. Note that good 
stirring helped the derivative to move from the lower aqueous 
layer into the upper n-butyl acetate layer. When the sulfuric 
acid caused the solution to reach a pH of 2 carefully disposed 
of the remaining sulfuric acid solution. After this had been 
completed the solution was ready to undergo vacuum filtra-
tion. Secured a Büchner flask with a clamp and using a thick 
walled tubing, attached the flask’s side arm to the vacuum trap. 
Carefully set a rubber bung on the head of the flask and put 
the Büchner funnel on top of the rubber bung with filter paper. 
Turned the vacuum on, and carefully put the suspension on 
the filter paper. After most of the moisture is extracted from 
the precipitate, carefully transferred the remaining solid into a 
glass vial. At this point we had isolated our antibiotic.

Making dilutions of antibiotic:
Making dilutions of antibiotic Antibiotics are considered most 
effective when they present great effect in small dilutions. 
Hence, we diluted our antibiotic to test if it was applicable in 
the antibiotic market today. First, we created stock solutions 
of 6-APA and 7-AVCA(7-AVCA: CAS No. 79349-82-9) 
derivatives (10 mM). Next, we made a serial dilution of both 
derivatives (6-APA and 7-AVCA) with a dilution factor of 
1/10. Starting at 10mM and diluting to 1 µM. Left at least 
500 µL of each dilution.

Testing purity using mass spectrometry:
Testing purity using mass spectrometry using mass spectrom-
etry we took a few drops of our 100 micro molar solution of 
our antibiotic. Entering it into the mass spectrometer, allowed 
particles to run through until results were clearly displayed on 
the computer. This step was extremely important, but it was 
very simple as the machine determines impurities in the solu-
tion due to their tiny size. [see discussion for graphs]

ijhighschoolresearch.org
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Testing efficacy against gram positive and gram negative 
bacteria:
Testing efficacy against gram positive and gram negative bac-
teria in this experiment we tested against both gram positive 
and gram negative bacteria. First, obtained three agar test 
plates, one plate contained E. coli, and two contained Strep-
tococcus: labelled each accordingly. Dipped a sterile swab into 
the inoculum tube of bacteria and rotated the swab against 
the side of the tube (above fluid level) using firm pressure, to 
remove excess fluid. Inoculated the surface of the agar plate by 
streaking the swab over the entire surface of the plate. Rotated 
90̊ and repeated again. (4x). Rimmed the plate with the swab 
to pick up any excess liquid and then allowed the plate to sit at 
room temperature for 3-5 minutes, but no more than 15 min-
utes. Wiped down a pair of forceps with alcohol swabs. Use the 
forceps to dip a circular filter paper in each diluted solution of 
6-APA and 7-AVCA derivatives (see step 13). Pulled the filter
paper out, shook off any excess solution, then placed it on the
agar plate appropriately using template I. Once all the disks
were in place, covered and inverted the plates and labelled each
position on the plate. Incubated the disks for three days (35
̊C ± 2˚C with no exposure to CO2). Following incubation,
measured each disk’s zone size to the nearest millimeter using
a ruler. Then measured from the center of the disk to a single
point on the circumference of the zone where a visible edge is
present.
� Results

From the UV Thin Layer Chromatography (Figure 3), we
can determine the relative purity of the antibiotics synthesized 
in our experiment. The long streaks and relative absence of 
separated stains reveals 3,4,5 Trimethoxybenzoyl Chloride 
bonded to 6-APA was over 90% pure, Diphenylacetyl Chloride 
bonded to 6-APA was over 80% pure, and 3,4,5 Trimethoxy-
benzoyl Chloride bonded to 7-AVCA was over 50% pure. 
Additionally, data from the mass spectrometry graphs reveal 
the chemical makeup of our antibiotic (Figure 4). Since the 
mass spectrometer was run in positive ion mode, we expect to 
see positive ions bonded to our antibiotic (Na+, K+, H+). The 
presence of some unidentified spikes and unreacted reagents 
suggests the presence of impurities, responsible for the low pu-
rity of 3,4,5 Trimethoxybenzoyl Chloride bonded to 7-AVCA.

The larger the zone of clearance (ZoC) the more efficient our 
antibiotic was as we aim to inhibit the largest number of bacte-
ria at a small dilution (Figures 1 and 2). The zones of clearance 
on the agar plates reveals Diphenylacetyl chloride bonded to 
6-APA is the most effective antibacterial agent, inhibiting
bacterial growth from concentrations of 10mM to 100µM. 
3,4,5 Trimethoxybenzoyl chloride bonded to 7-AVCA exhib-
ited antibacterial effects in its highest concentration: 10mM. 
3,4,5 Trimethoxybenzoyl chloride bonded to 6-APA, however, 
displayed no antibacterial effects. Only two strains of bacteria 
were tested, so further testing would be required to dismiss or 
strengthen my antibiotics’ potential for antibacterial activity.

Some notable differences are Diphenylacetyl chloride, ex-
hibiting antibacterial effects to the largest degree, has a smaller 
surface area than 3,4,5 Trimethoxybenzoyl chloride. The func-
tional groups surrounding the benzene ring on 3,4,5 Tri

methoxybenzoyl chloride are electrophilic, while the benzene 
rings on Diphenylacetyl chloride are relatively inert. Addi-
tionally, Diphenylacetyl chloride exhibits two benzene rings 
indirectly bonded to its acyl group, while 3,4,5 Trimethoxy-
benzoyl chloride exhibits one benzene ring directly bonded to 
its acyl groups.

Figure 1: Gram Positive and Gram Negative plates treated with developed 
antibiotics.

Figure 2: Closer look at each dish with table describing zone of clearance.

Figure 3: Thin Layer Chomatography (TLC) plates.
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to the greatest degree. This agrees with data from antibiotics 
currently on the market: antibiotics whose acyl chloride has 
a smaller surface area is more effective at inhibiting bacteri-
al growth. Thienamycin, for example, is a β-lactam antibiotic 
utilizing one of the smallest acyl chlorides known to man. Yet, 
Thienamycin is the most potent naturally produced antibiotic. 
It is so potent, pure Thienamycin is not practical for clinical use. 
Stable derivatives have been made for medicinal consumption.

Additionally, the methoxy functional groups (-OCH3) 
surrounding 3,4,5 Trimethoxybenzoyl Chloride act as an 
electrophile. However, the benzene rings in Diphenylace-
tyl chloride are relatively inert. The success of antibiotics like 
Diphenylacetyl chloride bonded to 6-APA and Penicillin G 
suggest a negative correlation between electrophilic functional 
groups and antibacterial efficacy. In fact, Amoxicillin, contain-
ing the nucleophilic hydroxyl group, extends this hypothesis to 
encompass all functional groups: electrophilic groups decrease 
the efficacy of β-Lactam antibiotics while nucleophilic groups 
increase the efficacy of β-Lactam antibiotics. 

Finally, although not tested in our experiment, we predict a 
smaller molar mass increases the efficacy of antibiotics. Thie-
namycin, Penicillin G, and Amoxicillin are among the most 
effective antibiotics available today, they weigh 273 amu, 334 
amu, and 365 amu respectively, compared to our antibiotics 
weighing over 410 amu. These three characteristics, or subset 
thereof, are found in the vast majority of useful antibiotics. As 
a result, choosing an acyl chloride for a new antibiotic does not 
need to be random. Certain acyl chlorides are more promising 
at creating much-needed antibiotics than others.
� Acknowledgements
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� Introduction
Memory is the means by which we draw on our past 

experiences in order to use this information in the present. 
There are three major processes in memory: encoding, storage, 
and retrieval.¹  There are also three types of memory: short-
term, long term, and sensory memory. Short-term memory 
refers to the ability to store a small amount of information in a 
readily available state for a short period of time, and short-term 
memory can hold only up to seven plus or minus two digits.² 
For example, an individual is able to store and memorize a 
phone number that has just been recited. Short-term memory 
is of central importance because it shapes an individual’s ability 
to learn, comprehend, and store information that is essential 
to their daily lives. If this ability is impaired, everyday aspects 
of life will be challenging. Thus, variables that could mitigate 
damage to short-term memory needs to be further investigated.

Various studies have been conducted analyzing the effects 
of music on memory, but there have been mixed results. Music 
is characterized by the combination of frequencies which, in 
certain compositions, can have notable effects, such as a tem-
porary improvement of spatial reasoning skills and epilepsy.³ 
In contrast, another study concluded that music negatively 
affects memorization compared to silence when memorizing 
nonsense syllables.⁴ Music was also found to have no effect on 
complex working memory tasks, though the song choice could 
influence the participant’s recollection of words depending on 
the word’s valence. The study concluded that working memo-
ry performance could be affected by the type of music used.⁵ 
Furthermore, emotional state was shown to affect memory for 
songs with high emotional arousal or valence.⁶  This was indi-
cated in a study measuring memory encoding in which good 
mood states showed more elaborate encoding compared to bad 
mood states.⁷

The effects of Baroque music on cognition are significantly 
less studied than those of other eras of music. Baroque music 
has less dynamics (increases and decreases in volume used to 
convey emotions or play expressively) compared to later eras of 
music, except for the practice of terraced dynamics, in which 
composers use multiple parts overlapping to increase the 
dynamics and vice versa. More specially, the harpsichord, which 
is the central instrument of baroque music, has no capacity to 
change dynamics due to the mechanics of the instrument (the 
piano was developed with the capacity for dynamics, and the 
rise in popularity of the piano is considered the beginning 
of classical era of music because the piano directly replaced 
the harpsichord, resulting in a coinciding rise in the use of 
dynamics, though the end of the baroque era is associated with 
the death of J.S. Bach in 1750.8  Dynamics were eliminated by 
selecting a harpsichord solo for use in the experiment, and the 
piece was chosen to be mild and lesser-known so that it would 
have less valence and would not have memories associated 
with it. The piece chosen for the experiment, Henry Purcell’s 
Round O ZT 684, is characterized by a Moderato tempo and 
the repeated themes of a round, and the recording was also 
a mild interpretation of the piece. With this, the effects of 
music on cognition are mostly observed rather than the effects 
of emotion on cognition. Taken together, the purpose of this 
study is to analyze the effects of music on short-term memory. 
More specifically, how does non-lyrical music such as baroque, 
affect short-term memory. We hypothesized that listening to 
baroque music will enhance the outcome of short-term recall. 
To address the question, we used an online short-term memory 
recall test designed by the University of Washington along 
with EEG to investigate the effects of music listening. The 
short-term memory test consisted of six trials, with each trial 
increasing in difficulty. The contribution of our study is that if 
listening to Baroque music does improve short-term memory, 

The Effects of Baroque Music on Short-term Memory 
Jasmine Alagoz, William Bray 
Palos Verdes High School, 600 Cloyden Road, Palos Verdes Estates, CA 90274, U.S.A.; jasminealagoz@gmail.com

ABSTRACT: This study evaluated the effects of Baroque era music exposure on participants short-term, working memory. The 
purpose of this study is to analyze the effects of music on short-term memory. More specifically, does non-lyrical music such as 
Baroque affect short-term memory? We hypothesized that listening to Baroque music will enhance the outcome of short-term re-
call. The 9 participants of the experiment were tested using a short-term recall test while wearing an electroencephalogram headset 
(EEG). Music and non-music exposure groups were compared using the data from the memory test and the EEG. Results of the 
study showed increased average test scores and EEG activity for the music group, particularly in the 5th and 6th trials, in which 
the music exposure group had higher mean scores and EEG readings compared to the non-music exposure participant group. 
However, the difference between music and non-music groups was not statistically significant. The results of the study suggest that 
Baroque music may not have a significant effect on short-term memory. Results could be improved upon by increasing the sample 
size. The study contributes to the understanding of the effects of certain Baroque music on short-term memory and EEG data.

KEYWORDS: Cognitive Psychology; Neuroscience; Short-term memory; Baroque; Electroencephalogram (EEG).
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then it could be a helpful contributor to improve learning 
and reasoning. 
� Methods
For COVID-19 safety precautions, all participants were 

temperature-checked, provided hand-sanitizer, and asked of 
any COVID-related symptoms at the entrance of PV NET 
Academy for STEM, a community technology organization. 
Prior to the start of the experiment, participants were asked 
to sign consent forms. Participants were briefed on the details 
of the procedure and acknowledged the option to opt out at 
any given time during the procedure. Our participants con-
sisted of six teenage boys from the ages of 14-18 and three 
middle-aged women from the ages of 49-55. Participants 
were given a stress survey that asked a yes or no question 
for if they were stressed before beginning experimentation. 
An electroencephalogram headset designed by Emotiv was 
placed on the participant’s head (the 5 nodes are on AF3, 
AF4, T7, T8, and PZ Brodmann areas). Using a standard 
PC, a short-term memory test link obtained from (https://
faculty.washington.edu/chudler/stm0.html) was uploaded to 
begin the multi-trial short term memory test. The memory 
test sheet for the participants to record answers was placed 
in front of the participant along with a sanitized pencil. Dis-
tilled water was sprayed above the five nodes of the EEG 
headset. The app MYEMOTIV was loaded onto a Samsung 
galaxy Note 4 to start data collection.

To begin the experiment, the participant was asked to re-
lax with their eyes open for 15 seconds, then with their eyes 
closed for 15 seconds. The five participants in the experimen-
tal group were exposed to non-lyrical music, Henry Purcell 
Round O ZT 684, (obtained from https://www.youtube.com/
watch?v=ocbm6tZoQ2) for two minutes using a JBL Charge 
3 speaker while the control group received no music for two 
minutes, participants were selected to be in the experimen-
tal group at random. All participants were then subjected to a 
multi-trial short term memory test, called “Short Term Mem-
ory Test” by the University of Washington. Whereby each trial, 
a series of letters were presented on the screen for 3 seconds 
and answers were recorded for each trial. Starting with trial 
one, they were presented with two letters on the screen. Each 
proceeding trial increased by two letters, so by trial six the par-
ticipant had twelve letters to recall. The amount of time that 
the letters were presented on the screen was the same for each 
trial, which increased its difficulty. The short-term memory re-
call test was administered a total of three times with 30 second 
break in between tests. All short-term memory data collection 
from EEG MYEMOTIV app and written responses were 
recorded onto an Excel spreadsheet. The MYEMOTIV app 
would compute the readings from the EEG headset into a 
numerical value, this value measures the electrical impulses in 
the brain based on electrical charges from the activity of brain 
cells. This value was input into the spreadsheet along with the 
number of correct letters recalled in each trial of the memory 
test. To observe the difference between groups, a two-tailed 
T-test was used with <0.05 determination for significance.
This experiment was conducted on nine participants, with four
participants in the control group and five participants in the

was conducted on nine participants, with four participants in 
the control group and five participants in the experimental 
group. Experimentation was conducted throughout the last 
week of December 2020 between 1PM and 3PM.  (Figure 
1.1, 1.2)

� Results
Recall Test Data: Music and non-music groups were 

measured for short-term recall tests and EEG data. Data 
calculations were performed in Excel. The recall test had an 
ascending number of letters presented for memorization with 
trial one starting with two letters and doubling the number 
of letters for each trial for a total of six trials. The recall test 
had 6 trials with an ascending number of letters presented 
for memorization. All participants performed with 100% ac-
curacy for trails one through trial four. More specifically, the 
trial five music group (M=88.67%, SD= 0.13) and non-mu-
sic group (M= 72.50%, SD=0.13); t(8), p= 0.114, and the trial 
six music group (M=62.22%, SD=0.18) and non-music group 
(M=54.17%, SD=0.07); t(8), p=0.404 were shown to not have 
a statistically significant difference (Figure 1.3, Figure 1.4, Fig-
ure 1.5), as the p-values were above 0.05. The recall test data 
trended improvement due to music, but this difference was not 
statistically significant. 

EEG Data:
The electroencephalogram data, in which the data provided is 
the average number on a 1-100 scale measuring brain activity 
computed into an algorithm over the time of the EEG read-
ing, was only acquired for six participants as the instrument 
had difficulties reading through participants' hair. Due to this, 

Figure 1.1: Average percentage of correct letters for the recall test 
(converted into decimals), each line represents a participant.

Figure 1.2: Average percent of correct answers for the non-music group 
converted into decimals, each line represents a participant.
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  Our hypothesis was answered from this study because the 
data collected showed no significant difference between the 
music and non-music groups, demonstrating no large effects 
of Henry Purcell’s Round O ZT 684 on short-term 
memory.
  A future study that could be conducted is testing the differ-
ence between emotional and non-emotional music and their 
effects on short-term memory. A future implication of our 
findings is the improved use and understanding of music in 
aiding cognition as a situational benefit, as it has been proven 
to have negative effects by Musliu et al. and shown by our 
study to have no effects in the specific circumstance. The 
benefits of music known as the “Mozart effect”  now can be 
optimally achieved as it was found that Baroque non-
emotional music does not cause this effect, and Baroque 
composers are often confused for Classical composers.³ Our 
study has shown that non-emotional music may not affect 
short-term cognition, so in the future music should be used 
in its emotional aspect, as emotions have been shown to affect 
memory and music is an effective manipulator of emotional 
state.⁷ Implications of this are that effects of music exposure 
can be optimized.

To improve the study, we could increase the number of par-
ticipants to increase the amount of data collected. This would 
increase the credibility of the data and the likelihood of sta-
tistically significant differences of a larger data set replicated 
our study’s trends. We also could play Baroque music while 
the participants are taking the recall test instead of before to 
test how music affects the brain in conjunction with active 
cognition. The use of equipment such as an fMRI or a med-
ical-grade electroencephalogram to gain better insight to the 
workings of the brain as the study is conducted. A problem 
encountered was regarding the gathering of small data, this 
problem was due to the COVID-19 pandemic, which did not 
allow us to obtain many participants due to community 
guidelines. The data may have supported our hypothesis had 
the number of participants been higher as this could make 
the differences between the two groups credible and more 
likely to be statistically significant.
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depending on the word’s valence.⁵ Our study produced results 
consistent with the findings of this study as Borella specifies 
valence as influencing the working memory and music as not. 
Since our study found no influence to working memory 
caused by a piece with little to no valence, our results are 
consistent with the conclusion of Borella et al. because they 
found that music did not influence working memory, but that 
valence did; our experiment had music but little to no valence, 
thus no sig-nificant effects on working memory. 
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� Introduction
COVID-19 has unfolded into a global pandemic. The nov-

el virus has affected over 91 million people worldwide and 
claimed over 2 million lives.¹ Its effects have pushed the world 
to the brink of social and economic collapse: placing coun-
tries in turmoil, quarantining human civilization, and ravaging 
countless industries. Moreover, it has become difficult to pro-
vide the necessary treatment to all patients,²-⁴ and thus there is 
a pressing need for rapid diagnostics. Although typical symp-
toms of the coronavirus include fever, dry cough, muscle pain, 
shortness of breath, fatigue, and headache, in some scenarios 
the virus can be asymptomatic,⁵ posing a tremendous public 
health threat. COVID-19 has proven to be one of the most 
severe public health crises in the past hundred years.⁶

An early diagnosis of COVID-19 is imperative for disease 
control and containment. Currently, popular testing meth-
ods such as reverse-transcription polymerase chain reaction 
(RT-PCR) have high specificity but relatively lower sensitiv-
ity. The limited supply and strict requirements for laboratory 
environments also delay the diagnosis of patients.⁷ Conse-
quently, through RT-PCR testing, COVID-19 patients are 
not accurately identified nor treated quickly enough to prevent 
transmission of the virus.

On the contrary, with the recent rise of COVID-19 data 
from chest CT scans, studies to investigate this underlying 
concern are enabled. Results have manifested chest CT imag-
ing to be far more reliable in diagnostics and thereby effective 

in disease containment.²,⁸ Fang, Zhang, et al.⁹ found that RT-
PCR tests revealed a sensitivity of 71%, in comparison to chest 
CT imaging that attained a sensitivity of 98%.¹⁰ This raises the 
prospect of having an alternative diagnostic tool for the novel 
virus’s clinical management.

Concurrently, artificial intelligence and machine learning 
have witnessed monumental growth in bridging the gap 
between the capabilities of man and machine. The agenda for 
this field is to equip computers with the necessary data so that 
machines can view the world as humans do, perceive it in a 
similar manner, and even use the knowledge for a multitude 
of tasks such as image classification. With the emergence 
of medical CT data, machine learning can shed light on 
an efficient, accessible, and accurate diagnosis of the novel 
coronavirus.

Computer vision with deep learning,¹¹ a subfield of 
artificial intelligence, has advanced over time, primarily using 
one particular algorithm--a convolutional neural network, 
otherwise known as a ConvNet or CNN. A ConvNet, or an 
artificial network of neurons, analyzes imagery where the 
details that would otherwise be difficult to interpret with 
the human eye are recognized by the computer. ConvNets 
have been utilized in the past to diagnose diseases, thereby 
complementing other diagnostic techniques in the healthcare 
industry. For radiologists, analyzing medical imagery is a 
time-consuming, manual procedure, particularly when patient 
volume is substantial. Receiving RT-PCR test results can also 
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take several days due to backlogs or other priorities in the lab,¹² 
so the efficiency of deep learning-based techniques’ makes for 
an appealing trait that can benefit clinicians.

Deep learning-based techniques for COVID-19 detection 
have emerged in a multitude of works,⁶,⁷,¹³-²¹ which have 
suggested the potential of artificial intelligence. However, 
several studies thus far have utilized customized models. 
This paper aimed to employ a novel pre-trained model for 
transfer learning,²² a machine learning method where previous 
knowledge is transferred or applied to a new task. Additionally, 
a diverse, multinational dataset with chest CT scans from 
three distinct sources was assembled, in contrast to traditional 
works that restrict their consideration of data to one source, 
limiting their generalizability. Although investigations⁷,¹⁴-²⁴ 
have surveyed transfer learning, they either raise the same 
concern in using data from a single source, lack a wide variety 
of human-interpretable measures, or choose to analyze X-rays. 
While X-rays are slightly more accessible than CT scans, 
CT scans offer a much higher level of detail that generates 
360-degree views. CT imagery also provides a more useful
understanding of soft tissue, blood vessels, and inflammation,
all of which X-rays fail to show.²⁵,²⁶ Furthermore, CT
manifestations contain key points indicative of COVID-19
such as ground-glass opacities, consolidation, reticular pattern, 
and crazy-paving patterns.²⁷

For transfer learning, the EfficientNetB7 pre-trained 
model²⁸ was employed, a backbone architecture that has 
surpassed state-of-the-art accuracies with up to 10 times better 
efficiency, attaining 84.4% top-1 and 97.1% top-5 accuracy on 
ImageNet.²⁹ The EfficientNetB7 architecture outperforms 
popular base models such as ResNet-50³⁰ and Inception-v3,³¹ 
presenting a promising alternative to conventional methods.

In addition to transfer learning, this study aims to take 
a unique approach in utilizing Gradient-weighted Class 
Activation Mapping (Grad-CAM)³² for visualizable, human-
interpretable examination. To the best of the author’s knowledge, 
this paper is the first to leverage Guided Backpropagation³³ to 
localize the fine-grained pixel annotations that Grad-CAM 
lacks. Since machine learning is often a black box where one 
cannot visualize the intricacies within a model’s decision-
making process, Grad-CAM sheds light on explainability 
measures, diminishing the inexplicable nature of artificial 
intelligence. This in turn allows for the validation of relevant 
CT features considered by the model in its decision-making 
behavior.

The objective of this paper was to take a novel approach 
in assembling a generalizable deep learning framework that 
could diagnose COVID-19 from chest CT in an efficient yet 
explainable way. It was hypothesized that the use of several 
sources of data, transfer learning with a computationally 
efficient base model, and a wide variety of explainability 
techniques would help achieve such an objective. Real-world 
deployment on a web application is another goal, in which 
the deep learning framework would not replace, but instead 
complement RT-PCR or a radiologist’s diagnosis.

� Methods
Dataset:
This study employed a dataset comprising a total of 17,698 

chest CT scans across 923 patient cases. Data were derived 
from three major sources: The China National Center for 
Bioinformation (CNCB),³⁴ The Cancer Imaging Archive 
(TCIA),³⁵ and COVID-CTset.³⁶

China National Center for Bioinformation: 
The CNCB dataset is an open-source dataset of the lung 

CT images and metadata constructed from various cohorts 
from the China Consortium of Chest CT Image Investi-
gation (CC-CCII). The images were classified into normal 
controls, common pneumonia, and novel coronavirus pneumo-
nia (NCP) due to SARS-CoV-2, but since the volume of data 
surrounding common pneumonia was not large enough for 
the model to accurately learn from, common pneumonia was 
excluded. Despite the CNCB comprising over 100,000 imag-
es, computational resources did not permit such an immense 
amount of data to be handled. Hence, a total of 6,173 slices 
with lesions identified by CC-CCII were randomly selected. 
It was also ensured that volumes with segmented lung regions 
were excluded because this study aimed to examine chest CT 
images that are normally used in diagnostics.

The Cancer Imaging Archive: 
Another source of data was derived from TCIA, which 

consisted of unenhanced chest CTs from 632 patients with 
positive RT-PCR for SARS-CoV-2 and ground truth annota-
tions of COVID-19 lesions in the lung. The COVID-19 Lung 
CT Lesion Segmentation Challenge selected 249 patients 
from the TCIA dataset, from which an algorithm was further 
developed to select slices with visible lungs in the image se-
quences of a patient--resulting in a final 4,243 images.

COVID-CTset: 
The last source of data, contained the full, original 15,589 

and 48,260 CT scans belonging to 95 COVID-19 positive 
and 282 normal persons, respectively. Data was gathered from 
Negin Medical Center, located in Sari, Iran. Again, due to a 
computational restraint, a total of 7,282 images from the data-
set were randomly selected for use.

Finally, the assembled dataset used an approximate 80%-
10%-10% split for training, validation, and testing data, 
respectively.

Figure 1: A sample batch of images from the dataset utilized in this study. 
Aggregating data from three distinct sources increased generalizability, but it 
also made the learning process a more rigorous task.
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Data Preprocessing: 
To standardize all images that enter the network, an au-

tomatic body cropping method that involved a series of 
morphological transformations was developed. To begin the 
process, all images were converted to the same data type: 8-bit 
unsigned integer. This data type ensured that all pixel values 
within an image were normalized to range from 0 to 255. Next, 
the image was Gaussian smoothed to reduce image noise. A 
pixel threshold was then applied to the image, where values 
below the threshold were set to 0, and values above the thresh-
old were set to 255, resulting in a binary image. From there, a 
set of morphological operations applied a structuring element 
to the images. The two operations utilized were erosion and 
dilation. Erosion first removed pixels resting along the edges of 
a binary region or blob. Dilation followed by expanding the re-
maining pixels around the edges of a binary region or blob. The 
effect of the erosion and dilation maneuver, known as binary 
opening, was that it erased small blobs and thin regions, which 
in a chest CT scan is often noise from the bed or imaging 
artifacts. At this point, the body mask of the original CT scan 
remained, with nearly all noise removed. The major contours 
are then determined by the computer, and the contour with the 
largest area was the bounding box to which the original image 
was cropped. Figure 2 depicts the automatic lung field crop at 
each stage of the procedure.

While cropping images assists in directing the machine’s 
focus to the lungs, noise contamination from the CT scanner 
bed and imaging artifacts are still present, which can adversely 
affect model performance. To solve this, another preprocess-
ing algorithm was employed, as illustrated in Figure 3. It is 
also worth noting that this study did not include CT volumes 
where the entire background was removed to leave a seg-
mented lung region, as the contrast between the segmented 
lungs and the background can lead to biases in a model’s deci-
sion-making behavior. Excluding segmented CT volumes also 
enabled the model to grasp a better understanding of what CT 
scans typically look like--which are unsegmented.

As previously mentioned, the TCIA³⁵ dataset was employed 
in this study. However, unlike standard image formats that 
store files in PNG format, the TCIA dataset stored their im-
ages in NIfTI,³⁷ a special file format for neuroimaging. Thus, it 
was necessary to develop an algorithm to process and convert 
the NIfTI files into PNG images. To do so, the NiBabel Py-
thon library ³⁸ was leveraged. All images within a patient’s CT 
sequence were iterated over, but only slices near the middle of 
the sequence were used. These slices were indicative of “open” 
lungs in which characteristics of COVID-19 were visible. Ad-
ditionally, all images were initially stored in 16-bit grayscale 
Hounsfield units,³⁹ so the previously uninterpretable images 
were converted into standard 8-bit, grayscale images. After-
ward, the file was cropped to remove exterior noise and saved 
as a PNG file. In regard to the COVID-CTset,³⁶ all images 
were also stored in Hounsfield units, so the identical approach 
was used.

Although the dataset assembled in this study already varies 
in images from three sources, data augmentation was leveraged 
for further diversity. Data augmentation artificially created 
new data from existing data by randomly rotating, flipping, 
shearing, brightening, darkening, translating, and zooming in 
on images. This technique aided the model in generalizing bet-
ter to unseen data.

Finally, before feeding the images into the ConvNet, all im-
ages were rescaled by dividing the pixel values by 255, which 
normalized the data to 32-bit floating-point format and range 
from 0 to 1. This was essential in simplifying the learning pro-
cess and lowering computational resources. A target size of 224 
x 224 pixels was also applied to each image because it provided 
a reasonable tradeoff between computation and image detail.

Transfer Learning and Network Architecture: 
The network architecture performed transfer learning 

with a base model pre-trained on ImageNet ²⁹ coupled with 
Adam, an adaptive gradient descent optimizer. Generally, 
training a model from scratch for large datasets is compu-
tationally demanding and time-consuming. The pre-trained 
model with transfer learning enables the facility to speed up 
convergence, or the progression of error minimization, with 
network generalization.⁶ In transfer learning, weights and 
biases are transferred from a pre-trained model, thereby pro-
viding a backbone that can detect basic patterns or edges. A 
number of popular pre-trained models have been put into 
practice: GoogleNet,⁴⁰ LeNet,⁴¹ SqueezeNet,⁴² Xception,⁴³ 
variations of VGG,⁴⁴  Inception,⁴⁵ MobileNets,⁴⁶ DenseNet,⁴⁷ 
U-Net,⁴⁸ and different forms of ResNet.⁴⁹ However, in this
study, a different approach was taken by leveraging the nov-
el EfficientNetB7 model.²⁸ EfficientNetB7 was selected from
a family of EfficientNets, where compound scaling of depth,
width, and image resolution facilitated the ideal relationship
between different dimensions under a fixed computational
budget (FLOPs, or floating-point operations).

To implement transfer learning, previously existing layers 
were first frozen to avoid destroying any of the information 
they contained during future training rounds. Global average 
pooling followed to reduce spatial dimensions. Finally, a new 
fully connected layer with 512 neurons leading up to a final 

Figure 2: The stages of an automatic lung field crop on a sample chest 
CT scan. After ensuring the image has only one color channel (grayscale), 
smoothing the image out, and setting a pixel threshold to create a binary 
image, erosion and dilation remove irrelevant features. The image is then 
cropped to the bounding box created around the contour with the largest 
area.

Figure 3: A chest CT scan before (a) and after (b) the replacement of noise 
from external features with a background mean.
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The aforementioned metrics are observed in Figure 7, where 
the true negatives (upper-left) denotes the number of non-
COVID-19 subjects who are correctly classified as not having 
the infection, false positives (upper-right) denotes the number 
of non-COVID-19 patients who are misidentified as having 
the infection, false negatives (bottom-left) denotes the num-
ber of COVID-19 subjects who are misclassified as healthy, 
and true positives (bottom-right) denotes the number of 
COVID-19 patients correctly identified by the model as hav-
ing the infection.

The precision-recall curve plots the precision along the y-ax-
is and the recall along the x-axis, providing a visual for the 
precision-recall tradeoff. An ideal model would have a coordi-
nate point at (1, 1), and a skillful model would have a curve that 
approaches the coordinate point of (1, 1), as seen in Figure 8. In 

fully connected layer with a single output neuron was added 
to fit the purposes of this classification task.

Grad-CAM Visualizations: 
For explainability measures, Grad-CAM³² was leveraged for 

visualizable, human-interpretable inspection. This was done 
by calculating the gradient of a predicted class with respect 
to the final convolutional layer’s activations, and then weight-
ing those activations with the calculated gradient. While the 
generated output of this procedure, a heatmap, does provide 
insight into prominent regions of importance, it fails to show 
specific details and features relevant to the model’s decision. 
Thus, the novel use of Guided Backpropagation³³ to highlight 
fine-grained pixel annotations in CT imagery was employed in 
this study. Furthermore, to include the best from both worlds, 
a Guided Grad-CAM is calculated via an element-wise multi-
plication between Grad-CAM and Guided Backpropagation 
to include high-resolution and class-discriminative image re-
gions. Because the decision-making process of a ConvNet is a 
black box, explainability analysis aids in a better understanding 
of model decision-making behavior and image features that 
were critical to the final prediction. Additionally, this phase of 
human interpretation allowed for verification that the model 
was making inferences from relevant factors, and not errone-
ous noise.
� Results
The test set with 1,784 unseen images was used to evalu-

ate model performance. The test set included 906 COVID-19 
positive chest CT images aggregated from CNCB,³⁴ TCIA,³⁵ 
and COVID-CTset ³⁶ with 878 normal controls from CNCB 
and COVID-CTset. This diverse set of data provided a better 
representation of the possible CT images the model could en-
counter in practice. In addition to analyzing quantitative values, 
explainability measures validated qualitative results through 
identifying factors critical to the model’s decision-making be-
havior.

Coupled with early stopping, which halted the learning pro-
cess when metrics stopped improving, the proposed model was 
trained for 50 epochs, or the number of times all the training 
samples passed through the machine learning algorithm.

When evaluated on the test set, an overall accuracy of 
92.71%, precision of 90.04%, recall of 95.79%, and F1-score of 
92.83% were attained.

Figure 4: In contrast to conventional practices (b)-(d), EfficientNets’ 
compound scaling method (e) uniformly scales up all three dimensions: 
depth, width, and image resolution.28

Figure 5: Training and validation plots of accuracy and loss are shown. The 
early stopping callback halted the learning process at 28 epochs to prevent 
overfitting.

Figure 6: Training and validation plots of precision and recall are shown. 
The early stopping callback halted the learning process at 28 epochs to 
prevent overfitting.

Figure 7: Binary classification confusion matrix for the proposed model 
trained with exterior exclusion.

Table 1: COVID-19 classification report for the best models trained with 
and without exterior exclusion.
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contrast, a classifier with no skill cannot discriminate be-
tween the classes, and its decisions would be based purely on 
random guessing. Thus, its plot would simply have a horizontal 
line at a precision proportional to the number of positive ex-
amples in the dataset.

While precision does provide valuable insights into model 
performance, it refers to a particular decision threshold. How-
ever, classes are not always balanced, and one may want to vary 
the decision threshold. Thus, the average precision was calcu-
lated to account for precision at all possible thresholds and 
summarize the entire precision-recall curve into a single value. 
In this study, an average precision of 98% was achieved.

The F1 score was calculated to find the harmonic mean of 
precision and recall. In contrast to simply taking the average 
of the two metrics, the harmonic mean penalizes extreme val-
ues. For example, if the precision was 0% and the recall was 
100%, taking the average would return 50%. In contrast, the 
harmonic mean would be calculated as 0%. Therefore, the F1 
score provides a balanced, comprehensive evaluation of model 
performance--all in a single percentage.

In addition to measuring precision, recall, and F1-score, the 
receiver operating characteristic curve, or ROC curve, and area 
under the curve, or AUC, were utilized. The ROC is created 

by plotting the true positive rate versus the false positive rate, 
and the AUC represents an overall performance of a classifier 
across all threshold settings. A classifier that has zero discrim-
inative power between positive and negative classes will result 
in a diagonal line passing through the coordinate point (0,0) 
where both the false positive rate and the true positive rate 
are 0. In other words, the classifier’s decision-making behavior 
is purely based on random guessing. Hence, because the ideal 
ROC curve has an AUC of 1 and the worst ROC curve has 
an AUC of 0.5, the AUC value of any useful binary classifier 
must range between 0.5 and 1. The proposed EfficientNetB7 
transfer learning model obtained 0.977 ROC AUC.

Furthermore, the ROC curve illustrates a trade-off between 
the true positive rate and false positive rate, such that a change 
in the decision threshold will affect the true positive rate at the 
expense of the false positive rate, and vice versa. Consequently, 
the ROC curve can help determine the optimal threshold for 
the model’s predictive behavior.

Aside from quantitative evaluation, qualitative analysis 
through various machine learning explainability techniques 
was leveraged. In the first row of both figures 10 and 11, the 
patient’s CT scan is shown. The second row displays a super-
imposed image of the Grad-CAM heat map overlaid on the 
original image. Row three displays the Guided Backprop-
agation visualizations which highlight pixels that triggered 
greater neuron activations within the model. In contrast to 
Grad-CAM which can only localize general regions of inter-
est, Guided Backpropagation can trace fine-grained details--a 
quality that, to the best of the author’s knowledge, has not been 
utilized in any other work on the automated classification of 
COVID-19. Next, row four combines the best from Grad-
CAM and Guided Backpropagation through an element-wise 
multiplication of the two, creating a Guided Grad-CAM. 
Lastly, row 5 presents a new explainability technique that was 
developed in this study. It resembles an enhanced version of 
Guided Grad-CAM, where the green color channel of Guided 
Grad-CAM was multiplied by 3, allowing for greater saliency 
and emphasis on key patterns.

Figure 8: Precision-recall curve for the proposed model trained with 
exterior exclusion. Average precision was calculated to summarize the curve 
into one value that accommodates precision at every possible decision 
threshold.

Figure 9: Receiver operator characteristic curve for the proposed model 
trained with exterior exclusion.

Figure 10: Sample chest CT images of COVID-19 cases from the test set 
and their associated critical features (e.g., ground-glass opacities and reticular 
pattern) identified by the proposed model.
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� Discussion
In this study, a deep transfer learning model based on 

the EfficientNetB7²⁸ architecture was developed to detect 
COVID-19 from chest CT scans. While it’s common to scale 
up ConvNets to achieve better accuracy, the EfficientNetB7 
takes a unique approach that uniformly scales all three di-
mensions: depth, width, and image resolution. In contrast, the 
widely used ResNet can be scaled up from ResNet-18 to Res-
Net-200 by simply adding layers and thus depth. Additionally, 
most ConvNets put in practice are developed at a fixed resource 
cost and then scaled up to attain better accuracies. On the other 
hand, EfficientNet strived to create a more principled, simple, 
and efficient method to scale up a CNN by utilizing a simple 
but effective set of fixed compound coefficients. Furthermore, 
EfficientNetB7 has been proven to transfer well and achieve 
state-of-the-art accuracy on 5 out of 8 widely used datasets-
-all while reducing parameters by up to 21x than existing
ConvNets.²⁸ In this study, the proposed EfficientNetB7 trans-
fer learning model achieved a test accuracy of 92.71%.

To attain such an accuracy across a dataset as diverse and 
difficult to learn as the one employed in this paper, the fun-
damental issue in supervised machine learning known as 
overfitting⁵⁰ had to be surmounted. Four main methods of 
preventing overfitting were leveraged: data expansion, regular-
ization, early stopping, and reduction of network complexity.⁵⁰

Initially, the dataset used in this study only consisted of im-
ages from CNCB,³⁴ so overfitting was more likely to transpire 
due to lack of data diversity and high bias. Later, chest CT 
images were aggregated from TCIA ³⁵ and COVID-CTset ³⁶ 
to increase data diversity. As expected, data expansion made the 
greatest impact in improving accuracy.

Secondly, the exterior exclusion preprocessing algorithm 
served as a preventive measure against overfitting because of 
its regularization effect, which in turn helped with generaliza-
tion. However, it was found that exterior exclusion had only 
improved accuracy, recall, and F1-score by 0.23%, 0.81%, and 
0.15%, respectively, while decreasing the precision by 0.41%. 
This was especially surprising because contrary to popular be-

lief, reducing noise had actually harmed part of the model’s 
performance. It is hypothesized that because the dataset uti-
lized in this study was already diverse enough and therefore 
had a low bias, applying a regularizing effect through a compli-
cated augmentation was merely adding a touch of robustness 
to the model. The exterior exclusion augmentation was also 
programmed to apply to 50% of the images. The reason why 
it wasn’t applied to all 17,698 images in the dataset is that 
it distorted some images and completely removed the lungs 
along with the background. Hence, 50% might have been too 
much and caused gradient descent to behave erratically, thus 
hindering convergence. This is supported by the jagged plots 
illustrated in Figures 4 and 5. However, it is still hard to say if 
exterior exclusion would have helped if a bias in the data was 
present, the number of images it was applied to was lower, or if 
it was a combination of the two.

Early stopping was also implemented to stop training when 
the validation accuracy stopped improving. Validation accuracy 
was chosen to be monitored over other metrics such as loss be-
cause it was the least erratic and best represented overall model 
performance. The patience, or the number of epochs to wait 
before early stopping halted training, was set to 15 to accom-
modate for the exterior exclusion preprocessing algorithm’s 
regularization effect. Moreover, early stopping saved compu-
tational time.

Lastly, reducing the network complexity helped combat 
overfitting. The art of fine-tuning was a tedious process, but 
after experimentation with hyperparameters, it was found that 
a learning rate of 0.001 coupled with the Adam optimizer, a 
batch size of 32, image dimensions of 224 pixels by 224 pixels, 
and a fully connected layer with 512 neurons followed by a 
single-neuron fully connected layer presented the best results.

A principal objective of this study was to maximize gen-
eralizability so that if deployed in the real world, the model 
would still accurately predict completely unseen images. From 
a technical standpoint, collecting more data is the safest and 
most reliable way to achieve such a goal. Hence, images were 
aggregated from the aforementioned three distinct sources. 
However, this made the training process a much more rigorous 
task because the model had to learn several types of images 
and pick up patterns that would otherwise be consistent in 
a dataset with images from a single source. Consequently, it 
was unsurprising to obtain a relatively lower classification ac-
curacy of 92.71%. On the other hand, a considerably higher 
sensitivity of 95.79% was achieved--an attractive trait of deep 
learning-based diagnostics because of its improvement from 
RT-PCR testing methods. Since sensitivity is inversely pro-
portional to the number of false negatives, a low number of 
COVID-19 cases were missed--a principal objective in this 
study. High sensitivity also ensures that in the real world, sick 
patients will rarely be predicted as healthy. If the sensitivity was 
low, COVID-19 positive patients would often be diagnosed as 
healthy, so they could be sent home and further the spread of 

Figure 11: Sample chest CT images of normal cases and their associated 
characteristics identified by the proposed model.
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COVID-19. Thus, the high sensitivity presents an encouraging 
result which is vital for the clinical management of the novel 
coronavirus.

As portrayed in Table 1’s model classification report, the 
precision of classifying COVID-19 chest CT scans is com-
paratively lower than its sensitivity. While this does mean that 
the model will have a fair number of false positives, potentially 
leading to unnecessary treatment for healthy patients, it further 
ensures that extremely few COVID-19 patients will be diag-
nosed as non-COVID-19 cases.

In the interest of model transparency, a detailed visual analy-
sis was utilized in the form of various Grad-CAM techniques. 
As observed in the qualitative results presented in Figures 8 
and 9, respectively, the proposed model was capable of correct-
ly detecting key features relevant to COVID-19 and normal 
chest CT scans. Altogether, leveraging explainability tech-
niques opened the black box of deep learning.

While impressive metrics have been attained, there are still 
a number of future steps to take and limitations to consider. 
Firstly, an area of concern lies within the data. Chest CT im-
ages indicative of common pneumonia should be included in 
the dataset, so the model doesn’t misclassify common pneumo-
nia as COVID-19, which is possible because the two diseases 
contain similar features. The volume of data also needs to be 
increased, and although the current dataset has already been 
assembled from CNCB, TCIA, and COVID-CTset, supple-
mentary data from additional sources would further prevent 
overfitting, improve robustness, and enhance generalizability. 
Other data preprocessing techniques could also be experi-
mented with to reduce noise such as imaging artifacts or CT 
scanner beds. As a result, the model would base its decisions on 
more relevant indicators characteristic of COVID-19 such as 
consolidation, crazy-paving patterns, and ground-glass opac-
ities. Additionally, different network architectures could be 
experimented with, as this study only considered the Efficient-
NetB7 pre-trained model for transfer learning. Next, a useful 
tool to understand how successive ConvNet layers transform 
their input is intermediate class activation maps. This would 
aid in visualizing the model’s training process, so humans can 
validate the key patterns and features that are being learned. 
Subsequently, enhancing the current explainability algorithms 
to be more precise is a future step. Other popular visualization 
methods such as Layer-wise Relevance Propagation (LRP) or 
Contrastive LRP could thus be leveraged. Severity assessments 
or patient risk stratification could even be created based on 
infection localizations and identified features. Once all these 
measures have been taken, real-world deployment of the deep 
learning framework on a web application could complement 
RT-PCR testing methods and serve as a second opinion to 
radiologists, alleviating the burden on the healthcare industry.

However, it is worth noting that although deep learn-
ing-based chest CT diagnostics present higher sensitivities in 
comparison to RT-PCR, screening tools should be reserved for 
extreme cases where potentially COVID-19 positive patients 
are in an urgent need of an accelerated and more detailed form 
of diagnosis. Everyday testing should still defer to RT-PCR 
due to its ease of access and convenience.

This paper proposed a machine learning-based classifica-
tion of COVID-19. A novel approach taken in assembling a 
diverse dataset and employing a wide variety of explainability 
techniques increased model generalizability and transparen-
cy. Visual analyses also provided insight into relevant features 
pertaining to COVID-19 and healthy lungs, which may ben-
efit clinicians in CT lung screening. Finally, this study aims 
to encourage the continued research and development of 
COVID-19 in an effort to assist the healthcare industry and 
combat the global pandemic.
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� Introduction
Due to increasing global awareness regarding the havoc that 

unprotected sun exposure can have on our skin, sunscreen lo-
tions have become one of the fastest-growing aspects of the 
skincare industry.¹ As a matter of fact, in 2013, at a global scale, 
the sun care market generated 5.6 billion in US dollars and 
according to experts, is predicted to reach a staggering amount 
of 10.7 billion by 2024.² For nearly a hundred years, sunscreens 
have existed. They were created with the goal to block out the 
sun. Starting out, they were ashen substances made with zinc 
oxide that no one was keen on using, but scientists rose to the 
challenge and were able to create a sunscreen with clear chem-
icals. In the year 1944, Coppertone brand sunscreens became 
the first mass marketed sunscreen that people willingly used.³ 
Studies have shown that unprotected ultraviolet (UV) ray ex-
posure causes skin cancer and ages the skin prematurely, which 
highlights the importance of guarding our skin against it.³ 
There are three components to ultraviolet irradiation: ultravi-
olet A (UVA), ultraviolet B (UVB), and ultraviolet C (UVC). 
Whereas UVC is almost entirely absorbed by the Earth’s ozone 
layer, UVA and UVB still reach the Earth in amounts that are 
damaging to our skin. UVB in particular is more of a threat, as 
it penetrates the epidermis and the upper section of the dermis, 
damaging fibroblast cells, leading to photoaging, sunburn, and 
skin cancer. 

Within the industry, there are two types of sunscreens: phys-
ical (also called mineral or inorganic) and chemical (also called 
organic). Physical sunscreens reflect UVA and UVB rays and 
the two most common ingredients for this particular branch of 
sunscreens are titanium dioxide and zinc oxide. As for chemical 
sunscreens, they absorb the UV rays and prevent them from 
penetrating the skin and causing damage. These sunscreens 

often include actives such as oxybenzone, avobenzone, and 
octinoxate, to name a few main ones.

There are seventeen individual ingredients approved by the 
Food and Drug Administration for use as actives in sunscreens, 
and fifteen of them are clear chemicals that absorb UV rays. 
However, nine of these fifteen are known endocrine disrup-
tors that are chemicals that disrupt the function of human 
hormones which can be detrimental to our health and overall 
quality of life. Endocrine disruptors can cause the abnormal 
development of fetuses and growing children as well as low 
sperm count, infertility, and early puberty. Some can contrib-
ute to breast and ovarian cancer development and increase the 
chances of prostate cancer. The endocrine disruptors find their 
way into our bodies due to the nature of the sunscreen, being 
that it needs to be rubbed in. When they are rubbed in, they 
don’t sit directly on the skin, but rather sink in and are ab-
sorbed by the skin and swiftly reach the bloodstream. They can 
be detected in urine, breast milk, and blood at alarming levels 
for up to 48 hours after one application. This is because they 
scatter throughout the body, evading detoxification by the liver. 
What’s worse is that reapplication is necessary for them--some 
even lose 90% of their effectiveness within an hour.³ 

Additionally, because chemical sunscreens work by absorbing 
ultraviolet rays, some may mutate after being used up. Some even 
produce DNA-damaging chemicals referred to as free radicals 
which can lead to cancers.³ Moreover, according to EWG, 80 
percent of sunscreens contain oxybenzone.⁴ Unfortunately, 
sunscreen ingredients such as oxybenzone, benzophenone, 
and octocrylene are potentially skin carcinogenic or enter our 
bodies through our skin and contain other health risks.⁵

One may suggest using physical sunscreens and forgoing 
chemical sunscreens if they pose a health risk--however, these 
physical sunscreens have a detrimental effect on the health of 
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not only humans, but the planet. As mentioned, zinc oxide is 
a main physical sunscreen active ingredient and humans pile 
on physical sunscreens containing it and go for a swim at the 
beach, causing it to wash off their skin and transfer into the 
water. Mounting research on the subject suggests that zinc 
oxide causes severe coral bleaching, which damages both hard 
corals and their symbiotic algae.⁶ Unfortunately, this problem 
regarding sunscreens and the marine environment is not 
limited to physical sunscreens; chemical sunscreen actives such 
as oxybenzone also have harmful effects. One study showed 
that oxybenzone began causing severe damage to corals at 
the low concentration of a drop of water in six-and-a-half 
Olympic-sized swimming pools.⁷ Another study from 2016 
suggested that oxybenzone caused an increase in bleaching 
susceptibility, genotoxicity, abnormal skeleton growth due 
to endocrine disruption, and deformation in baby coral.⁸ 
The damage from sunscreen chemicals coupled with climate 
change spells disaster for corals and other marine life forms. 
Because 6,000 tons of sunscreen lotion washes off of tourists’ 
skin into Hawaii’s waters, the State of Hawaii passed a bill in 
May of 2018 that would ban sunscreens with oxybenzone and 
octinoxate, which took effect in January of 2021.⁹

In response to this bill and the overall uproar surrounding such 
active ingredients in sunscreens, companies began creating and 
marketing sunscreens as “reef-safe” by forgoing oxybenzone. 
However, these sunscreen companies use chemicals such as 
octocrylene, homosalate, and octisalate to replace it, which may 
be harmful to marine life. For example, one study in Science of 
the Total Environment found that octocrylene may adversely 
affect liver and brain development in zebrafish, making it not-
so “reef-safe” as it affects other forms of marine life instead. In 
fact, octocrylene has been detected--along with oxybenzone, 
octinoxate, etc.--in numerous fish species globally.¹⁰ Due to 
the effects of both physical and chemical sunscreens on the 
health of humans and the planet, a healthier, environmentally-
friendly, and efficient protection against UV rays is needed.

Recently, interest in herbal medicine and its research 
has grown at a global scale, as various herbal extracts are 
being shown to possess beneficial properties. Dandelion, or 
Taraxacum off icinale, is found in almost every region on Earth. 
It has been shown to possess many properties including being 
anticarcinogenic, antioxidant, and anti-inflammatory.¹¹ For 
centuries, dandelion extracts have been used in traditional 
Chinese and Native American medicine in treatments for 
cancers, hepatitis, and a variety of digestive diseases.⁵ Studies 
suggest that ingesting them may help fight inflammation, cut 
cancer risk, aid diabetes treatment, promote heart health, help 
in weight loss, promote bone health, improve liver health, 
boost immunity, prevent anemia, prevent water retention 
in kidneys, and help boost skin health.¹²,¹³ In addition, due 
to their high Vitamin C content, they are a great topical 
treatment in combating free radicals (that can be caused by 
chemical sunscreens) and treating aging skin. Due to its high 
alkaline levels, it can be useful in combating itching, eczema, 
and the bacteria that cause acne.¹⁴

Previous research suggests that dandelion extract possesses 
UV blocking capabilities.¹⁵ In the previous study, 0.6 ounces of

all the potential sun blocking substances were used to acquire 
results. However, the amount of sunscreen that is recommend-
ed by experts to use for an entire face is only a nickel-sized 
amount.¹⁶ A nickel-sized amount is approximately 2 mL, or 
0.067628 ounces. Thus, the measurements used to obtain re-
sults in the study were not truly reflective of the amount a 
person would use, which is why, in this experiment, the effica-
cy of dandelion extracts and Coppertone™ sunscreens of Sun 
Protection Factor (SPF)15,30, and 50 as UV ray blocking sub-
stances at the quantity of 2 ml were tested. Testing the efficacy 
of the substances in this quantity would provide a perception 
of how the dandelion extract and sunscreens would perform 
at the level recommended for use. This is important because 
companies could be tremendously aided while creating their 
products by this information--especially if they are doing so 
with dandelion extract in the future as a result of such studies. 
This is due to the fact that the amount of extract needed for 
proper UV ray protection is unknown. In addition, a lack of 
data analysis was noted in the prior study, which is why the 
results were analyzed using statistical analyses such as Analy-
sis of Variance (ANOVA) and Two Samples Assuming Equal 
Variance (t-test) in this experiment. 
� Methods

The materials required for the experiment were dandelion ex-
tract with a concentration of 0.93 g/ml, SPF 15 Coppertone™ 
sunscreen, SPF 30 Coppertone™ sunscreen, SPF 50 Cop-
pertone™ sunscreen, ultraviolet (UV) sensitive paper, as well 
as common household Ziploc bags. Thirty individual sheets 
of UV sensitive paper were set aside per sunblocker, including 
the dandelion extract, amounting to 120 papers used and 30 
trials. On each paper, 2 ml of its respective sunblocker (either 
dandelion extract, Coppertone™ sunscreen Sun Protection 
Factor 15, Coppertone™ sunscreen Sun Protection Factor 30, 
or Coppertone™ sunscreen Sun Protection Factor 50) was 
spread evenly in an area with no direct sunlight. In addition, 
there were 30 other papers that were used as a control group 
upon which no sun blocking substance was smeared. Each pa-
per was placed into its own individual plastic bag, taking care 
to not let the sun blocking substance smear onto the plastic 
of the bag’s interior, as the trial wouldn’t be fair if it occurred 
because the amount of the substance would no longer be equal. 
Once all 120 individual papers were smeared and put into their 
bags, they were left in the sunlight for fifteen minutes. All 30 
trials were conducted at the same time, due to the fact that 
if they were not, there would be another factor to consider: 
the conditions outside, such as the temperature and humidity. 
Though the papers were left for approximately five minutes 
while the others were being smeared or being put into bags, 
the chemical reaction does not occur until placed directly in 
the sunlight. Care was taken to ensure that the papers were not 
overexposed, as this would disrupt the reaction taking place 
and nullify the trial. 

The UV sensitive papers started out as a shade of blue, and 
once they were left in the sun with their sun blockers, a chemi-
cal reaction took place, causing the area around the smear (that 
was not smeared with the substance) to turn white. After 
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15 minutes, the papers were withdrawn from their bags to an 
area with no direct sunlight, with caution being exercised so as 
not to touch the smeared portion of them, and were deposited 
into a bath of pure water in order to halt the chemical reac-
tion taking place. For a full minute, each paper was kept in the 
bath. The papers were removed immediately once the minute 
was up to prevent discrepancies and overexposure to the water 
which could hinder the appearance of the actual reading of the 
UV light blockers. Each paper was then allowed to dry inde-
pendently. Once they were dry, the un-smeared portions of the 
paper returned to the shade of blue they were prior to sun-ex-
posure and the smeared portions showcased the UV protection 
each sun blocker had. A scale from 0-5 was used to grade each 
paper, with 0 being the best (lightest) and 5 being the worst 
(darkest), in terms of UV ray blocking (Table 1). Then, the av-
erage for each substance was calculated (Table 2). The papers 
were graded blindly in order to reduce bias. However, in or-
der to identify which paper had been smeared with which sun 
blocking substance, a D, 15, 30, or 50 was written on the back 
of each paper according to the substance they’d been smeared 
with before they’d been smeared. The papers used in the con-
trol group had a C on the back. 

� Results and Discussion
 The substance with the lowest amount of ultraviolet ray 

penetration turned out to be the dandelion extract, with an 
average of 1.233, and the substance with the highest level of 
UV ray penetration turned out to be the Sun Protection Factor 
(SPF) 15 Coppertone™ sunscreen with 4.166 as an average 
(Figure 1). The SPF 30 Coppertone™ sunscreen had an av-
erage of 3.1 and the SPF 50 Coppertone™ sunscreen had an 
average of 2.866 (Figure 1). In essence, the bluer the smear was 
on the UV sensitive papers, the less efficient the sun-blocking 
substance was, meaning that more UV light was able to pass 

through the substance. The results were analyzed by perform-
ing multiple statistical analyses, such as ANOVA and t-test.

The dandelion extract was found to have a significantly 
higher rate of UV protection (p<0.05) compared to all three 
other sunscreens tested (Table 3). The SPF 15 was conclud-
ed to possess significantly (p<0.05) lower rates of protection 
against UV rays. Even the SPF 50, the Coppertone™ sun-
screen with the highest protection tested, had significantly 
lower UV ray protection compared to the dandelion extract. 
However, the SPF 30 and SPF 50 Coppertone™ sunscreens 
were very similar to each other in terms of UV protection. This 
is due to the fact that SPF 15 blocks 93% of ultraviolet irradi-
ation, SPF 30 blocks 97%, and SPF 50 blocks 98%, leaving us 
with only a difference of one percent in SPF 30 and SPF 50’s 
UV blocking.¹⁷ Thus, the results of this experiment suggest 
that dandelion extract exhibits UV ray protection of over 98%.

Table 1 : Table containing the results of each individual paper as the grade 
given to them from 0-5, with 0 being the best and 5 being the worst in terms 
of the ultraviolet protection they showcased.

Table 3 : Table showcasing all statistical analyses performed on the 
obtained data and their respective p-values, including their interpretation.

Figure 1 : Mean of UV penetration by different sun blockers tested. Bars 
represent mean +SE and the different letters indicate significant (P< 0.05) 
differences among values obtained by performing statistical analyses.

Table 2 : Table containing the calculated averages of each of the sun
blocking substances.
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 This study also suggests that depending on the amount of 
sunscreen used, UV ray protection increases or decreases, and 
that this principle applies to dandelion extract as well; the more 
substance applied to the UV ray sensitive papers, the more UV 
ray protection was granted. This conclusion was reached by 
comparing the results of a previous experiment on this top-
ic in which 0.6 ounces of each substance was used instead of 
the 2 mL used in this experiment since the amount of sun-
block recommended for use by experts is a mere nickel-sized 
amount and not 0.6 ounces.¹⁵,¹⁶ Companies and experts could 
keep this information in mind if they decide to develop a sun-
screen utilizing dandelion extract to avoid the harmful effects 
that today’s sunscreens have both on our health and that of 
our planet. They could use this information accordingly when 
recommending the quantity of their product that a consum-
er should use. It’s worth noting that the papers were left in 
a backyard and though great care was taken to find an area 
that would receive the same amount of sunlight throughout 
the time period, a tree or animal may have cast a shadow over 
the papers unbeknownst to the researcher.

To expand on this topic, perhaps a different brand of sun-
screen could be tested in comparison to the dandelion extract, 
and perhaps a study could be conducted on the effects of dan-
delion extract on coral and other forms of marine life; though 
it’s natural, it may still have adverse effects on the undersea 
environment, and this is definitely something that could be 
further explored in the future. In addition, sunscreens with 
a Sun Protection Factor of over 50 could be tested, such as 
one with SPF 100 that blocks 99% of UV rays, to get a more 
accurate perception of what percent of UV irradiation the 
dandelion extract blocks, and another study could be done in 
order to identify exactly what percentage of UV rays dande-
lion extract blocks. Through the findings obtained from this 
experiment that were further analyzed via ANOVA and t-test, 
it could be inferred that dandelion is a cleaner, healthier, and 
more efficient alternative to sunscreens, being that dandelion 
itself is natural, beneficial for human skin, and seems to possess 
superior UV ray protection compared to esteemed SPF 15, 30, 
and 50 Coppertone™ sunscreens, as seen in this study.
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� Introduction
Bacteriophages are viruses that can infect specific bacte-

ria. Bacteriophage cocktails contain a mixture of two or more 
phages and are believed to have enhanced antimicrobial effects. 
Bacteriophages infects and kills bacteria by causing the cell to 
burst or lyse. Through injecting its genes into the bacteria, the 
phage is able to reproduce. The reproduction of phages within 
the host cell allows more phages to be released, going off to 
kill more of the bacteria. Phages carry a unique characteristic 
of being self-dosing and self-limiting. This means that bacte-
riophages have the ability to limit itself once there is no more 
host cell. The phage will go away on its own without any need 
of treatment or medication.

Bacteria have become increasingly resistant to antibiot-
ics making bacterial illnesses to be harder to treat. Antibiotic 
resistance is responsible for a rise in multiple deadly illnesses 
including but not limited to pneumonia and tuberculosis. An-
tibiotic resistance is a global crisis, threatening not only health, 
but also agriculture, causing food security and increased medi-
cal costs. Because of their unique ability to only infect specific 
types of bacteria without harming human cells, bacteriophages 
have been proposed as an alternative and sustainable antimi-
crobial treatment to address the issue of antibiotic resistance.

The approach of using phages to treat diseases is known as 
phage therapy.  “Bacteriophages could in theory be used in iso-
lation or combination when a single phage is not sufficient to 
treat a bacterial disease”¹ Cocktails containing multiple phages 
are expected to offer enhanced bacterial effects due to a phe-
nomenon known as phage synergy, where the viruses work 
synergistically to infect and kill bacteria. The phenomenon of 
synergy is complex and has not been studied often. It was found 

that this phenomenon is caused by the activity of a phage’s tail-
spike and the enzymes it contains. “A biological context for this 
augmentation is tailspike enzymes. Phage tailspikes commonly 
carry enzymes that degrade extracellular carbohydrates pro-
duced by bacteria, enhancing access to the cell surface”² Phage 
synergy therefore increases and speeds up the process of lysis 
causing more effective eradication of a target bacterium. 

Creating new antibiotics is very costly–pharmaceutical 
companies are reluctant to take it on because resistance develops 
so quickly, they can’t get a good return on their investment. 
Phages offer an attractive alternative to new antibiotic 
develop because they are the natural predators to bacteria 
and able to evolve to overcome their hosts defenses.They are 
also inexpensive to produce, safe for human consumption 
and sufficiently abundant to target a wide range of bacterial 
pathogens.

This project tests the potential of using combinatorial phage 
cocktails as a therapy on human embryonic kidney cells, or 
HEK cells. Phages T2 and T4 are used for the cocktail due 
to them being in the same family therefore having similar 
properties to increase phage synergy. The cocktail is introduced 
to the cells, and their effectiveness against E. coli is observed 
as well as their effect on the HEK cells. Phage T2 and T4 will 
also be tested separately against the E. coli and their individual 
efficacy compared against the cocktail.

Would a combination of phages be more effective against 
a target bacterium in HEK cells compared to one phage type 
working alone? Combining multiple phages from the same 
subgroup is hypothesized to more effectively kill the targeted 
bacteria compared to a singular phage type working alone and 
antibiotics because of the phenomenon of phage synergy where 
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one phage augments the properties of another in a cocktail 
of phages. Studying and experimenting with the interactions 
within a mixture of phages could broaden phage therapy and 
possibly strengthen phages as therapeutic agents.
� Methods
Bacterial Culture: 
E. coli was grown in LB broth overnight at 37°C in a

shaking incubator to an OD600 of 0.5. An OD600 reading 
of the E. coli was be done to ensure that the E. coli is in a 
good state to form a nice even lawn. An OD600 reading is 
an optical density reading at 600 nanometers using a spec-
trophotometer. Performing an OD600 reading estimates the 
concentration of the cells. An OD600 reading from the range 
of 0.5-0.7 is ideal.

Phage dilutions :
Bacteriophages T2 and T4 were purchased from Carolina 

Biological and diluted to the required titer by ten-fold seri-
al dilutions in 100µl of LB broth (1% w/v solution dissolved 
in water). Phage assays were performed using 10µl of diluted 
phage preparations.

Plaque Assay:
Plaque assays³ were performed in 12-well culture plates us-

ing the agar overlay method.⁴ Performing this assay results in 
plaque forming units (PFU) which are small holes that in-
dicate where the bacteria have been killed. Assay plates were 
poured with 1ml per well of LB-bottom agar (1% w/v solution 
dissolved in water). Soft top-LB agar overlay (1% w/v solution 
dissolved in water) was stored at 4°C and warmed to 45°C pri-
or to use. Phage assays were performed by preparing a bacterial 
overlay solution containing 0.5ml of E.coli and 4.25ml of soft 
top LB-agar (sufficient concentration to produce a bacterial 
lawn). For each well, 300 µl of the bacterial overlay solution 
was inoculated with 10 µl of diluted phage and carefully pi-
pette into the well, over the LB-Bottom agar. The soft agar 
tops were allowed to set at room temperature for 15 minutes 
before the plate was transferred to a 37°C incubator overnight. 
Plaques were visible the next days as holes in the surrounding 
bacterial lawn. Control wells consisted of untreated bacterial 
lawns. All experiments were carried out in triplicate with three 
technical replicates per assay plate.

Data Analysis:
Using the equation: PFU/µl = Number of Plaques Counted/ 

(Dilution x Volume of Diluted Virus Added)⁵ we were able to 
calculate the amount of plaque forming units per microliter for 
each phage individually and combined.

Human Cell Culture:
HEK cells were cultured on cell culture treated plastic in a 

growth medium containing DMEM supplemented with 10% 
FBS and 1mM L-Glutamine. Cells were maintained at 37°C 
in a humidified incubator in an atmosphere containing 5% 
CO₂. Confluent cells were passaged 1:4 at by standard trypsin 
passaging twice per week.

HEK Phage Assays:
HEK cells were trypsin dissociated, counted, and seeded 

into 24 well plates at a density of 3x10⁵ cells per well. Cells 
were treated 12 hours after plating with undiluted phage (T4 

(2.2x10⁹ PFU) 10 µl; T2 (7.3x10⁹ PFU) 10 µl; T4+T2 cocktail 
10 µl of each phage) and 1 µl of E.coli (cultured to an OD600 
of 0.5) for 24 hours at 37°C. Image analysis of HEK cell viabil-
ity was performed using a phase contrast microscope. Bacterial 
growth was assessed by measuring the optical density (OD) of 
the cell culture medium at 600nm using an absorbance plate 
reader.

Analyzing HEK Cells:
The HEK cells are to be visually analyzed and interpret-

ed. The phage’s effectiveness can be seen when looking at the 
amount of E. coli that was eradicated. 

To further analyze the effectiveness of the phages, OD600 
readings were done for the remaining E. coli after the assays.
� Results
Phage Cocktails composed of T2 and T4 bacteriophage did 

not display enhanced antimicrobial activity during soft overlay 
plaque assays:

We sought to determine whether treatment of bacteria 
with a combination of T2 and T4 would exhibit enhanced 
antibacterial properties during standard plaque assays. It was 
observed that the combination of phages did not eradicate as 
much bacteria compared to T2. Phage T2 alone showed the 
most effectiveness against the E. coli K-12 and phage T4 alone 
displaying the least effectiveness against the bacteria. Table 1 
shows the amount of plaque forming units per µl in the three 
trials of the standard plaque assays. The cocktail of phage T2 
and T4 did not appear to have enhanced antibacterial prop-
erties. Therefore, the phenomenon of phage synergy did not 
appear to be present.

Treatment of HEK cells with T2 and T4 bacteriophages did 
not cause adverse effects to cell viability or growth:

 To confirm T2 and T4 bacteriophages do not affect the hu-
man cells in any negative way, the phages were added with the 
HEK cells alone. Figure 3 shows the cells when exposed to 
the phages. The HEK cells did not display any adverse effects 
or abnormalities in health or growth when the phages were 
introduced. The phages did not affect the HEK cells in any 
negative way, which displays the phages’ therapeutic properties.

A combined cocktail of T2 and T4 bacteriophages demonstrat-
ed enhanced antimicrobial properties during HEK cell culture 
assays:

 Having determined that T2 and T4 bacteriophages do 
not adversely affect the general health, growth, or survival of 
HEK cells, we next sought to determine whether combinato-
rial phage therapy could be used to eliminate E. coli when in 
the presence of HEK cells. It was observed that both phages 
T2 and T4 individually failed to eliminate the majority of the 
bacteria. The combination of phages appeared to eliminate 
nearly all of the bacteria. The phage cocktail showed to be 
more effective against the bacteria and therefore displayed the 
phenomenon of phage synergy and phage therapy.

HEK cells when exposed to the E. coli alone:
A control was done with the HEK cells and the E. coli K-12 

alone. It was observed that the bacteria invaded the space of 
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the HEK cells, therefore limiting its area to grow. The phages 
having eliminated most of the bacteria, allowed the cells to 
grow more effectively. Figure 4 shows a graph of E. coli growth 
in HEK cell cultures following treatment with T2 and T4 bac-
teriophages. 
� Discussion
Bacteriophage cocktail in the plaque assay did not demonstrate 

antimicrobial properties:
 In the plaque assays, the combination of phages did not dis-

play strong antimicrobial properties. In the plaque assays, the 
hypothesis was shown to be incorrect since phage T2 formed 
a greater amount of plaques compared to the cocktail in all 
three trials.

Plaque assays did not exhibit the phenomenon of phage 
synergy:

 Phage synergy did not appear to be strongly present in 
the plaque assays, with T2 exhibiting more plaques compared 
to the cocktail. T2 eradicated so much of the bacteria that it 
made it difficult to obtain an average of plaque forming units. 
The average plaque forming units was 5.3x10⁹ PFU/µl for the 
phage cocktail and 1.5x10⁹ PFU/µl for phage T4. A more di-
luted form of phage T2 could have allowed the formation of 
clearer plaques instead of total destruction. Using a different 
ratio of T2:T4 also could have affected the results of the phage 
cocktail. Adding a greater amount of T2 could possibly allow 
the combination of phages to enhance their performance in 
the standard plaque assays.

Bacteriophage cocktail in human cells did not harm the cells:
The initial test with the HEK cells exposed to the phage 

alone showed that the phage did not affect the HEK cells in 
any harmful or abnormal way. After careful observation, it was 
concluded that in the presence of the HEK cells, the idea of 
phage therapy was able to be carried out. The cells remained 
healthy as the phages and the phage cocktail eradicated the 
E. coli.

In the culture assays, the phage cocktail displays phage
synergy:

In the experimentation with the HEK cells, phage synergy 
of the cocktail was observed to have eradicated more bacteria 
compared to both of the phages separately. According to the 
“Synergy as a rationale for phage therapy using phage cock-
tails” study: “Synergy alters the dynamics by increasing the 
growth rate of one phage in the presence of the other. This 
interdependence between the phages is the key to the mainte-
nance of both, but the interdependence alone does not ensure 
that both phages are maintained.” ¹

The phage cocktail demonstrates therapeutic properties:
Results from the human cell culture assays supports the initial 
hypothesis that due to phage synergy, a T2+T4 phage cocktail 
would exhibit enhanced antimicrobial properties against E. coli 
K-12 and would demonstrate therapeutic properties in pres-
ence of HEK cells. Referring to Figure 6 and 7, it was shown
that with the combination of phages, the average OD600
reading of the remaining bacteria is -0.012. This negative ab-
sorbance indicates that the concentration of bacteria present
is very low. Compared to phage T2 with an average OD600
reading of -0.009 and phage T4 with -0.009, the cocktail of
phages performed more effectively. 

Potential for combined phage therapy:
This experiment tested bacteriophages and its possibility to 
act as a therapy. The data demonstrated that phage synergy is 
present, although appears to be limited in effectivity.  Bacterio-
phage cocktails also displayed its potential by appearing to be 
safe to human cells while still eliminating the target bacteria.
Factors that could improve the phenomenon of phage syner-
gy includes having more phages from the Tevenvirinae family 
that could have been added to potentially increase the phage 
synergy. Another improvement to phage synergy could be 
done by choosing a better combination of phages. 

Further research would include using the modern technol-
ogy of genetic modification to modify a phage to allow it to 
become more effective as a phage therapy. Technology such 

Table 1 : Table of the three trials of the plaque assays and each trial’s average 
PFU/µl for phages individually and combined.

Figure 3 : Upper row contains images of HEK cell controls and with 
phages individually and combined. Bottom row contains images of HEK 
cells with E. coli K-12 and phages individually and combined.

Figure 4 : Graph of OD600 readings based on E. coli growth in HEK cell 
cultures following treatment with T2 and T4 bacteriophages.

Table 2 : Table containing the OD600 readings corelating to the graph 
of E. coli growth in HEK cell cultures following treatment with T2 and T4 
bacteriophages.
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on phage therapy could also be done to further investigate how 
phage therapy can be developed and used for bacteria derived 
illnesses such as tuberculosis and pneumonia.

The use of bacteriophages as a therapy, holds the potential to 
reduce the rising issue of antibiotic resistance while also pro-
viding a cost-efficient method of treatment.
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