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Letter From the Editors

 We are STEMY (STEM + Youth): a
student-run non-profit organization dedicated to
breaking gender, socioeconomic, & racial barriers
in STEM education across Louisville. Through our
multiple workshop programs & initiatives, we’ve
directly impacted the lives of over 1500 students
& will continue to spark a passion for STEM
among disadvantaged and underrepresented
students.
 We began as an after-school club at
duPont Manual High School that aimed to help
fellow peers with the science fair. However, after
about a year, we saw that outside of our own
high school, many other schools & programs
within Louisville did not receive as many
resources & access to STEM education. So, in
2017, we expanded into a 501(c)(3) non-profit
working to overcome these barriers.
Effective STEM education is not just
valuable to improve academic performance—
the right kind of learning influences students’
career options, worldview, and mindset. Highquality 
STEM experiences have been shown to
improve problem-solving skills, build confidence,
and motivate students to enter high-paying
jobs in the future. STEM programs like ours
lead participants to view the world through
an observation-based, curiosity-driven lens
and have the power to open minds that have
been closed by years of learning through rote
memorization.
 We do this through multiple programs,
initiatives, & workshops to reach as wide of an
audience as we can. Innovation is one of our
programs that aims to uplift high school student
research. Our two prongs of Innovation are the
Peer Mentorship Program & the Innovation
Journal. The Peer Mentorship Program, renewed
just this year, aims at connecting distinguished
upperclassmen highly experienced with student
research (such as placing or advancing to
the state, national, or international level) to
inexperienced student researchers. Mentors
help mentees get exposure to the process by
reading their papers, contacting labs/professors,
and giving quick tips and advice before Science
Fair Day. This program typically runs from

September to March and from there, we begin
the production of our annual, peer-reviewed
Innovation Journal. In fact, some of the papers
featured in this journal are products of the Peer
Mentorship Program. This journal’s purpose is
to showcase exceptional student research &
provide inspiration for others to pursue their own
investigation.
 Louisville itself provides multiple
opportunities for the world of student research.
Kentucky itself contests a strong culture of
research, sending more representatives in ISEF
than most other states. LRSEF, the regional
science fair, and DMHSRF, duPont Manual’s, work
to show how student research is an important
aspect in today’s STEM-oriented world. We highly
encourage you to try it yourself and to reach for
the stars!
 Innovation, just like our organization, is
created and produced entirely by students. We
cultivate strong partnerships among editors and
authors and give writers the unique opportunity
to publish high-quality, peer-reviewed work as
a high schooler. Through this journal, we hope
to spread our author’s innovative spirits and
phenomenal research throughout the community.
We believe that Innovation is a unique way to
expose Louisville to STEM, and we will continue
to produce and publish this journal for years to
come. Enjoy reading!

          Sincerely,
     The STEMY Innovation Team

Check out more about STEMY at www.stemy.org or follow @
STEMYLou on Instagram, Youtube, Twitter, and Facebook!
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Feature Article: Everlasting Curiosity and Research
Tanishk Natu

 The past two years have been quite 
unprecedented, resulting in increased uncertainty 
and disorder in the world. The advent of the 
coronavirus pandemic has reverberated throughout 
society, presenting everlasting challenges felt by 
the youth of the world. In times of such uncertainty 
and challenges, a quintessential characteristic of 
humanity shone through like a beacon: the light of 
curiosity.
 Curiosity was present when inquiring 
eyes searched the sky, seeking perspective. It 
was present when humanity traversed across 
continents, populating the world. It was present 
when persistent hands assembled filaments inside 
glass, introducing artificial light to the world. Not 
only did curiosity mold and shape humanity in the 
past, but it is also a guiding light during the present 
day. Curiosity was present when tireless scientists 
worked to sequence the SARS-COV-2 genome 
and developed a vaccine at breakneck speed. In 
essence, curiosity represents the drive for humanity 
to continuously attain knowledge, whether it be 
inquisitive eyes scouring the sky or huddled, coated 
scientists on the verge of discovery. In contrast to 
the variability of the world, the curious aspect of 
humanity will always remain a continuity.
 The spirit of curiosity and innovation is best 
encapsulated in the realm of scientific research. 
Thinking of intensive scientific research conjures 
images of complicated academic research papers 
and white-coated scientists huddled with beakers 
or complicated machinery. However, the essence 
of even the most intensive scientific research 
involves a question- “How does the amount of 
fertilizer affect plant growth?” or “How can the 
accuracy of this algorithm be improved?”. These 
questions serve to express the overarching goal 
of the research project and help to situate it 
appropriately. Next, the researcher must present a 
hypothesis, which is essentially their prediction of 
the results of the research project - “if fertilizer is 
increased, then plants will grow to a greater extent, 
because fertilizer serves to provide nutrients to 
the plants, facilitating growth.”  In coming up with 
a viable hypothesis, the researcher may utilize 
prior knowledge and past research. Following 
the hypothesis, the researcher may consult past 

research to design an experiment to successfully 
test the hypothesis- this is outlined in the 
introduction and methodology papers. With the 
designed experiment and background information 
in mind, the researcher then performs the 
experiment with repeated trials. The results of the 
experiment are outlined in the results section, and 
any conclusions drawn from it are communicated 
in the conclusion paper. While this process seems 
straightforward and entirely sequential, it is 
necessary to incorporate the element of variability 
in every research project. It is very rare that the 
experiment goes entirely to plan: changes often 
have to be allotted and experiments have to be 
edited. However, these changes are essential 
for building perseverance for the researcher and 
improving the quality of the research project. 
Finally, the researcher must present their project 
to others, whether it be submitting their research 
to a reputable journal or presenting their project 
in front of others. In total, it takes many skills to 
be a researcher: one must be curious (wanting to 
attain new information), innovative (successfully 
designing an experiment modeled after the 
research question), persevering (incorporating 
edits and changes to their project when the 
experiment doesn’t go entirely as planned), and 
a skilled communicator (to present their research 
successfully to others). 
 Research is a vast, multi-dimensional 
field that serves to take the element of human 
curiosity and utilize it in a controlled, structured 
way to attain new information. STEMY, an entirely 
student-led nonprofit, was founded to mitigate 
the socioeconomic barriers present in education. 
One method of accomplishing this is exposure 
to research, which can benefit students to attain 
a deeper understanding of the scientific process 
and channel their innate curiosity. By designing, 
editing, and publishing this journal, STEMY aims 
to showcase the ingenuity of multiple talented 
student researchers and lead the charge in 
presenting research to a wider audience. In doing 
so, STEMY aims to illuminate and showcase the 
quintessential component of humanity- everlasting 
curiosity. 
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Feature Article: How COVID Impacted My Science Fair Experience
Kerry Wang

 I attended St. Gabriel, a local private school, 
from Pre-K until the 8th grade. It wasn’t a very big 
school nor did it have a large STEM department. 
We never had a Science Fair and weren’t ever asked 
to conduct our own research. This meant that I 
walked into Manual with little to no experience or 
knowledge on how Science Fair worked or what 
was expected of me. In addition, Covid hit hardest 
March 2020, which was during my 8th grade year. 
The impact was most evident, as I entered Manual 
virtually, attending my first class through a laptop. 
NTI (Non-Traditional Instruction) continued as 
Covid thrived, and with few friends I could seek 
advice from, I had no clue how Science Fair would 
work, or what I could do. A huge crutch was my 
freshman physics teacher, Mrs. Conti, who was well 
versed in the field of science. Even during NTI, she 
led us through Science Fair––which for many of us 
was our first year––step by step, making sure to be 
available whenever we needed her help. She taught 
us now to create a control, write our research 
paper, and how to perform a t-test. For me, the 
most difficult part was brainstorming an experiment 
fit for my topic. However, with Mrs. Conti guidance, 
she provided  me with several tips on how I 
should approach and test my hypothesis. Another 
obstacle many faced, including me, was accessing 
a lab and resources during a global pandemic. The 
pandemic was certainly a huge setback for many 
projects, but ultimately, everyone found a way to 
overcome the challenges it brought. Near the end 
of February, my first ever Science Fair project was 
completed. It focused primarily on the  effects of 
gravity on scoliosis and what factors contributed 
to the progression of curves. This was tested using 
an inversion table that was purchased online, and 
although it wasn’t necessarily a complicated project, 
it gave me perspective and new knowledge on how 
I should approach my project for sophomore year. 
In addition, when we finally returned to in-person 
school at the end of my freshmen year, it provided 
me and everyone around me with the opportunity 
to familiarize myself with everyone and make new 
friends. Personally, I made many new friendships all 
of whom came from a variety of different schools. 
Some had competed in a Science Fair previously 
while others were in similar circumstances as 

me. While Science Fair to some may seem like 
a burden (or an unnecessary requirement) many 
benefits may result from it. Before Science Fair, 
my knowledge on t-tests and conducting my 
own experiment and research was rather limited. 
However, as I delve deeper into my research, I 
learned much more than I anticipated. It’s very 
important to select a topic that both interests you 
and motivates you. Otherwise, it can seem like a 
waste of time to spend half the year working on 
something that doesn’t inspire you or concern you. 
Overall, the skills you are able to gain during this 
experience will assist you in many different ways 
as you venture out and explore other aspects or 
fields of STEM.
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The Role of Circadian Clock in Lifespan Extension 
by Dietary Restriction In Drosophila

Amina Puzhakkaraillath
duPont Manual High School

9th, Louisville, Kentucky

ABSTRACT

 The purpose of this project was to find 
out whether Circadian Clock Genes have an 
effect on lifespan expansion with mediated 
dietary restrictions in Drosophila Melanogaster. 
Current research shows that dietary restrictions 
in Drosophila can extend lifespan, but the effect 
of the removal of Circadian Clock rhythms are not 
known. The experiment had two groups of flies; 
ClkJrk do not have the circadian clock genes,and 
the Wild Type are regular flies, both groups were 
split into three and then fed the same diet groups: 
five sugar per one yeast, five sugar per five yeast, 
five sugar per 20 yeast. The five sugar per one 
yeast was the low nutrition diet, the five sugar 
per five yeast was the dietary restricted diet, the 
five sugar per 20 yeast was the normal diet. Vials 
were checked every two days for deaths, and the 
deaths were logged, and this occurred till the death 
of the last fly. The 1SY diets showed an average 
lifespan of 32.5 in the wild type and 28 for the 
ClkJrk. The 5SY on average lifespan is 72 for the 
Wild type and 68.88 for the ClkJrk . The 20SY on 
average lifespan is 65 for the Wild type and 58 
for the ClkJrk. There was a statistically significant 
difference in lifespan between the ClkJrk, and 
the Wild type. The Wild type flies have a longer 
lifespan and there is a 14% difference on average 
between the Wild type, and the ClkJrk. 

Keywords: Lifespan, ClkJrk, Wild type, Drosophila

INTRODUCTION

 The purpose of the project was to see 
the effect Circadian Clocks have on Drosophila 
with different diets. Drosophila Melanogaster, 
also known as fruit flies, are going to be used for 
experimentation as they typically live for 50-60 
days(orkin), and several tests can be done in a 
small amount of time.  Drosophila are also easily 
breedable so several trials can be conducted 
without wasting lots of resources.  Drosophila 
receptor protein, tyrese, has proven to be affected 
by the removal of circadian clock genes causing the 
removal of sleep cycles (Agrawal, 2016).The fruit 
fly is a useful organism for the investigation of the 
mechanics which dietary restrictions (DR) extends 
lifespan (Partridge, 2005).Dietary restriction (DR) is 
defined as a reduction of particular or total nutrient 
intake without causing malnutrition(Katewa 2019). 
 The flies will also be kept at the same 
temperature in vials so there will be no difference 
in living place, they will all have the same 
environment. The lab will be providing a specific 
type of drosophila without circadian clock genes, 
called JIRK Drosophila. .The experiment will utilize 
two types of flies, Drosophila without circadian 
clock genes, and normal wild type Drosophila. 
 The Experimental and Control groups will 
be split into 3 groups, and fed 3 different types 
of diets. The first diet being malnourished with 
5% nutrition, the second being dietary restricted 
with 25% nutrition, & the third diet being 100% 
nutritioned.
 Food can cause the opposite effects 
on lifespan. The third group is the normal diet 
intake group, which will allow for the flies to eat 
however much they normally eat, and they will 
live the normal amount of time and will serve as 
the control. In this project, all of the flies will get 
the same amount of food, but different amounts 
of nutrition will be in this food, showing us the 
danger empty calories have on humans. This can 
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help others understand the effect certain levels 
of eating have on the lifespan. These diets were 
chosen to see the effect that Circadian clock genes 
have on drosophila. 
 Circadian clock genes are in control of your 
body’s internal timing systems. Circadian clock 
genes are on a 24 hour cycle for both humans and 
Drosophila alike. For example, they dictate when 
you need to eat and drink. Turning off the circadian 
clock genes will show whether it is important to 
have them, and if eating patterns are important for 
overall longevity. By turning off the Circadian clock 
genes, the effect of diet on drosophila can be more 
closely examined, since time no longer affects 
results. This experiment will see if there is a direct 
correlation between how much Drosophila eat and 
their circadian clock genes. This data can then be 
extrapolated to humans, due to the similarities. 
These genes have already proven to be important, 
but it is crucial we see if there is a link between 
this. This data could show the public that eating 
nutrient rich foods affects our life span a lot more 
than we think.

METHODOLOGY

 This experimentation was conducted 
at the University of Louisville, because some 
resources could not be received without proper 
lab certification. First the flies with and without 
circadian clocks were separated into 3 groups, 
then assigned a diet. The three diets used for this 
experimentation were: the 5 sugar per 1 yeast, 5 
sugar per 5 yeast, and 5 sugar per 20 yeast. There 
were 16 vials of each diet, or 8 per type of fly. 
The flies were consistently fed the same diet to 
ensure the results were only reliant on the type of 
food, & the status of the circadian clocks. The flies 
were fed every other day. The vials were changed 
to ensure the food quality was not a factor in 
the results. The changing of the vials started  by 
repeatedly hitting the vial on the table lightly, to 
keep the flies from escaping. After the vial was 
flipped over and once again hit on the table lightly 
to ensure all of the flies were in the new vial, the 
old vial now aligned on top of the new vial was  
taken off, and a  new cotton ball was added. The 
old vial was disposed of properly.If any flies were 
dead when flipping, they generally stuck to the old 
food, meaning they were marked if they are dead 

in the old vial, or in some cases they don’t stick 
and the dead flies are transferred to the new vial 
where they are logged. When the flies died during 
the experimentation, they generally stuck to the 
food, but in some cases they did not so they were 
transferred to the new vials. This is because they 
can not be removed or else the flies that are alive 
will escape. The flies that are moved to the new 
vial are marked as carried.There were 3 columns for 
the logging of the flies: carried- indicating the dead 
files transferred to the new vial, deceased- meaning 
they are dead and disposed of, and  censored- 
meaning the data for one of the flies can not be 
used, because the flies either escaped or were 
killed. Censored indicates the death of the flies due 
to human error, rather than experimentation. The 
food was made every week to reduce the chances 
of  bacteria growth, as the diets with higher yeast 
contents were very susceptible to this issue. In 
the case of bacteria growth, 100 microliters of 
antibiotics were placed on the food to maintain 
result validity. This occurred for around 2-3 months 
which is the average length of the lifespan of the 
fly.

DATA & RESULTS

Figures 1 & 2
The Survivorship of Drosophila Melanogaster vs. Age, data 
in table supports graph (Comparing the types of flies with 
the same diets)
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For understanding these graphs it’s imperative 
to understand Wild type in this case meant 
Drosophila that have circadian clocks, and Mutant 
is flies that do not have circadian clocks. These 
results show that the Wild type malnourished 
and the Mutant malnourished have a 10 percent 
difference in lifespan, but contrary to that the 
Wild Type control and the Mutant control have 
a 20% difference, where the Mutant have the 
higher lifespan. The Wild type dietary restrictions 
have .83% difference, but these results are not 
significant because of the high value log-rank test. 
The two other diet groups did have low enough 
p-values to be considered a significant difference. 
The chi square value is just another number that 
proves significance, the higher the ChiSquare the 
more the significant the value.

Figures 3 & 4
Survivorship of Drosophila melanogaster vs. Age , 
(Comparing the Control to the Experimental group)

These results both prove high significance because 
of their low p-values. The wild type control and 
dietary restriction had a 36.49 percent difference, 
but the mutant control and dietary restriction only 
had a 14.36 percent difference. This proves that 
the wild type group had more of an effect with 
dietary restrictions, than the mutant. 

CONCLUSION
 The purpose of this project was to find out 
whether Circadian Clock Genes have an effect 
on lifespan expansion with mediated dietary 
restrictions in Drosophila Melanogaster. The trials 
consisted of two types of flies: Wild type(control), 
and ClkJrk (Experimental) . Both groups of flies 
were split into three groups for the three different 
diets:  first diet being malnourished with 5% 
nutrition, the second being dietary restricted 
with 25% nutrition, & the third diet being 100% 
nutritioned.
 All three groups that were split from 
the wild type flies are part of the control group 
and all the ClkJrk flies are experimental. It was 
hypothesized that the flies in the wild type 
control group will live longer than the flies in the 
experimental group. 
 Overall, the hypothesis was supported by 
the data. The data from the lifespan of the Wild 
type and ClkJrk showed a significant difference, 
that did in fact support that the Wild type flies 
lived longer than the ClkJrk. It was also that the 
5 sugar per 1 yeast lived the shortest lifespan, 
the 5 sugar per 5 yeast lived the longest lifespan 
and 5 sugar per 20 yeast lived a normal lifespan.
For comparison the Control group was on average 
14% longer lifespan than the ClkJrk lifespans. 
For example there was a difference by 4 (in days) 
between the ClkJrk and the wild type for the 5 
sugar per 1 yeast. Similarly there was a difference 
by 8 between the ClkJrk and the wild type for the 
5 sugar per 5 yeast. In conclusion all three diets, 
especially the 5 sugar per 5 yeast diet that the 
ClkJrk had a longer lifespan compared to the Wild 
type. 
 The likely explanation as to why this 
occurred is that circadian clock genes are 
necessary for life as circadian clock genes control 
circadian rhythms. Circadian rhythms in flies are on 
a 24 hour cycle, like humans are. By removing the 
clocks the flies had no sense of when they should 
do certain things such as  sleeping or eating. 
This experimentation can be further expanded 
upon by testing in larger groups as well as testing 
with organisms with longer lifespans, and much 
more similarity between humans.     
 Further experimentation could be done to 
see if temperature affects the circadian clock genes 
when they are enhanced. Experimentation to see 
what enhances Circadian clock genes and makes 
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them stronger, as well as doing further testing on 
the enhancements that work the best, is another 
possible further step. 
 Furthermore if this research were to be 
redone, it would be important to check the vials 
more consistently. The normal 20 yeast 5 sugar 
diets are very susceptible to having bacteria 
growth, when there is a high yeast content bacteria 
is highly likely to grow. Checking the vials for 
bacteria growth is important as lots of flies can die 
if the bacteria isn’t treated. By adding antibiotics 
weekly a lot more data can be kept, and not left 
out of the graphs, because of the bacteria growth.
The food should also not be made in advance, 
as the food is also likely to gain bacteria growth, 
because it is sitting for so long. It should only be 
made when all food has run out.
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A Novel Approach At Detecting And Classifying 
Arrhythmia in ECG Data by Utilizing LSTM

Jahan Taila
duPont Manual High School

9th, Louisville, Kentucky

ABSTRACT
 This project presents a novel deep 
learning algorithm that serves the purpose of 
detecting and classifying cardiac arrhythmia in 
electrocardiogram (ECG) data. Cardiac arrhythmia 
is a severe worldwide health problem, accounting 
for nearly 20% of all fatalities. With the early stage 
detection and consistent treatment, this could 
be easily prevented. However, understanding 
arrhythmia is a complex and arduous task, due to 
every patient’s condition being directly influenced 
by numerous factors such as their diet, health 
history, age, physique, and genetic inheritance. 
Standard ECG machines fail to account for these 
factors, and instead only determine anomalies in 
the current cardiac cycle, frequently producing 
false negatives and misclassifying cardiac 
arrhythmia as a normal heartbeat. Furthermore, 
most arrhythmia patients are asymptomatic, which 
makes it difficult for less experienced doctors and 
ECG machines to detect. As a result, this project 
focuses on the design and implementation of a 
new algorithm for ECG machines. In contrast to 
typical approaches, this algorithm utilizes largely 
overlooked, unconventional methods, and puts a 
focus on accuracy over efficiency. Instead of being 
stored in binary encoding or XML, this algorithm 
converts ECG data into time-series data. The 
algorithm employs an LSTM Autoencoder, allowing 
the model to perform automatic high-level feature 
extraction and data classification on the time series 
data. These components combine to form a highly 
durable framework for the algorithm, maximizing 
accuracy and enabling a high level of persistence. 
When compared to standard ECG algorithm 
accuracy (67%), this algorithm performs at a 
significantly better accuracy (96%). 

Keywords: Arrhythmia, LSTM, Deep Learning, 
Autoencoders, ECG, Recurrent Neural Network

INTRODUCTION
 It has been estimated that worldwide, over 
30 million people suffer from cardiac arrhythmia. 
In the United States alone, more than 4 million 
individuals suffer from this disease annually, adding 
to the already rapidly increasing total (Arrhythmia 
Alliance, 2020). Arrhythmia is a cardiovascular 
condition characterized by an improper heart 
rhythm, arising when one’s heart beats either too 
fast or too slow, resulting in abnormal electrical 
impulses being transmitted through the heart.
Arrhythmia can be treated, but only if diagnosed 
early (Arrhythmia | Atrial fibrillation, 2021). 
Otherwise, arrhythmia frequently has catastrophic 
repercussions, such as an increased risk of cardiac 
arrest and stroke. Research suggests that constant 
patient care, monitoring, and evaluation are 
critical factors in a patient’s health (Beckerman, 
2021). However, understanding arrhythmia is a 
difficult and time-consuming task because each 
patient’s condition is shaped by a multitude of 
factors, including nutrition, health history, age, and 
physique. As a result, ECG machines are utilized 
in hospitals and clinics to provide a quick and 
efficient diagnosis of a cardiac condition. 
 An ECG machine monitors electrical 
impulses in the heart to determine how fast the 
heart is beating (All About The Electrocardiogram, 
2021). This is accomplished by attaching 
electrodes to a patient’s chest, which are then 
connected to the ECG machine through lead 
cables.  The issue with typical ECG machines 
is that their results are frequently inaccurate. 
According to a study published in JAMA Internal 
Medicine, the median accuracy in detecting 
arrhythmia across all ECG machine algorithm 
training levels was just 54%, with an average 
of a 67% point margin (David A. Cook, 2020)
The interpretation of ECG data by a cardiologist 
resulted in a marginally greater accuracy level of 
74%. Although a cardiologist’s interpretation of 
ECG data is superior to that of an ECG machine, 
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it is still poor and unsatisfactory in terms of 
accuracy. One of the main issues associated with 
the low accuracy of ECG machine results is their 
algorithms putting a focus on speed over accuracy. 
ECG machines tend to only look at irregular 
heartbeats in the current cardiac cycle, which is 
only ≈0.8 seconds. The issue with this analysis 
is that the ECG machine’s algorithm would treat 
each of these heartbeats separately, rather than 
considering the heartbeats as a whole. This would 
prevent any recurring patterns in the ECG data 
from being evaluated, resulting in a misdiagnosis 
of arrhythmia as another cardiovascular problem 
or the arrhythmia going undiscovered. As a result, 
these factors not only waste crucial time needed 
for the successful treatment of a patient but also 
provide opportunities for medical error among less 
experienced doctors. 
 Another issue that makes arrhythmia harder 
to identify is that most patients are asymptomatic 
or have very few symptoms. If a patient does 
develop symptoms, they may experience chest 
fluttering, lightheadedness, chest pain, or shortness 
of breath. These symptoms are suggestive of various 
cardiovascular conditions such as heart disease, 
stroke, and cardiac arrest, making diagnosing 
arrhythmia in patients even more difficult. 
 The problem with current ECG algorithms 
at diagnosing arrhythmia is that they: (1) lack 
persistency when analyzing ECG data, (2) fail 
to account for numerous factors that influence 
one’s heartbeat, (3) are difficult for cardiologists 
to understand, (4) treat each cardiac cycle 
independently, (5) are time-consuming for 
cardiologists to analyze, (6) lead to a misdiagnosis 
of Arrhythmia as other cardiovascular diseases, (7) 
provide inaccurate results, (8) prioritize speed over 
accuracy, (9) prevent heartbeat patterns from being 
properly analyzed, and (10) often misinterpret the 
severity of Arrhythmia. Therefore, the purpose 
of this project is to develop a novel algorithm 
that would address the factors listed above. This 
algorithm would be built using unconventional deep 
learning techniques such as LSTM Autoencoders 
and Time Series data to ensure a high level of 
accuracy and persistence when analyzing the ECG 
data. The algorithm would be able to accurately 
detect and classify arrhythmia in the ECG data with 
a higher level of persistence when compared to 
standard ECG algorithms. Unlike current algorithms, 

which prioritize speed above accuracy, this 
approach would accomplish the reverse, increasing 
the time required for a conventional ECG exam 
from ≈5-15 minutes to ≈20-35 minutes. Previous 
studies indicate that treating each cardiac cycle as 
a totality and performing ECG exams for a slightly 
prolonged period of time can result in substantial 
improvements in both the accuracy of ECG results 
as well as the performance of the ECG machine 
when compared to standard practices. 
 This deep learning approach of utilizing 
LSTM Autoencoders for detecting arrhythmia is 
ECG data is not commonly applied, and substantial 
research has not been conducted as to how 
LSTM Autoencoders and Time Series data might 
improve the accuracy of ECG machine algorithms. 
By employing LSTM autoencoders to identify and 
categorize arrhythmia, each autoencoder layer 
is able to attempt to learn a reconstructed input 
from its previous data state. This means that the 
algorithm will constantly improve based on prior 
predictions, ultimately resulting in a very high 
accuracy. The overall goal of this project is to 
develop a novel algorithm that is able to accurately 
detect and classify arrhythmia in ECG data, and, 
perhaps, will be used in a hospital setting one day. 
The Intensity Threshold serves as a “boundary” for 
determining whether an ECG signal is abnormal or 
normal. The program treats the ECG data (which 
has been transformed into time series data) as 
a binary classification task. If the reconstruction 
loss of the ECG data is less than the Intensity 
Threshold, the heartbeat is considered normal; 
otherwise, the heartbeat is considered abnormal. 
The Intensity Threshold has four levels (24, 25, 26, 
27), allowing for precise evaluation of which level 
results in the highest accuracy and the lowest false 
negative rate. In contrast to standard methods, 
this technique allows for a relatively minimum 
misclassification of ECG data and ensures that no 
ECG data is overlooked. A local virtual environment 
will be created to simulate an ECG machine and 
compare this approach to standard ones. Ideally, 
this algorithm will serve as a foundation for future 
advancements in ECG algorithms, and may even be 
integrated into an ECG machine.



13

METHODOLOGY
 A Windows 11 PC was chosen as the 
workstation due to its accessibility and strong 
Graphical Processing Unit (GPU), which ensures 
the fast and efficient training for the reconstruction 
of ECG data. The Python programming language 
was chosen as the programming language for 
this algorithm due to its extensive package library 
and its relations with artificial intelligence and 
scientific computing. Google Collab was chosen 
as the Integrated Development Environment 
(IDE) because of its accessibility (it runs on the 
web) and its notebook style of scripting. Google 
Collab provides an internet-based GPU that, 
when combined with the desktop GPU, enables 
quick training and testing of the algorithm. The 
algorithm’s training data is derived from PhysioNet, 
a publicly accessible database consisting of ECG 
data from real patients. There are two datasets 
in the database, which contain a lot of the same 
data. Each dataset has five distinct heartbeat 
classes (Normal, R on T, PVC, SP, UB). In the 
training process, Pandas is used to convert the 
training data from Binary Encoding to Time Series 
data. After converting the data, the two datasets 
are shuffled and merged to form one large-scale 
dataset. Bad data (or improperly formatted ECG 
signals and repetitions) is eliminated from the 
dataset. The training algorithm eliminates this data 
because it is not an accurate representation of 
the ECG data as a whole. In a real-world, clinical 
environment, the algorithm would not erase any 
data, instead classifying any incomprehensible data 
as undefined. The training process then conducts 
Exploratory Data Analysis (EDA) on the ECG data 
and categorizes the various heartbeats into distinct 
types. Finally, the training function discards any 
data that does not correlate to the target value of 
[12,8] or [1,-1].  
 Once the algorithm has access to the ECG 
data, it must compute the standard deviation of 
each heartbeat class. This is necessary because 
the algorithm must know the variance at various 
time intervals in the ECG data. The standard 
deviation will also be applied to analyze the LSTM 
autoencoder’s target value. Additionally, the 
standard deviation serves as an approximate visual 
representation of each ECG class. NumPy is used 
to calculate the 2 standard deviations for each 
heartbeat class (one on top, one on the bottom). 

Figure 1
Seaborn Lineplot illustrating the standard deviation of each 
Time Series class

 Figure 1 illustrates the standard deviation 
of each heartbeat class (1 on top, and 1 on 
bottom). The X-axis represents the time (in 
milliseconds) of each cardiac cycle, while the 
Y-axis represents the surface potential of electrical 
activity (in mV). The dips show the variance of the 
ECG data.
 In order to properly format the data for 
statistical analysis, the data is merged and split 
into a time series array of 2081x140. The time 
series data is then passed through an LSTM 
Autoencoder. An LSTM Autoencoder is a type of 
Recurrent Neural Network (RNN) that is primarily 
designed to support incoming data sequences. 
This algorithm is organized into an Encoder-
Decoder architecture, which is used to predict 
output data sequences as well as to accommodate 
variable length input sequences. When compared 
to typical ECG methods, this approach supplies 
the algorithm with a high level of accuracy and 
allows for persistence when evaluating each data 
series.

Figure 2
LSTM Autoencoder architecture for the algorithm
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 Figure 2 demonstrates the LSTM 
Autoencoder architecture for the algorithm. The 
autoencoder commences with an input sequence 
of time series data (orange). Next, the data is fed 
into an Encoder function, which compresses the 
data (blue). Because the data is being sent into the 
algorithm from the ECG machine in real time, it 
needs to be compressed. Finally, the compressed 
data state is fed into the Decoder function, which 
makes a prediction determining if the heartbeat 
is normal or an anomaly (based on the Intensity 
Threshold). 
 Every patient’s case is different and 
Arrhythmia is shaped by a multitude of factors, 
all of which can potentially change the course of 
someone’s heartbeat, thus, an additional metric in 
the LSTM Autoencoder was needed. This metric 
was needed not only to increase positive patient 
outcomes by improving the algorithm’s accuracy, 
but additionally in order to provide a sense of 
redundancy for the LSTM Autoencoder, in the 
event that it is uncertain whether a heartbeat 
is normal or abnormal. That is why an Intensity 
Threshold is defined in the Decoder section of the 
LSTM Autoencoder. The LSTM Autoencoder calls a 
binary classification function that the algorithm can 
fall back on in the event that its confidence level 
for a given heartbeat analysis is below the Intensity 
Threshold. 
 Once the algorithm can identify whether 
a heartbeat is normal or abnormal, it must be 
trained to assess whether or not a patient has 
arrhythmia. The testing and training data are 
drawn from the MIT-BIH Arrhythmia Database, 
which comprises hundreds of thousands of real-
world arrhythmia occurrences in patients. This 
data is particularly useful because it contains 
a vast amount of arrhythmia patterns that 
demonstrate the relationship between normal and 
abnormal beats (someone with 1 abnormal beat 
doesn’t mean they have arrhythmia). This data is 
aggregated with the prior PhysioBank dataset to 
form a single large dataset containing arrhythmia 
patterns, normal patterns, and some inconclusive 
patterns. The MIT-BIH data is converted into 
Time Series arrays and parsed into the LSTM 
RNN. This supervised learning approach ensures 
high levels of accuracy, because the LSTM RNN 
is able to make predictions regarding whether 
or not a patient has Arrhythmia, and to compare 
those to the real case. The Batch Size is set at 1 

to simulate how the algorithm would operate in a 
hospital context, taking one batch of cardiac cycle 
sequences at a time. The function also minimizes 
the Mean Absolute Error (MAE) because it 
performs better with a Mean Squared Error (MSE). 
The function models the effects of incoming inputs 
on the neuron (in this case, the heartbeat) using a 
system of ordinary differential equations. By using 
this modified RNN, the algorithm is able to loop 
over the arrhythmia pattern and see if a cardiac 
cycle matches it. This allows for a very minimum 
error range, as the algorithm is able to iterate over 
itself to determine whether or not a patient has 
arrhythmia. 

Figure 3
Modified Recurrent Neural Network (RNN) architecture for 
the Arrhythmia detection algorithm

 Figure 3 depicts the functionality of the 
arrhythmia detection algorithm. The function 
commences with an input sequence (purple). 
For testing purposes, this input sequence is 
represented by the MIT-BIH dataset, but in a 
clinical setting, the input would be the analyzed 
time series data. The input data is subsequently 
sent to the two nodes in the hidden layer, 
which compare the heartbeat sequence to 
known arrhythmia patterns (green). This method 
divides the data into two groups, allowing 
it to be examined quickly while maintaining 
accuracy. After being analyzed, the data is sent 
to the output node (blue). This output node is 
responsible for checking to see if the analyzed 
data meets the reconstruction loss of the 
algorithm. If it does, the data is processed through 
the model again just to be certain. If it doesn’t, the 
algorithm passes the data through the model for n 
number of times, where n is equal to the Intensity 
Threshold of the algorithm (either 24, 25, 26, or 
27). The algorithm then predicts whether or not 
the patient has arrhythmia. This method offers 
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the maximum level of accuracy because very little 
data is left unaccounted for.
 By combining both the LSTM RNN and the 
LSTM Autoencoder, a high level of accuracy and 
persistence was achieved by the algorithm. This 
can be considered an unconventional approach 
at the detection and classification of ECG data, 
because it has not been thoroughly researched and 
this method has not yet been implemented into the 
hospital setting.

DATA & RESULTS

 Four specific values of the intensity level 
that were deemed to have the highest accuracy 
were picked. These values were 24, 25, 26, and 
27. It was projected that the value that would 
have the highest accuracy would be 26, due to its 
predicted low false negative rate. Four separate 
virtual environments were set up to simulate a real 
scenario in which ECG data (that the model hadn’t 
seen before) was passed through the algorithm. 
Over the course of 25 minutes, the algorithm 
was able to detect whether or not the ECG data 
corresponded to an individual with arrhythmia. 
Everything in the simulation stayed constant, 
except for the intensity level of the algorithm. 
Additional metrics collected during the experiment 
to ensure the accuracy of the algorithm include 
the false positive rate, false negative rate, and the 
probability density. The false positive rate is how 
many positive values the model predicts incorrectly 
(normal heartbeats considered as anomalies), 
whereas the false negative rate is how many 
negative values the model predicts incorrectly 
(anomalies considered as normal). In this scenario, 
a lower false negative rate is preferable to a lower 
false positive rate because it has a higher impact 
on a patient’s treatment accuracy. Additionally, a 
higher false positive rate would not pose too many 
problems for the model; it would simply necessitate 
assessment by an experienced cardiologist. The 
probability density is a statistical measurement that 
defines the likelihood of an outcome for a random 
variable. In this algorithm, the probability density 
is used to determine the likelihood of a heartbeat 
being normal or abnormal in a finite time series 
sequence. The null hypothesis for the experiment is 
that there is no significant difference between the 
Intensity Threshold of 26 and 27 in regards to the 
overall algorithm accuracy.  

Figure 4
Raw data results derived from 4 consecutive algorithm 
simulations 

 Based on the outcomes of the experiment, 
a conclusion can be drawn as to which Intensity 
Threshold resulted in the maximum algorithm 
accuracy. As illustrated in Figure 4, the Intensity 
Threshold that resulted in the highest accuracy was 
26. To support its significance, additional metrics 
were collected to ensure the algorithm’s accuracy. 
The false positive rate was slightly higher than 
expected, but when compared to the exceptionally 
low false negative rate, it is a fair trade off. In fact, 
a general pattern was observed: as the Intensity 
Threshold increased, so did the false positive rate, 
and as the Intensity Threshold decreased, so did 
the false negative rate. However, after surpassing 
26, the algorithm’s accuracy began to deteriorate. 
Upon closer examination, it was revealed that 
the probability density played a larger role than 
expected in the accuracy of the model. During 
simulations 1, 2, and 3, the probability density of 
the Intensity Threshold was nearly divided in half. 
However, during the 4th simulation, the probability 
density surged from 0.08 to 0.46, nearly a 6 times 
increase. A close inspection of the results was 
conducted, and it was determined that an Intensity 
Threshold above 26.39 resulted in a steady 
decrease in the algorithm’s accuracy, therefore 
increasing the probability threshold. Based on the 
results, it was concluded that the hypothesis of 
the project was supported, and that an Intensity 
Threshold of 26 resulted in the highest algorithm 
accuracy. To further back up the hypothesis that 
the Intensity Threshold of 26 resulted in the 
highest accuracy, and to reject the null hypothesis, 
a statistical T-Test was conducted to measure 
significance in the results. 
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Figure 5
Statistical T-Test results of each Intensity Threshold

 Upon closer examination of the results 
through conducting a T-Test, a conclusion was 
drawn that the Intensity Thresholds of 25 and 26 
resulted in p values higher than 0.05, proving their 
statistical significance. Therefore, the T-Test helped 
support the hypothesis. Both Intensity Thresholds 
were found to have higher accuracy than the 
constant level (24) and the non-significant value 
(27), and a correlation between a significant p value 
and a higher level of accuracy was found. The null 
hypothesis was disproved, because the Intensity 
Threshold of 26 resulted in a significant value, while 
the Intensity Threshold of 27 did not. 
When the Intensity Threshold reaches 26, it begins 
to fall precipitously, and is expected to continue to 
do so. As a result, the Intensity Threshold set for the 
algorithm is 26, which provides the highest degree 
of overall accuracy. 
 Although the Intensity Threshold of 26 
provides the algorithm with a high degree of 
accuracy, it is not always reasonable due to its 
high false positive rate (9.1%). As previously 
stated, frequent false positives waste experienced 
cardiologists’ time and can lead to an arrhythmia 
misdiagnosis among less experienced personnel.
However, a closer examination of the algorithm’s 
false positive rate through a Probability Density 
Function (PDF) revealed that  any discrete, variable 
length time series ECG sequence will coincide with 
the formula, meaning that any given time series 
may be back-checked for false positives. This is 
executed in the LSTM Autoencoder, where the RNN 
performs recurrent checks on the ECG sequence 
to determine if it is closer to 0 or 1. This employs 
the algorithm with a higher degree of accuracy, and 
greatly reduces the false positive rate from 9.1% to 
only around 5.4%. 

Figure 6
Normal Time Series heartbeat (blue) in comparison to the 
reconstructed version (yellow) 
The absence of a lot of blue indicates that the
 algorithm is learning heartbeat patterns, which is a 
strong indicator of its accuracy.  

Figure 7
Abnormal Time Series heartbeat (blue) in 
comparison to the reconstructed version (yellow)

F or the most part, the algorithm is successful 
in recognizing whether a heartbeat is normal 
or irregular and then analyzing it to look for 
patterns. However, the sudden changes in ECG 
data reconstruction result in a slightly erroneous 
reconstruction representation, reducing overall 
accuracy from around 98% to 96%. This is mostly 
due to the algorithm’s training function, which was 
unable to account for rapid changes in the flow 
of ECG data. The datasets on which the algorithm 
was trained did not contain significant amounts of 
respiratory sinus patterns, which are responsible 
for the abrupt jumps. Respiratory sinus patterns 
are not frequently observed in patients, thus being 
underrepresented in both the PhysioNet database 
as well as the MIT-BIH database. Respiratory sinus 
is a form of arrhythmia in which one’s heart rate 
changes with each inhalation and exhalation. It 
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is difficult to train deep learning algorithms to 
accurately detect and recognize respiratory sinus 
patterns because of their wide range of variance. 
The training procedure was carefully scrutinized to 
identify any faults that may have occurred or gone 
unnoticed in order to ascertain which components 
were accountable for the inaccurate heartbeat 
reconstruction.  

Figure 8
Algorithm’s training process over 150 epochs

The blue line depicts the initial training phase, 
whereas the yellow line depicts the initial testing 
sequence. The abrupt, irregular spikes and falls in 
the training sequence are indicative of respiratory 
sinus. The testing sequence was found to be 
incapable of accounting for the dramatic changes 
in the time series data, resulting in unpredictable 
spikes, thus slightly reducing the  accuracy of the 
algorithm. 

CONCLUSION

 The purpose of this project was to develop 
a novel algorithm that accurately detects and 
classifies cardiac arrhythmia in ECG data. This 
was accomplished by employing novel deep 
learning approaches such as LSTM Autoencoders 
and converting ECG data into Time Series 
sequences. The algorithm was trained and tested 
on two separate databases. The PhysioNet ECG 
database was applied to train the model on 
recognizing whether a heartbeat was normal 
or abnormal as well as analyzing ECG patterns. 
The MIT-BIH Arrhythmia database was used to 
train the algorithm to evaluate repetitive ECG 
patterns and assess whether or not the patient 
suffered from arrhythmia. Four distinct values 
of the Intensity Threshold (24, 25, 26, 27) were 
evaluated to discover which one resulted in the 

preeminent overall accuracy of the algorithm. Due 
to its low false negative rate, it was hypothesized 
that the Intensity Threshold level that would 
result in the maximum accuracy would be 26. The 
hypothesis was shown to be supported after four 
consecutive virtual environment tests, that the  
Intensity Threshold of 26 resulted in the maximum 
algorithm accuracy (98.7 percent). Additionally, 
the hypothesis for this research was backed up by 
the results of the statistical T-Test, which resulted 
in a P-Value higher than 0.05. The p-value for 
IT 25 was 0.60039, while the p-value for IT 26 
was 0.09380. This p-value proved the statistical 
significance of the 26 Intensity Threshold, and 
showed an above average significance of the 
25 Intensity Threshold. Additionally, the T-Test 
resulted in a high T-value (3.01003) showing 
that there is a high level of variance in the results 
across the different Intensity Threshold levels.   
Despite its great accuracy, the algorithm’s accuracy 
rate was closer to 96 percent, as demonstrated 
by the Probability Density Function. This is due to 
the virtual environment testing failing to account 
for every potential ECG fluctuation, resulting in a 
minor misinterpretation of the results.
 Overall, this project was successful in terms 
of developing a novel algorithm to accurately 
detect and categorize arrhythmia in ECG data. This 
algorithm performs significantly better than typical 
ECG machine methods by utilizing deep learning 
approaches that are not typically used and have 
not been extensively researched. In comparison to 
standard ECG machine algorithm accuracy (67%), 
this method performs significantly better when 
an Intensity Threshold of 26 is used (96.41%). 
Although the alternative Intensity Thresholds of 
24, 25, and 27 produce better results than the 
typical ECG machine, they do not attain the same 
level of accuracy as the Intensity Threshold of 26, 
and are therefore not used in the algorithm. 
 Even though the algorithm has an excellent 
accuracy rate, there is still space for improvement, 
particularly in terms of decreasing the algorithm’s 
false negative and false positive rates. This can 
be accomplished by incorporating a larger dataset 
into the training function and creating a function 
to minimize training loss. To minimize training loss 
and hence reduce ECG data misdiagnosis, the 
algorithm’s network size will be reduced while the 
dropout will be increased. 
 In conclusion, this project serves as a 
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foundation for further research into the application 
of ECG algorithms developed using LSTM 
Autoencoders and Time Series Data. With future 
improvements, the developed algorithm is capable 
of being integrated into an ECG machine in a 
hospital setting, and handling real cases. It was 
determined that utilizing LSTM Autoencoders in 
ECG algorithms is beneficial, and leads to improved 
patient treatments/outcomes. This research serves 
as a cornerstone for further implementations 
of unconventional deep learning approaches in 
the medical setting.  Ideally, once the algorithm 
has been greatly improved and finely trained, it 
could be implemented into the hospital setting 
and tested with real patients who suffer from 
Arrhythmia. 
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ABSTRACT
 This experiment analyzed whether solar 
still technology is a viable source of freshwater 
for third-world countries within controlled 
environment agriculture (CEA) systems due to 
the need for clean water and environmentally 
friendly farming. It was hypothesized that a solar 
still could produce drinkable freshwater and be 
used in hydroponic systems to create a more 
friendly farming system. A temperature analysis of 
countries needing clean water was used and a cost 
analysis of hydroponic systems was applied. The 
hypothesis was supported; solar still technology 
partnered with CEA techniques (like vertical 
hydroponics) offer a viable option for year-round 
farming as well as a supply of clean water. This is 
because it is independent, does not use toxins, 
incorporates cheaper materials, and uses clean 
energy. The independent variable was temperature, 
which was changed via the duration of a light, 
and the dependent variables were the salinity 
levels and  quantity of water produced. These 
experiments were performed outside in Kentucky 
while others were done indoors.

INTRODUCTION
 Clean water is an essential life element for 
human health, environmental health, sustainable 
economies, poverty reduction, and many other 
important factors. Fresh water is “any natural 
occurring liquid or frozen water containing low 
concentrations of dissolved salts and other 
dissolved solids.” (Fresh water, 2020) Because 
of the low levels of salt, freshwater is easier to 
filter for drinking water. Its uses extend to many 
different genres. For example, freshwater is 
important for various irrigation methods, industrial 
settings, hydroelectricity, environmental purposes, 
and household necessities such as drinkable 
water. (Society, Freshwater) Many third world 
countries such as Somalia, Ethiopia, and Uganda 
rely on freshwater as their main drinking source. 

However, it  is not the only water source in the 
world. Saltwater, water that contains a high 
concentration of dissolved salts and is typically 
found in oceans, constitutes about 97% of our 
water and covers 71% of the Earth’s surface. 
(Water Science School, 2019) Because salt water is 
less scarce than freshwater, desalination methods 
are used to purify the water to make it potable 
by taking away mineral components in salt water. 
Although there is no specific standard for the 
sodium content of drinking water, federal agencies 
recommend for drinking water to contain no more 
than 20 milligrams per liter of salt. (NY Department 
of Health, 2020) Currently, there are more than 
120 desalination plants worldwide. (Desalination 
Worldwide 2018) They use high powered 
expensive machines that undergo complex actions 
such as reverse osmosis to desalinate the water. 
A 2010 biennial report on  seawater desalination 
projected that it will cost approximately $32 
million to build a 2.5 MGD desalination plant, and 
approximately $658 million to build a 100 MGD 
one just in Texas. Furthermore, recent reports 
state that current desalination plants cost 1 million 
dollars a week and 80-250 million dollars to build. 
To add on, a 100 million dollar study conducted 
by the Lawrence Berkeley National Laboratory 
researched the costs of different water extraction 
methods. Out of all these methods, they found 
seawater desalination to be the most expensive, 
costing $2,200-$4,300 dollars per acre foot. 
Since desalination plants are extremely expensive 
to build and operate, alternate forms of 
desalination such as solar stills are needed. A 
solar still is a device that uses heat from the sun 
to evaporate the saltwater into freshwater.  Once 
saltwater evaporates, it condenses on a surface 
and becomes freshwater which is then captured 
when the freshwater slides down into a tube. 
Typical materials for solar still include cheap 
options such as wood, plastic, and glass. 
 One problem the world is facing is a limited 
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supply of freshwater. Only 0.5% of the world’s 
freshwater is available and it is predicted by UN-
Water that by the year 2025 1.8 billion people 
will be living in countries with absolute water 
scarcity. The problem of freshwater is especially 
evident in third world countries which make up 
77% of the world’s population. Currently, about 
one in five people in  these countries do not have 
access to clean water. However, 70% of the limited 
freshwater is spent on agricultural practices.
 Agricultural practices have become 
increasingly harmful. Conventional farming 
techniques utilize excessive amounts of fertilizer, 
chemicals, and irrigation that leads to nutrient 
runoff which contributes to ocean acidification, 
eutrophication, adverse human and livestock 
impacts, depletion and pollution of groundwater 
resources, soil borne diseases, and water, soil, 
and air pollution.(Kremen, 2012) Fertilizers and 
excessive irrigation were a bandaid to the need for 
increased food production but are now inhibiting 
food production due to soil nutrient pollution, 
degradation, and deforestation from agricultural 
methods that require large amounts of land.(Tayoh, 
2020) Additionally, crops can only be grown in 
certain times of the year in soil based farms so 
crops have to be imported long distances to 
areas which further contributes to air pollution. 
Furthermore, the global population is expected to 
grow by 2.3 billion people between 2009-2050; 
in order to meet these demands, food production 
needs to increase by 70% by 2050. In developing 
countries food production needs to increase by 
nearly double that percentage because of their 
higher populations.(Eteghadipour & Nazari, 2017) 
Hydroponics offers a cost and space effective, 
and more “environmentally friendly” solution to 
the global food and pollution crisis by utilizing 
less water on average, decreasing fertilizer use on 
average, and allowing plants to be grown indoors 
year-round.
 An alternative solution to the current 
farming methods (conventional soil farming) is 
hydroponic farming. Hydroponic systems typically 
utilize soilless mediums and a nutrient rich 
solution instead of conventional soil and fertilizer 
based methods. They also require less horizontal 
space and typically reduce water usage because 
they don’t require arable land/soil. Moreover, 
hydroponics systems can be implemented indoors 
and operate continually, year-round regardless 

of the climate and type of crop(seasonal crops). 
These systems have been proven to be more 
environmentally friendly, cheaper, as well as 
more efficient sources compared to conventional 
farming. A solar still has the potential to provide 
freshwater for hydroponic systems in order to 
create an ultimately cheaper, environmentally-
friendly, and more efficient farming system. 
 The experimental question for this 
experiment is: how effective is a solar still as 
a freshwater supply source and source for a 
hydroponic agricultural system?  It is hypothesized 
that a solar still will be a reasonable device for 
producing drinkable freshwater as well as water 
for use in hydroponic systems to create a more 
environmentally friendly farming system/clean 
water supply because it is independent, does not 
use toxins, uses cheaper materials, and uses clean 
energy.
  The purpose of this experiment is to 
determine if solar still technology is a viable 
source of freshwater for third-world countries 
and in controlled environment agriculture (CEA) 
systems (e.g. hydroponic farming) due to the 
rapid need for clean water and a more  efficient/
environmentally friendly farming system. In this 
experiment, a solar still will be built with cheap 
materials and tested at different levels of heat 
to represent different environments of multiple 
countries. The results will then be compared to a 
cost analysis of hydroponic systems to determine 
if a solar still can be combined with hydroponics 
to save the most amount of water possible in 
order to supply a greater amount of freshwater 
for third world countries as well as create a more 
efficient, cheaper, and more environmentally 
friendly farming/agricultural system.
 Overall, it is clear to the world that humans 
are in desperate need of clean water as well as a 
better farming system. With limited freshwater 
resources, especially in third world countries, as 
well as the harms of conventional farming and 
the need for a more efficient farming system, a  
solution is needed quickly. Thus, solar stills may 
be a cheap option for desalinating water as well 
as providing clean water for hydroponic systems. 
Hydroponic systems have been proven to use less 
water than conventional farming techniques. With 
a solar still, the world can save more freshwater 
as well as produce more freshwater to the limited 
supply.
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METHODOLOGY
 An experimental quantitative method 
was used to measure the efficiency of a solar 
still system in order to determine how it can be 
implemented into hydroponic systems. The solar 
still was built with the the following materials: 
a caulk gun, drill, circular saw, two ¾ x 4’ x 8’ 
sheets of pressure treated BC exterior plywood, 
two 1 ½” galvanized hinges, 8” self adhesive 
weatherseal, a knob or drawer pull, silicone caulk, 
high-temperature black paint, 1” PEX tubing, wood 
glue, 1 ¼ “ deck screws, 2 “ deck screws, 2 ½ “ 
deck screws, painter’s tape, 27 1/2 “ x 22” x ⅛ 
“ tempered glass, 1” x 25” x 20” foam insulation 
sheet, clamps, a tape measure, and a pencil.  
These materials were chosen as they are cheap 
and are not scarce, thereby making them valuable 
materials for implementing solar stills in third 
world countries. The results were measured with 
a 1000 millimeter tube, Engbird app sensor, and 
salinometer as they were easily accessible. 
The building of the solar still was the first step. The 
sheet of plywood was first cut into fifteen sections 
using a circular electric saw in order to make clean, 
efficient slices. The  dimensions of the first piece 
were ¾” x 23 ¾” x 19 “ and it was labeled “B”. The 
second piece was  ¾” x 5 ¾” x 19” and was labeled 
“C”. The third piece was ¾” x 5 ⅝”  x 20 ½ ” and 
was labeled  “D”. The fourth and fifth pieces were 
1 ½ ” x 3 ½” x 22 ½ ” and were labeled “E”. The 
sixth piece was  ¾” x 3 “ x 20 ½ ” and was labeled 
“F”. The seventh piece was ¾” x 5 ⅞ “ x 20 ½ ” and 
was labeled “G”.  The eighth piece was ¾” x 3” x 20 
½ ” and was labeled “H”. The ninth and tenth pieces 
were ¾” x 9 ⅛ ” x 5 ⅛  ” x 26 ¾” and were labeled 
“I”. Lastly, the eleventh and twelfth pieces were ¾” 
x 8 ⅞  ” x 5 ⅝  ” x 24 ½ and were labeled “J”. 
Next, the insulation sheet was cut to match the 
dimensions of the piece labeled “B” since that 
piece was the solar still’s base. To create the base 
of the solar still, the “E” wood pieces were drilled 
into each 19” side of piece B with 2 ½” deck 
screws. Then, the insulation sheet was drilled 
directly on top of piece B with 2 ½” deck screws. 
Next, the “I” pieces were drilled into the longer 
side of the “B” piece and the “J” pieces were drilled 
directly behind the “I” pieces. On one of the “E” 
pieces, the “F” piece was vertically drilled on top 
of the “E” piece. The “G” piece was placed directly 
behind the “F” piece and the “H” piece was placed 

directly behind the “G” piece. On the other “E” 
piece, the “C” piece was placed on top of the “E” 
piece and the “D” piece was placed behind the “C” 
piece. Then, all of the inside of the solar still was 
spray painted with heat absorbed black paint so 
heat could easily be captured. Furthermore, a 1” 
hole was drilled through one of the “J”/”I” sides and 
a 1” PEX tube was placed through the hole at a 45 
degree angle. A hinged door was then placed on 
the side with the “F”, “G”, and “H” pieces. Lastly, the 
glass sheet was placed on top of the base. 
 The experimental part of the research was 
separated into five different trials. The control 
variables included the same solar stills, the water 
input at 3,000 mL, and a duration of 48 hours. 
The independent variable included was the 
temperature (Celsius). The dependent variables 
were the salt content (PPT) and the amount of 
water produced (mL). For the first and second 
trial, the solar still was placed outside in Louisville, 
Kentucky in order to determine how effective a 
solar still was in Kentucky. The third trial was in a 
controlled setting inside of a house. A timed heat 
lamp was placed above the solar still that ran for 
a total of 14 hours to represent countries with 
average heat temperatures. The fourth trial held 
the same conditions as the third trial, however the 
heat lamp ran for 16 hours to represent countries 
with higher temperatures. The fifth trial also held 
the same conditions as the previous trial, except 
the lamp was only on for 12 hours to represent 
countries with colder temperatures. For each trial, 
a sensor was placed inside the solar still to measure 
the temperature and humidity inside the still 
over time. The app, “Engbird”, was used for these 
measurements. A1000 millimeter tube was placed 
by the PEX tube to collect the water. Before each 
trial, 35 grams of salt was placed in a 3000 mL tube 
of water to represent seawater. Next, the salinity of 
the water was measured with a salinometer. Lastly, 
the water was placed in a Pyrex baking dish that 
was placed inside the solar still. Each trial ran for 48 
hours and the salinity as well as amount of water 
produced was measured after this time period. 
Furthermore, a separate trial was conducted 
with polluted water instead of salinized water to 
determine if a solar still would work with different 
contaminants and not just salinized water. The 
polluted water was created with mud being added 
to the 3000 mL of water. The same procedure 
used for the other trials was used in the polluted 
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water experiment/trial. However, the light was on 
for 16 hours as the solar still is primarily a solution 
for third world countries which usually consist of 
warmer temperatures. The polluted water trial ran 
for 72 hours. 
 The second part of the experiment was 
an analysis of the water savings of hydroponic 
farming as well as the amount of water needed for 
a hydroponic system with the solar still created. 
First, a 2015 research paper titled “Comparison 
of Land, Water, and Energy Requirements of 
Lettuce Grown Using Hydroponic vs. Conventional 
Agricultural Methods” by Barbosa, G. L., et al. was 
used to determine the amount of water used in 
conventional farming vs. hydroponic farming when 
growing lettuce. Next, the average annual crop 
yield of lettuce per farm in the United States was 
determined by the Agricultural Marketing Resource 
Center. The amount of water used for conventional 
farming and hydroponic farming according to the 
research paper stated above was multiplied by the 
average annual crop yield of lettuce per farm in the 
United States to determine the amount of water 
used annually for conventional vs. hydroponic 
farming (in liters). Thirdly, the greatest amount 
of water produced by the solar still was divided 
by 3000 mL (water input amount) to show the 
freshwater production percentage of the built 
solar still over the course of 48 hours. Lastly, a 
proportion equation was set up to determine the 
amount of water needed to be put into the built 
solar still to create enough water for a hydroponic 
system over the course of two days. 
 The final step of the experiment included 
research on the annual average temperatures (C˚) 
in the top ten countries in need of freshwater as 
well as the average temperature (C˚) in all of those 
countries combined. These countries were Eritrea, 
Papua New Guinea, Uganda, Ethiopia, Somalia, 
Angola, Democratic Republic of Congo, Chad, 
Niger, and Mozambique. These annual average 
temperatures were compared with the noted 
temperatures from the experiment to determine if 
a solar sill was a practical and reasonable solution. 

DATA & RESULTS

Figure 1
The hourly recorded temperature in Celsius and relative 
humidity percentage for the first experiment
The range of temperature was 22.08 degrees Celsius 
to 37.19 degrees Celsius while the range of the relative 
humidity percentage was 52.45% to 84.89%.

Figure 2
The hourly recorded temperature in Celsius and relative 
humidity percentage for the second experiment.
The range of temperature (Celsius) was 1.48 degrees to 
31.88 degrees while the range of the relative humidity 
percentage was 59.04% to 81.3%

Figure 3
The hourly  recorded temperature in Celsius and relative 
humidity percentage  for the third experiment
The range of temperature (Celsius) was 20.88 degrees to 
37.59 degrees while the range of the relative humidity 
percentage was 76.78% to 87.36%
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Figure 4
The hourly recorded temperature in Celsius and relative 
humidity percentage for the fourth  experiment.
The range of temperature (Celsius) was 21.17 degrees 
to 36.77degrees while the range of the relative humidity 
percentage was 88.3% to 92.4%

Figure 5
The hourly recorded temperature in Celsius and relative 
humidity percentage for the fifth experiment.
The range of temperature (Celsius) was 4.66 degrees to 
51.14 degrees while the range of the relative humidity 
percentage was 59.04% to 81.3%

Figure 6
 Demonstrates the average temperature (celsius) for each 
experiment (1-5).
All of the experiments had a significant difference between 
their averages except for experiment 1 >4, experiment 2 > 
experiment 5, and experiment 3 > experiment 4

Figure 7 
The average relative humidity percentage for each 
experiment (1-5)
All of the experiments had a significant difference 
between their averages except for experiment 1 > 2

Figure 8
 Total amount of water (mL) produced after 48 hours for 
each experiment (1-5)
Experiment 4 produced the most amount of water of 246 
mL while experiments 1 and 2 produced the least amount 
of water of 50 mL.

Figure 9
Average desalinated water(ml) produced per hour for 
each experiment (1-5).
All of the experiments had a significant difference 
between their averages except for experiment 1 > 2
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Figure 10
The salt content level (PPT and specific gravity) of the 
produced desalinated water after 48 hours of each 
experiment (1-5)
Demonstrates that all final salt content levels (PPT) were 
in the range for drinkable/clean water

Figure 11
Comparison of the initial salt content and the final salt 
content of each experiment (1-5) after 48 hours
Demonstrates that there was a significant difference 
between the initial salt content (PPT) and the final salt 
content for every experiment (1-5) as the error bars do 
not overlap

Figure 12
The hourly  recorded temperature in Celsius and relative 
humidity percentage  for the polluted water experiment.
The range of temperature was 12.03 degrees Celsius 
to 30.59 degrees Celsius while the range of the relative 
humidity percentage was 82.09% to 93.51%.

Figure 13
The amount of clean water produced, average clean 
water (ml) per hour, average temperature (celsius), and 

the average relative humidity percentage for the polluted water 
experiment over the course of 72 hours.
Figure 13. Demonstrates that the polluted water experiment 
was able to produce drinkable water in an environment with 
an average temperature of 22 degrees celsius and an average 
relative humidity percentage of 82.6%

Figure 14
The top ten countries with the lowest access to clean/drinkable 
water along with the average annual temperature for each 
country.
Demonstrates that the countries with the highest need for 
clean water have an average annual temperature ranging from 
21.55 degrees celsius to 27.15 degrees celsius

Figure 15. Analysis of water usage in conventional farming 
vs. hydroponic farming and the amount of salt water needed 
for a hydroponic system with a solar still
Figure 15. Hydroponics uses 10 times less the amount of 
water used in conventional farming. Annually (Based off 
of the cited research), hydroponic farming uses 410,500 
liters of water per farm and conventional farming uses 4.1 
million liters of water per farm. Over the course of 48 hours, 
the built solar still produced 8.2% of the inserted water 
as freshwater. In order for the built solar still to produce 
enough water in the course of 48 hours for an annual-run  
hydroponic system, 5,006,098 liters of saltwater must be 
placed into the salt water. 
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 A two-tailed t-test for each experiment (1-
5) was conducted to determine if the differences 
of the averages for  water produced per hour, 
temperature, relative humidity percentage, as well 
as the difference between the initial and final salt 
content (PPT) were statistically significant. If the p 
value was less than 0.05, then the difference was 
statistically significant. However, if the p value was 
greater than 0.05, then the difference was not 
statistically significant. 
 According to Figure 9., the average amount 
of desalinated water per hour for experiment 
1 was 1.041666667mL, 1.041666667mL for 
experiment 2, 4.583333333mL for experiment 
3, 5 for experiment 4, and 1.875 for experiment 
5. The p value for experiments 1  > experiment 2 
was 1, demonstrating that there was no significant 
difference between the averages. The p value 
for experiments 1 and 2 > experiment 3 was 
0.0002511534834, demonstrating that there was 
a significant difference between the two averages. 
The p value for experiments 1 and 2 > experiment 
4 was 0.00006656947855, demonstrating that 
there was a significant difference between the 
two averages. The p value for experiments 1 and 
2 > experiment 5 was 0.0000001962158228, 
demonstrating that there was a significant 
difference between the two averages. The p 
value for experiment 3 > experiment 4 was 
0.01786019404, demonstrating that there was a 
significant difference between the two averages. 
The p value for experiment 3 > experiment 
5 was 0.000004263152592, demonstrating 
that there was a significant difference between 
the two averages. The p value for experiment 
4 > experiment 5 was 0.0002828731128, 
demonstrating that there was a significant 
difference between the two averages. 
 As observed in Figure 6, the average 
temperature (celsius) for experiment 1 was 26.23 
degrees, 13.43 degrees for experiment 2, 29.25 
degrees for experiment 3, 28.34 for experiment 
4, and 15.94 degrees for experiment 5. The 
p value for experiment 1 > experiment 2 was 
0.0001, demonstrating that there is a significant 
difference between the two averages. The p 
value for experiment 1 > experiment 3 was 
0.04929318119, demonstrating that there is a 
significant difference between the two averages. 
The p value for experiment 1 > experiment 4 was 
0.1274531655, demonstrating that there is not a 

significant difference between the two averages. 
The p value for experiment 1 > experiment 5 was 
0.000001830647833, demonstrating that there is 
a significant difference between the two averages. 
The p value for experiment 2 > experiment 3 
was 0.0001283, demonstrating that there is a 
significant difference between the two averages, 
The p value for experiment 2 > experiment 4 
was 0.0001298, demonstrating that there is a 
significant difference between the two averages. 
The p value for experiment 2 > experiment 5 was 
0.1400789431, demonstrating that there was not 
a significant difference between the two averages. 
The p value for experiment 3 > experiment 4 was 
0.5951349743, demonstrating that there was not 
a significant difference between the two averages. 
The p value for experiment 3 > experiment 5 was 
0.00000001920735728, implying that there was 
a significant difference between the two averages. 
The p value for experiment 4 > experiment 5 was 
0.00000005345275855, demonstrating that 
there was a significant difference between the two 
averages. 
 As observed in Figure 7, the average 
relative humidity percentage for experiment 1 was 
72.40735571%, 78.22315829% for experiment 2, 
83.4651162% for experiment 3, 90.51836631% 
for experiment 4, and 67.99206849% for 
experiment 5. The p value for experiment 1 > 
2 was 0.09, demonstrating that there is not a 
significant difference between the two averages. 
The p value for experiment 1 > experiment 
3 was 0.0000002909107814, meaning that 
there was a significant difference between the 
averages. The p value for experiment 1 > 4 
was 0.001238, demonstrating that there was a 
significant difference between the two averages. 
The p value for experiment 1 > experiment 5 was 
0.00008773084886, demonstrating that there 
was a significant difference between the two 
averages. The p value for experiment 2 > 3 was 
0.00235, showing that there was a significant 
difference between the two averages. The p 
value for experiment 2 > experiment 4 was 
0.0012921, implying that there was a significant 
difference between the two averages. The p 
value for experiment 2 > experiment 5 was 
0.0000000003404912114, demonstrating that 
there was a significant difference between the 
two averages. The p value for experiment 3 > 4 
was 0.00212899,  demonstrating that there was a 
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significant difference between the two averages. 
The p value for experiment 3 > experiment 5 was 
0.0001,  demonstrating that there was a significant 
difference between the two averages. The p value 
for experiment 4 > 5 was 0.0034,  demonstrating 
that there was a significant difference between the 
two averages.
 According to Figure 11, the initial salt 
content (PPT) was 29 for experiment 1, 30 
for experiment 2, 34 for experiment 3, 28 for 
experiment 4, and 31 for experiment 5. The 
final salt content (PPT) was 3 for experiment 1, 
3 for experiment 2, 5 for experiment 3, 0 for 
experiment 4, and 4 for experiment 5. The p value 
for the initial salt content > final salt content 
for  experiment 1 was 0.000005797295017, 
demonstrating that there was a significant 
difference between the initial and final salt 
content. The p value for the initial salt content 
> final salt content for  experiment 2 was 
0.000004987358326, demonstrating that there 
was a significant difference between the initial and 
final salt content. The p value for the initial salt 
content > final salt content for  experiment 3 was 
0.000003750464841, demonstrating that there 
was a significant difference between the initial and 
final salt content. The p value for the initial salt 
content > final salt content for  experiment 4 was 
0.000004313984931, demonstrating that there 
was a significant difference between the initial and 
final salt content. The p value for the initial salt 
content > final salt content for  experiment 5 was 
0.000004987358326, demonstrating that there 
was a significant difference between the initial and 
final salt content. Furthermore, the error bars on 
the graph do not overlap, demonstrating that the 
results are statistically significant.

CONCLUSION
 The experimental question for this 
experiment was: how effective is a solar still as 
a freshwater supply source for a hydroponic 
system?  It was hypothesized that a solar still 
will be a reasonable device for freshwater as 
well as hydroponics to create a more efficient 
and environmentally friendly farming system/
clean water supply because it does not use 
toxins and uses cheaper materials. The purpose 
of this experiment was to determine if solar 
still technology is a viable source of freshwater 
for third-world countries and in controlled 

environment agriculture (CEA) systems (e.g. 
hydroponic farming) due to the rapid need for 
clean water and a more  efficient/environmentally 
friendly farming system. In this experiment, a solar 
still was built with cheap materials and tested 
at different levels of heat to represent different 
environments of multiple countries. The results 
were then compared to the temperatures of the 
top ten third world countries in need of freshwater. 
Furthermore, an analysis was completed of water 
usage in conventional vs. hydroponic farming as 
well as the amount of water needed for a solar 
still to create enough freshwater for an annual 
hydroponic system over the course of 2 days.
 The results indicated that all of the 
experiments were successful in producing 
desalinated/clean water via a solar still. However 
experiments 3 and 4 produced the most amount 
of water since they had the highest average 
temperatures. The higher the temperature is and 
the higher the relative humidity percentage is, the 
more water will be produced. Although water can 
evaporate at lower temperatures, the evaporation 
rate increases as the temperature increases. 
Experiments 3 and 4 had the highest temperatures 
as the light in those experiments was on for the 
longest durations of time (14-16 hours per day). 
To continue, solar still technology will yield fresh 
water supply in developing nations with adequate 
solar exposure. According to Figure 14, the average 
annual temperature between the top ten countries 
in need of freshwater was 24.585 degrees C˚. The 
solar still in this experiment was able to produce 
adequate amounts of freshwater at temperatures 
ranging from 1.48 to 51.14 degrees C˚. Because 
the solar still was able to produce an adequate 
amount of freshwater in temperatures lower than 
24.585 degrees Celsius, the solar still will certainly 
be applicable in third world countries in need of 
freshwater. To add on, most of these countries in 
need of freshwater live by the coast, so saltwater is 
easily accessible. 
 Furthermore, hydroponics uses less water 
than conventional farming. This is mainly due 
to the fact that there is no water loss to soil 
nor evaporation and the water can be recycled 
constantly throughout the system. Based off of the 
results “Comparison of Land, Water, and Energy 
Requirements of Lettuce Grown Using Hydroponic 
vs. Conventional Agricultural Methods” by Barbosa, 
G. L., et al. as well as the average annual crop 
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yield of lettuce in the United States according to 
the Agricultural Marketing Resource Center, the 
average annual water usage for growing lettuce in 
the U.S with a hydroponic system is 410,500 liters 
per farm. In order to create this amount of water 
in 2 days, 5,006,098 liters of water must be placed 
inside the built solar still. This is about the size of 
two Olympic size swimming pools. However, it is 
important to note that this is the amount of water 
needed to suffice a hydroponic system’s annual 
total water usage in a duration of two days. Also, 
the solar still built in this experiment was not the 
most efficient as the tilt was not steep enough. 
With more efficient designs, the amount of water 
needed may be decreased to the size of one 
olympic sized swimming pool. 
 Overall, the hypothesis was supported 
and solar still technology, when partnered with 
controlled environment agriculture techniques, 
such as vertical hydroponics, can offer many third-
world countries lacking fresh water supplies with 
a viable option to grow food supplies on a year-
round basis as well as a supply of clean water.
For future research, different designs for the solar 
still, including building a still with a greater angle; 
using different shapes (such as pyramid or dome); 
and utilizing different materials should be explored, 
the experiment should attempt to use a larger 
number of environmental conditions (such as solar 
exposure and temperature changes), and additional 
cost-benefit analysis of solar-still operations 
compared to traditional desalination operations 
(such as reverse osmosis) should be performed.
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  Pancreatic ductal adenocarcinoma (PDAC) 
is a belligerent, often lethal, form of cancer, with a 
5-year survival rate limited to 7%. PDAC is hardly 
detected in its premalignant stages (when surgery 
is viable), due to modern screening methods being 
both expensive and inconvenient. This project 
utilizes a panel of miRNA Urinary Biomarkers: 
LYVE1, TFF1, and REG1B, combined with age, 
gender, and creatinine for a diagnostic test to 
screen for PDAC. This panel of biomarkers can 
be an indicator of increased desmoplasia within 
pancreatic acinar cells. With a Random Forest 
machine learning algorithm, PDAC can be detected 
with 86% accuracy, equally as precise as the gold 
standard, an endoscopic ultrasound. In addition 
to the machine learning algorithm, a low-cost 
qPCR solution was also developed to amplify and 
quantify the biomarker levels from patient samples. 
The device uses an Arduino-controlled negative 
feedback circuit for the thermocycling of the 
miRNA. Then, level extraction is done with CMOS 
Camera and fluorescence detection algorithm. A 
web-based application shows live feedback on 
the PCR cycle times, emitted fluorescence (with 
Quantifish), and camera monitor of the device. 
Once the levels are extracted with the device, 
they can be inputted into the Random Forest 
algorithm for a PDAC Screen. This solution can be 
implemented into annual clinics as a standard of 
care, as urine tests are non-invasive, cheap, and 
fast. With more research, it holds the potential 
to revolutionize PDAC detection, treatment, and 
patient prognosis. 

ABSTRACT

INTRODUCTION
 Pancreatic cancer is the most lethal group 
of major cancer types, with a 5-year survival 
rate limited to <10%. It has the most aggressive 
prognosis, quickly spreading to other organs of the 

body. This process is known as metastasis, and 
is when cancers are usually classified as stage 3 
or 4. Pancreatic Ductal Adenocarcinoma (PDAC), 
which comprises 90% of pancreatic cancer cases, 
is located at the head of the pancreas along the 
pancreatic duct. The location of PDAC allows for 
it to easily undergo metastasis to surrounding 
tissues/organs, via lymphatic ducts and blood 
vessels. Oftentimes, the root cause for pancreatic 
cancer related death is the identification of PDAC 
after metastasis, when the disease is far more 
deadly and harder to treat. In these stages, PDAC 
has no treatment/medication that effectively 
removes the cancer. 
 However, in earlier stages such as Stage 
1 and Stage 2 that are prior to metastasis, 
operations such as a pancreaticoduodenectomy 
(whipple procedure), radiation, and chemotherapy 
yield far better results, furthering patients’ 
survival chance by up to 60%. Still, there exists 
no diagnostic tests/screening measures that 
accurately and consistently identify PDAC in its 
early stages. Typical screening measures such 
as CT scans and Ultrasound yield poor results, 
due to the tightly knit location of the pancreas 
along the GI tract. Additionally, the complex 
microenvironment of PDAC makes it hard to 
identify using standard biological tests. 
 Recently, novel research on a panel of 3 
urinary mRNA based biomarkers have shown 
a correlation with PDAC. These biomarkers 
are Lymphatic Vascular Endothelial Hyaluronan 
Receptor-1 (LYVE-1), REG1B, and Trefoil Factor 1 
(TFF1). LYVE-1 is a homolog of CD44 (biomarker 
overly expressed in metastatic breast tumors), and 
plays a role in Hyaluronan Transport of Lymphatic 
Ducts/Vessels. REG1B has a higher expression 
in PDAC and pancreatitis cells, and contributes 
to cancer cell invasion in vitro. This is thought 
to contribute to the “aggressive” characteristics 
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of PDAC. Finally, TFF1 contributes to abnormal 
Islet cell growth (regeneration, lithogenesis, 
etc), a strong indicator of cancer development, . 
Applying knowledge on these biomarkers, along 
with creatinine (to signify proper kidney function), 
gender, and age, could propose a far more promising 
PDAC diagnostic measure. 
 From a previous experiment done in the 
United Kingdom, machine learning could be applied 
to analyze these biomarkers. One of the goals 
of this project is to develop the optimal machine 
learning algorithm to analyze patient biomarker 
levels and accurately predict PDAC. 
 Several algorithms will be developed 
and tested to find the optimal model: Logistic 
Regression, XGBoost, LightGBM, Support Vector 
Machines (SVM), Random Forest, and Naive 
Bayes, KNN, Logistic regression is often used for 
classification purposes, writes a formula (p) for 
prediction, and plots a sigmoid graph with the 
training data. Support Vector Machines (SVM) graph 
data on a cartesian plane, and find the optimal 
plane that splits it up for classification (hyperplane). 
Random Forest develops a large number of 
decision trees, and analyzes them to find the most 
likely result (hence the name forest). Naive Bayes 
filters out possibilities using the Bayes theorem, a 
probability based mathematical approach. LightGBM 
is an ensemble algorithm known for its speed and 
low resource consumption, best for large datasets. 
XGBoost is another ensemble algorithm that uses 
regularization (removing overfitting), and is best 
suited for missing values in the dataset.
 The data will be trained and tested with 
all these algorithms to find the best fit. Following 
that, the algorithm of choice will be optimized/
tuned to yield even better results. However, prior 
to the analysis of biomarker levels through the 
optimal machine learning algorithm, the levels 
have to be detected with a real-time PCR device 
(qPCR, quantitative Polymerase Chain Reaction). 
A qPCR device is a commonly used machine for 
the detection of biomarker levels in samples such 
as urine and blood (following isolation of mRNA 
using a centrifuge). This device works by detecting 
fluorescence emitted by mRNA after the shining of 
light of a certain wavelength toward the targeted 
sample. This results in the desired mRNA releasing a 
faint glow (due to fluorescence tags), which is then 
measured and quantified using a CMOS camera. 
Prior to this process, the qPCR goes through 

multiple thermal cycles, adjusting the temperature 
to amplify the RNA/DNA. 
 These devices often come with a hefty 
price tag as high quality models range from 
$15,000 to $90,000 (Excedr, 2022) making 
biomarker detection extremely inaccessible in 
third-world countries, where such devices are too 
expensive to access. 
 The second goal of this project is to 
develop a low-cost (~$300), portable, single-
sample qPCR device, to go along with the PDAC 
machine learning algorithm. This would result in 
a full holistic system for the stratified screening 
of PDAC utilizing urinary biomarkers. Thus, the 
engineering goal for this project are to make the 
optimal algorithm and a basic/simple affordable 
qPCR device that measures biomarker levels. 
 There also exists a couple of other open-
source, cheap, qPCR devices, which cost upwards 
around $350 and use different methods and 
materials to quantify biomarker levels.

METHODOLOGY

Python programming was utilized for this project. 
Python is used over other machine learning 
languages (such as MATLAB and R) due to the 
complexity of the project and compatibility with 
Arduino (further explained later in paper), as well 
as the ease of publishing results in a Python Plotly 
Dashboard. Python version 3.9 was used and 
the IDE utilized was Pycharm. Pycharm is used 
over Visual Studio Code due to its compatibility 
with Anaconda Virtual Environments. Throughout 
the process of developing the optimal machine 
learning algorithm, 6 different very common 
algorithms were tested: Linear Regression, 
Support Vector Machine (SVM), Naive Bayes, 
XGBoost, LightGBM, and Random Forest. These 
algorithms were selected to test because of 
their practicality and effectiveness. The first 
step of the machine learning progress is finding/
importing the desired database to train/test the 
algorithm. For this project, a publicly available 
dataset containing PDAC cancer data was utilized. 
Then, using Python, the data was preprocessed. 
Preprocessing is making the data ready for the 
machine learning algorithm to use. This would 
be converting categorical variables (like gender), 
to numerical variables (male: 1, female: 2). 
Additionally, during the preprocessing stage, it is 
necessary to rid overfitting of the model to reduce 
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the background noise which is done through the 
scaling of the data between 0 and 1, also referred 
to as regularization. Following this, was split into 
two random sections. One will be used for training 
the algorithm, and the other section will be used 
to test the algorithm. For this project, the data is 
split into a 75:25 train:test ratio, with approximately 
590 total cases in the dataset. The final step of the 
machine learning process is actually training/testing 
the data in Python for each of the algorithms. To 
do this, an instance of each algorithm was created 
and then 75% of our data was used to train our 
model. That 75% of the data used remained 
consistent throughout all algorithms tested. Then 
the remaining 25% was used to validate our model 
and give the final accuracy.
 Three metrics were calculated to give a 
holistic outlook on each algorithm. The three 
metrics calculated were- Area Under Curve Score, 
Accuracy, and Precision Recall Score. Secondly, a 
dashboard displaying the results of our three best 
models was made using Dash Plotly, a library and 
module commonly utilized for displaying the results 
of machine learning projects. Dash Plotly was used 
over Streamlit due to our familiarity with the library 
and its components as well as a more established 
community and user guides. The first web page 
shows facts about pancreatic cancer, providing 
justification for our project as well as spreading 
awareness. Our second web page shows in depth 
metrics, charts, and graphs for our 3 best models. 
Accuracy curve, Precision Recall Curve, AUC Curve, 
and Confusion Matrices for each algorithm are 
shown. The third web page connects our Arduino 
Device and our Machine Learning Algorithm for a 
PDAC prediction based on the biomarker levels as 
measured by our Arduino device. 
 Lastly, we developed a low cost qPCR device 
for the quantification of the biomarker levels in 
the patient’s urine. A typical qPCR device has two 
functions- quantifying the biomarker concentration 
in each sample through fluorescence microscopy, 
and amplification of the DNA/RNA through pre 
programmed heating and cooling cycles. For the 
amplification of the DNA/RNA we utilized 2 5v, 
120 degree C, PTC Heaters and 1 5v, mini cooling 
fan. These modules are connected to SSR relays 
which are high voltage switches, systematically 
turning on and off the heaters to reach the desired 
temperature. A typical cycle of our device takes 
1 minute. The Optical system which measures 

the concentration of the biomarker levels in the 
patient’s sample, was developed through 3 main 
components- sCMOS camera, Kodak Watten 2 
Green Filter, and a High Power Bright Blue LED. 
A sCMOS camera gamma correction algorithm 
was used to modify the raw images, and then 
was passed into a fluorescence quantification 
algorithm.
 The ongoing temperature is plotted and 
displayed on a GUI (graphical user interface) 
developed in Python. The final fluorescence 
emission and Cycle Time is displayed. 

DATA & RESULTS 

 After training each dataset with 75% of the 
dataset, the remaining 25% was used for testing 
each one. The 6 different machine learning models 
were graded using 3 different performance 
metrics: Testing accuracy, AUC Score, and F1 
Score. AUC score is the area covered under an 
ROC curve, and F1 score is the harmonic mean 
between precision and recall. All of the algorithms 
performed extremely, with the results shown in 
the table below. 

Figure 1. Statistics for each Pattern Recognition 
Algorithm

The best performing model was XGBoost, with 
the highest training accuracy and AUC score. 
However, all of the models performed far better 
than standard screening mechanisms. In addition 
to this, a user interface was also made to display 
results:
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Figure 2. Web Interface to view Algorithm Logistics and 
User Data

This interface has dropdowns for the user to 
view the ROC curves and confusion matrix for 
each of the 3 best performing models, as well 
as a summary of results at the bottom. The 3 
best performing machine learning models were 
XGBoost, Random Forest, and Logistic Regression. 
In addition to our machine learning algorithms, 
a thermal cycler device was made that would be 
able to conduct the polymerase chain reaction. 
This device costs significantly less than typical 
qPCR’s (only $200). The device would act with 
the machine learning algorithm for quantifying the 
biomarkers to be used in the developed diagnostic 
test. All in all, this would form a total holistic 
system for the stratified screening of PDAC. 
An image of the constructed device is shown 
below.

Figure 3. Original Prototype of qPCR Device 

Again, the function of this device is to perform 
a polymerase chain reaction on the sample is to 
repeatedly heat up and cool down the sample 
in cycles. To compile data on whether or not the 
`device function properly, the computer displays a 
serial monitor to track the cycles.

Figure 4. Serial Plotter shows Temperature vs. Baud Rate

CONCLUSION

The purpose of this research was to develop a 
novel, holistic approach towards non-invasive, 
early-stage PDAC detection in an attempt to 
improve patient prognosis and survivability 
throughout the years. Due to health risks, cost, 
and variable accuracy associated with current 
screening mechanisms (CT Scan, Magnetic 
Resonance Imaging, Endoscopic Ultrasound) 
combined with the inexpressive nature of PDAC, 
a need for non-invasive, regularized screening 
methods needed to be developed. One way this 
was addressed was through urine-based tests, 
specifically urine based circulating miRNAs. 
Circulating miRNAs presence in other cancers 
(colon, kidney, biliary tract) has been extensively 
researched, however there remains limited 
literature on the role of circulating urine based 
miRNAs in the desmoplasia of Pancreatic Acinar 
cells. By running a feature importance test and 
utilizing Pearson’s coefficient statistical analysis 
it was determined that a panel of three urinary 
biomarkers-LYVE1, TFF1, REG1B- contributed 
most to the presence of PDAC. By training and 
testing machine learning models of various 
algorithms, the best found algorithm PDAC was 
XGBoost, with an exceptional accuracy of 93.18% 
and an AUC score of 98.12%. This is significantly 
better than modern day screening mechanisms, 
and is also far cheaper and a non-invasive 
screening test. Additionally, the developed low-
cost qPCR device, as described above, was 
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able to perform repetitive thermal cycles for the 
amplification with precision and accuracy matching 
that of standard qPCR devices. Therefore, this 
system can be used to screen for PDAC by entering 
the found biomarker levels into the machine 
learning algorithm, forming a fully functioning 
holistic system. This solution can be implemented in 
underdeveloped countries due its cost effective and 
portable nature. Additionally, these promising results 
suggest that PDAC can be accurately detected in 
early stages, which will lead to increased survival 
rates and improved patient prognosis. With further
research testing, this system holds the potential to 
be implemented in annual checkups as a standard of 
care. 
 However, this system also holds its 
limitations. First off, the machine learning dataset 
has 591 cases, which is a relatively small dataset. 
Additionally, all of the cases were collected from 
Britain and Spain. One contributing factor to PDAC 
risk can be genetics, so potential geographic/
selection bias could be concurrent in the dataset. 
The final limitation is that the qPCR device was 
not tested on with real patient urine samples due 
to limited access to real clinics and labs for further 
testing. After this testing, the device will be fully 
ready to deploy as currently it only fully functions to 
theory and with other liquid samples such as water 
and mineral oil.
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ABSTRACT
 Defined as the disruption of normal food 
intake and an individual’s ability to access it, food 
insecurity represents how available healthy food 
is to obtain in a given area. Kentucky is a state 
with serious food insecurity problems. Of the 
fifteen most food insecure counties in the US, 
seven are in Kentucky. However, programs such 
as SNAP, or Supplemental Nutrition Assistance, 
provide government food stamps and money to 
households in need. The SNAP program, while 
helpful, costs 1 billion dollars in Kentucky and is 
inefficient for taxpayers and beneficiaries alike. 
The aim of this project was to create a computer 
program that accurately predicts future numbers of 
SNAP recipients for a given county. Doing so can 
make the program more efficient and effective. A 
regression neural network was created and tested 
using data from SNAP participation of the last ten 
year’s population, income, and other economic 
factors. The program successfully predicted 
future SNAP recipients and resulted in an average 
accuracy of 95%. The study found that Western 
Kentucky still suffers from severe food insecurity, 
but due to changes during the pandemic, it is 
predicted that Northern Kentucky will see an 
increase in SNAP participation disproportionate 
to the South. Ultimately, the program correctly 
identified nine counties at serious risk and another 
seven at future risk. The program proved an 
effective and accurate tool for combating food 
insecurity by helping expand understanding about 
the root of the food insecurity issue. 

INTRODUCTION
 The effect of Covid-19 on all aspects of 
life has been extremely evident over the last two 
years. Unemployment and poverty have increased 
substantially (BLS, 2021). As a result, hunger has 
also spiked as a proportion of the population, 
rising from 10.9% in 2019 to a peak of 13.9% in 
2020 (Spratling, 2021). Access to food has since 
dropped significantly as well, but may increase 

with new virus variants becoming more prevalent. 
In America, food insecurity is represented on a 
county level, and of the fifteen hardest hit counties 
in the US, seven are in Kentucky (Spratling, 2021). 
There are efforts to combat food insecurity 
however, the main method being the SNAP 
program. The Supplemental Nutrition Assistance 
Program, gives aid to households in need and many 
counties in Kentucky require SNAP. However, it 
is quite expensive, costing nearly a billion dollars 
. The average homemade meal costs around $10 
in groceries but SNAP provides $1.39 per person 
per meal (Pugel, 2021). Understanding how food 
insecurity in the State will change can let the 
government know where resources and money 
must be moved early, cutting costs and making 
the system more efficient. This in turn, can lead to 
more money actually being distributed to benefit 
recipients. 
 This will be accomplished by creating a 
machine learning program in Python. Python is 
the optimal language for this project because of its 
large data science capabilities. Machine learning 
is a field of study where large amounts of data 
are given to a computer to detect patterns. In 
this study, government data about the economy, 
income, distance from food vendors, and past 
data for SNAP recipients will be used to predict 
future SNAP recipient numbers. A machine 
learning model, trained to recognise certain 
patterns, will be used in the prediction. The model 
will be trained with a multivariable regression, a 
statistical procedure that utilizes multiple factors 
to determine a final factor. The training consists of 
‘studying’ the data and the relationship between 
the different factors. After training, the program 
will begin testing itself, or practice predicting. 
It will predict sample values and compare them 
to actual values. Changes will be made to the 
prediction algorithms to increase accuracy. Finally, 
the program will take new values and make a 
prediction. 
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 Multivariate Regression is preferred in this 
study over linear regression because of the amount 
of variables at play. It compounds a number of 
different variables and determines their relationship 
with the final dependent variable. The aim of 
this project is to create an effective and accurate 
tool for combating food insecurity. It also aims to 
understand deeper underlying issues at the root 
of these issues in Kentucky. Specifically, the goal 
is to create a computer program to accurately 
predict the amount of SNAP benefit recipients 
for a Kentucky county in 2022. By comparing the 
data between different counties, the accuracy will 
be calculated and trends throughout the state will 
be determined. To test the accuracy, the program 
will be run and the prediction compared to counts 
in 2021. The predictions will be used to assess 
how the number of recipients for a county will 
change and which are most at risk of hunger in 
the upcoming year. The data will be reported with 
a basic accuracy formula. In a recent  study, a 
machine learning program was created to predict 
the proportion of income support recipients to 
the total population. A model was created, and 
Australian data from the government support 
program dating from 2014 to 2018 was used 
to train it. The model made predictions proving 
that machine learning predictions were 22% 
more accurate than R2 least squares predictions 
(Sansone & Zhu, 2021). The results prove that 
this type of prediction is both possible and more 
accurate than conventional methods. The study 
is different from this project because of how 
the model was made. That study utilized a linear 
regression model, which is somewhat simpler and 
yields different results than what this project aims 
to do. Linear regression needs one independent 
variable, whereas this project aims to create 
a model using multivariable regression, which 
requires multiple factors. This project also aims 
to predict hard numbers rather than proportions. 
Finally the timeframe of data being used will 
be shorter in this project due to concerns over 
accuracy.  study utilized health data to predict if a 
person would apply for SNAP benefits. A program 
was created that used a least squares linear model. 
The model was given sample self reported health 
data to predict the probability that an individual 
would apply for the program. The study concluded 
that newer recipients were more likely to have 
a higher socioeconomic status, health, and food 

security than their older counterparts (Hamad 
et al., 2019). These findings suggest that it has 
become increasingly difficult to provide food, and 
forecast a possible growth in SNAP recipients in 
the coming years. They are especially important 
as they provide a good hypothesis going into 
this project. The findings also highlight which 
factors may have more weight than others for 
predictions. The study differs with this project 
because it uses a different statistical technique 
and a different model type. It also focused on the 
probability an individual would apply for benefits 
while this project aims to predict changes in the 
total population of recipients for a given county.

METHODOLOGY
 The program and model to predict future 
SNAP recipients was created in Python using keras, 
tensorflow, sk-learn, pandas, and numpy libraries. 
The breakdown of the program is as follows. After 
running the program, the user will be prompted 
to enter a specific file from the computer. The 
file is uploaded and data is extracted from it into 
a dataframe. The data is then cut to size and 
prepared to go into the model. In order to achieve 
the best results, the data must be split into testing 
and training datasets. The model will learn the 
trends using the training dataset and correct itself 
or perfect its predictions using the testing set. 
After the data is split, the model is created as a 
Sequential keras model. The model uses LSTM, 
dropout, and dense layers. The model is compiled, 
or is preparing to run, and then fitted. Fitting 
is where the model practices using the training 
and testing datasets. Finally the first model is 
run using the chronological SNAP data from the 
last 10 years. The first model will predict into the 
future to forecast the 2022 SNAP recipient count 
for the given county. In order to further refine 
the prediction and increase accuracy, a major 
distinction between this program and others is 
the use of a second model. Using a second linear 
regression model significantly boosts the prediction 
accuracy and reliability of the mode. The output 
from the first model is fed directly into the second, 
which uses other important factors in the data, 
such as county population, average income, and 
a risk metric created that measures poverty and 
affordable food purchase availability.  Finally, the 
second model predicts the count using the first 
model’s prediction and other variables. Finally a 
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decision tree is used to determine which prediction 
should be used depending on the size of the 
county. Prior trials using 2021 data revealed that 
different combinations of model usage can provide 
more accurate results, for example, the boosted 
prediction using both models is best for predicting 
counties with populations between 3000 and 
7000.

When the program is run, the prediction is 
printed and a graph is given comparing the actual 
and the predicted counts. From there, accuracy 
is calculated, and the trends are observed. A 
computer with internet access is needed as the 
program is stored on the cloud with google colab 
research. The files store all values in an excel 
sheet saved with the .csv file extension. The SNAP 
data being used is collected yearly from each of 
the 120 Kentucky counties. This data is indirectly 
taken from the US Census along with average 
wage. Other materials needed are publicly available 
Python libraries. These hold functions which can be 
used in the program. 
 In the creation of the dataset, the choice 
to use SNAP data from the last 10 years was 
an important one. In a previous project, it was 
discovered that shorter datasets from more recent 
times were more effective for achieving accurate 
predictions in machine learning programs. That 
discovery was implemented in the design of this 
project, leading to the use of data from the last 10 
years even though SNAP data is available from 40 
years ago. 

DATA & RESULTS
 All 120 counties in the state of Kentucky 
were used in the program for testing along with 
a a total for the State of Kentucky. For each 
county, one trial was conducted and a prediction 
for the number of SNAP recipients in 2022 was 
made. Next, the accuracy was calculated for every 
prediction and average accuracy was taken for 
all trials was found to be 95%. The accuracy was 
calculated using the 2022 counts which came out 
in January. 

 Table of Actual data is attached in Appendix. 
In the graph above, one can see how recessions in 
2010 and 2020 respectively had serious effects 
on the number of people in Kentucky enrolled in 
SNAP. 
 In the prediction a county index number was 
inputted and a prediction was output. The program 
would also give a graph to compare the actual and 
the predicted counts such as the graph below. 

 The graph above shows the predicted 
proportion of SNAP benefit recipients in 2022 
for each county. This graph has been sorted to 
show the counties with the lowest proportion of 
recipients to total population. Many of the counties 
shown, such as Fayette county are somewhat 
wealthy, and have plenty of access to affordable 

Graph 1. Actual SNAP Beneficiary Count for 2022 in the 
state of Kentucky

Graph 2. Actual SNAP Beneficiary Count vs Predicted for 
2022 in the Bath  County

Graph 3. Predicted Proportions  of Population enrolled in 
SNAP by County, lower quarter
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the predicted number of recipients in 2022, the 
accuracy of the prediction was also calculated. All 
accuracy for this range of values was above 85%. 

 The next group of thirty counties sorted by 
the proportion of the population who are SNAP 
recipients is shown above. This grouping has a 
slightly higher proportion than the previous one 
and includes many medium sized counties, along 
with bigger counties such as Jefferson. The average 
proportion for Kentucky can also be found here. 

 This third graph shows the third group 
sorted by proportion of SNAP benefit recipients. 
This group also includes many small and medium 
sized counties scattered throughout the state. Most 
of this group has over 15% of the population being 
members of the SNAP program.

This final group shows the counties with the  
highest proportion of SNAP benefit recipients. 
These counties are small, rural, and many are in 
Western Kentucky. 

Graph 4. Predicted Proportions  of Population enrolled in 
SNAP by County, second quarter

Graph 5. Predicted Proportions  of Population enrolled in 
SNAP by County, lower quarter

Graph 6. Predicted Proportions  of Population enrolled in 
SNAP by County, lower quarter

Key: 0-5% - Green, 5-10% - White, 10-15% - 
Yellow, 15-20% - Orange, 20-25% - Red, 25-above 
- Dark Red

 Overall, in Kentucky, the total number of 
recipients actually decreased in 2022. As shown 
in figure 1, Western Kentucky still has the highest 
number of SNAP recipients than any other region.

Key: 10% to above - Dark Green, -10 to -1% - 
Green, -1 to 1% - White, 1 to 10%  - Orange, 10 to 
20%  - Red, 20 and above - Dark Red

 Surprisingly, Northern Kentucky was actually 
more heavily affected by the Pandemic than the 
South. Larger cities were hurt worse than rural 
communities, and many of which are concentrated 
in the North along the Ohio River.

 In order to guarantee that the predictions 
could be used to make generalizations about the 
data, the validity had to be calculated. The validity 
of the predictions was found using an accuracy 
formula. Using the formula below, first the error 
was calculated by subtracting the actual and the 
predicted beneficiary counts. The absolute value 
of this error was found followed by a calculation 
to determine the accuracy. The accuracy was then 
placed into a table with the corresponding county.

Figure  1.  Predicted  Proportions of Population enrolled 
in  SNAP by County

Figure  2.  Predicted Changes in SNAP enrollment by 
County

STATISTICAL ANALYSIS
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Prediction Error= | (Actual−Predicted)/Actual |
100 - Error = Prediction Accuracy

 After calculating the accuracy for each 
county, it was found that the average accuracy was 
about 95%. The standard deviation was also 5%, 
meaning the vast majority of prediction accuracies 
lay above 90%. The lowest prediction accuracy was 
65%, which was an outlier. The highest prediction 
accuracy was 99.94%. 83% of the predictions had 
accuracies at or above 90% and a further 61% 
of the predictions had accuracies over 95%. The 
full table with predictions, error, and accuracy is 
attached in the appendix. 

With the goal to accurately predict the amount 
of SNAP benefit recipients for a Kentucky county 
in 2022, a computer program was created. The 
program would utilize machine learning and 
would input certain values to learn trends in the 
data. The inputs of the program included county 
population, average income, abundance of food 
accessibility, and a decade of past SNAP data. The 
program would then be prompted to predict the 
future number of SNAP recipients using data from 
the current year. The output of the program was 
the prediction for the year of 2022 for a specific 
county. To test the accuracy, the program was run 
and the prediction compared to actual counts in 
2022. The prediction was then used to assess how 
the number of recipients for a county will change 
and which Kentucky Counties are most at risk of 
increasing hunger in the upcoming year. The data 
collected shows the error and accuracy of each 
prediction of the counties used. The model was 
extremely effective in predicting the number of 
SNAP beneficiaries for each county. The average 
accuracy for every county was 94%. Almost 80% of 
the predictions had an accuracy greater than 90%, 
and a further 33 of the 122 predictions had over 
98% accuracy. The model proved fairly consistent 
as well when predicting counties of all population 
sizes. The model was extremely effective for 
forecasting the recipient counts for extremely small 
counties with populations less than 6000. These 
counties had an average accuracy of 93%. The 
model occasionally struggled with small to medium 
sized counties, populations of about 15000 to 
20000, and the consistency of accuracy varied. 

In the most extreme case the worst prediction 
accuracy for this range of county size was 71% 
and the best was 99.7%. Overall, however, the 
model proved reliable. The use of the model 
shows that Kentucky as a whole actually will see 
a decrease in the number of SNAP recipients, but 
county by county, the changes are wildly different. 
Predictably, many counties in Eastern and Western 
Kentucky are experiencing high food insecurity. 
Food deserts are extremely prevalent in these 
counties but the model actually predicts that the 
situation will likely improve in the coming year. 
Quite surprisingly however, many of the counties 
that see the highest predicted increases, and 
therefore worsening food insecurity are actually in 
Northern Kentucky, many along the border with 
Ohio and Indiana.
 A possible reason for the result is that the 
counties were hit differently by the Covid-19 
pandemic. Before the pandemic, counties in 
Eastern and Western Kentucky were already in a 
worse position and had high pre-existing rates of 
food insecurity. Most of these counties are rural 
communities with low populations. The counties 
most affected were ones with larger populations, 
which mostly lie along the Ohio River. Larger 
counties usually have denser populations, and are 
therefore harder hit by the pandemic. The counties 
that contain Louisville and Lexington do not match 
the trend of larger counties having bigger increases 
in SNAP enrollment, likely because they were better 
equipped to handle the pandemic and the fact that 
extremely large cities have an abundance of food 
accessibility.
 One possible reason for the inconsistency 
in predictions for counties in the population range 
of 15,000 to 20,000 is that medium sized counties 
are spread over Kentucky and are quite different 
from one another. There are many factors in this 
range that were not accounted for in the program, 
and it is believed that more independent variables 
could be used to increase the accuracy for this 
range.
 In one study, a machine learning program 
was created to predict the proportion of income 
support recipients to the total population. A 
model was created, and Australian data from the 
government support program dating from 2014 
to 2018 was used to train it. The model made 
predictions and proved that machine learning 
predictions were 22% more accurate than R2 least 
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squares predictions (Sansone & Zhu, 2021). The 
results prove that this type of prediction is both 
possible and more accurate than conventional 
methods. The study is different from this project 
because of how the model was made. That study 
utilized a Linear Regression model, which is 
somewhat simpler and yields different results than 
what this project aims to do. Linear regression 
needs one independent variable, whereas this 
project aims to create a model using Multivariable 
regression, which requires the use of multiple 
factors. This project also aims to predict hard 
numbers rather than proportions. Finally the 
timeframe of data being used will be shorter in this 
project due to concerns over accuracy.
 Another study utilized health data to 
predict if a person would apply for SNAP benefits. 
A program was created that used a least squares 
linear model. The model was given sample self 
reported health data to predict the probability that 
an individual would apply for the program. The 
study concluded that newer recipients were more 
likely to have a higher socioeconomic status, health, 
and food security than their older counterparts 
(Hamad et al., 2019). These findings suggest that it 
has become increasingly difficult to provide food, 
and forecast a possible growth in SNAP recipients 
in the coming years. These results are especially 
important as they provide a good hypothesis 
going into this project. The findings also highlight 
which factors may have more weight than others 
for predictions. The study differs with this project 
because it uses a different statistical technique 
and a different model type. The study also focused 
on the probability an individual would apply for 
benefits while this project aims to predict changes 
in the total population of recipients for a given 
county.
 One recommendation for future research 
includes adding independent variables to increase 
accuracy. A good way to improve accuracy is by 
giving the model more information to learn and 
train on. New data could include the local economy 
(such as agricultural or not), diversity of food 
options, homeless population, and health factors. 
All of which are metrics that could affect food 
insecurity.  A second recommendation to expand 
on the findings is to determine which methods 
are best for combating food insecurity. There 
exist multiple means of reducing food insecurity, 
including opening food banks, supporting charities, 
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ABSTRACT
 This experiment focuses on the effects of 
temperature on the growth of synthesized E. coli 
DNA. Synthetic DNA is the remaking of existing 
biological entities. It was hypothesized that if 
synthetic DNA and proteins are grown at hot 
temperatures, then the absorption rates would 
be higher because the enzymes would speed up 
metabolism and cells would increase rapidly in 
size when growing any type of bacteria in warmer 
temperatures.
 For the experiment, the growth media 
consists of luria broth, ampicillin, and isoamyl 
alcohol. The E. coli was placed into four tubes for 
each group and their respective temperature zone. 
 The most absorbance rates occurred in 
at 120˚F and 100˚F and 0.8 was seen by the 
spectrophotometer, which indicates a greater 
absorbance and less light passing through it, 
while 70˚F had significantly lower absorbance 
rates and lower values in the spectrophotometer 
.Spectrophotometer results are significant to this 
project as it monitors the bacterial growth and it’s 
transmittance. 

INTRODUCTION
 Synthetic DNA is the reengineering or 
remaking of existing biological entities/systems in a 
gene. While it is still an emerging field, it is still very 
important and can be helpful in curing diseases 
that have no cure, improving the medical industry 
generously. Synthetic DNA is really flexible making 
it easy to work with;this genetic modification 
process can also be edited on computers, and 
it provides so much information about the 
organism that the genetic code can be modified. 
This type of DNA is also helpful because it  can 
lead to many cures to incurable diseases such 
as cancer, diabetes, the normal cold, and many 
other diseases. The problem that this project aims 
to solve is to make this process much simpler to 
show the benefit of synthetic DNA and decrease 
the cost of it to make it easily accessible so more 

discoveries can be made with it.
 Synthesizing DNA is a complex process.  
The simplicity of the process will open up more 
opportunities for synthetic DNA research and new 
discoveries.
 With the high cost of Synthetic DNA, 
ranging in the $100-$2000 price, this technology 
should be made available to everyone. The goal 
of this project is to maximize the affordability and 
productivity of Synthetic DNA.
 This was achieved by exploring the  effect 
of varied temperature on the growth of synthetic 
DNA and proteins. Proteins can be processed 
at a very cold temperature, but on the other 
side, the bacteria cannot be grown in a very cold 
environment. The bacteria used, E. coli, can survive 
up to 39˚F and 113˚F. The hypothesis for this 
project is that if synthetic DNA and proteins are 
grown at hot temperatures then the absorption 
rates would be higher because the enzymes speed 
up metabolism and cells increase rapidly in size 
when growing any type of bacteria in warmer 
temperatures.

METHODOLOGY
 This project was tested on different, safe, E. 
coli  strains to determine how synthetic DNA 
impacts the E. coli. In the experiment, a growth 
media for the E. coli is made which serves as the 
Synthetic DNA since this part makes the E. coli 
believe the growth media has its DNA that resulted 
into a synthesized version of the E. coli. There are 
4 established data groups. Each of these groups 
would be at different temperatures. For example, 
group 1 could be in 70˚F.
 The first step in this experiment was to 
create the  growth media for the E. coli to grow 
in which consisted of 600 mL of Luria broth 
(Luria broth provides food for the bacteria),  3 
mL of ampicillin, and 500 mL of isoamyl alcohol. 
The substance that acts as a substrate for the 
enzyme and specializes in changing the smell of an 
organism.
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 After growth media is made, it was 
distributed into 4 groups of 4 tubes, each group 
will be in a separate temperature zone.  The 
growth media was then added to these tubes, then 
the different strains of E. coli were added in each 
tube. Then 4 types of different E. coli strains were 
added so that each tube had a different E. coli.
 The names of the 4 groups were dependent 
on the temperature or setting they are grown in. 
The first group is the lowest group of 50°F, the 
second group is 70˚F, the third group is 100˚F, and 
the fourth group is 120˚F.
 The amount of days each temperature 
zone’s E. coli was also noted and analysis of  smell, 
appearance, size, and other notes regarding change 
with the Synthesized DNA were also noted.
 After the E. coli’s growth and data 
was obtained, each tube was put into a 
spectrophotometer in order to see the densities 
and more information about the E. coli growth.

DATA & RESULTS

 From this graph, it is inferred that it took 
the least amount of time for the E. coli in the 
hottest temperature to grow compared to the E. 
coli growing in the low temperature.

 The 110˚F had only one day while the 50˚F 
had five days of growth and 50˚F had the least 
amount of results with the most time. But on the 
other hand, the 110˚F had the most amount of 
results with less growth period.
 This graph shows the smell changes 
that happened to synthesized E. coli in each 
temperature zone.

As shown, again the colder temperature had 
a higher change in smell (the isoamyl alcohol 
added to this will change the smell into a sweeter 
scent which was a banana scent). The higher 

scent which was a banana scent). The higher 
temperature ones again had the lowest amount 
of smell change too. The next graph shows visual 
changes each synthesized E. coli had the 50˚F, 
the E. coli has a very foggy appearance and big 
colonies of E. coli could be seen, in the 50˚F, there 
were smaller colonies but still, could see them 
and they also had a very foggy appearance, in the 
100˚F, the E. coli growth was in “dust particles” 
not in big groups but rather in a particle form and 
it was harder to see what was going on, and in 
the last one, the comfort zone, there was little 
particles/colonies and it was the hardest to see 
what was going on.

The following graph shows the average of 
all ten trials of each temperature zone in the 
olfactometer, and on average the 120˚F still has 
the most amount of smell change while the 50˚F 
only has a 2% average.

 This project aimed to answer how 
temperature affects the growth of synthesized E. 
coli DNA. Another purpose was to also make a 
process that makes the synthetic DNA  process 
faster so the cost would decrease. The hypothesis 
for this project was that if synthetic DNA and 
proteins are grown at hotter temperatures then 
the absorption rates would be higher because the 
enzymes speed up metabolism. The reason why 
hotter temperatures will have more successful 
results is because as the temperature of the 
environment goes up it makes the molecules move 
faster, the enzymes speed up metabolism and it 
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results in the cells rapidly increasing in size.
 This experiment’s data and results are 
significant as it shows that the project’s goals of 
making synthetic DNA cost effective, accessibility 
and easy process was achieved. The data indicates 
that the goals were achieved as there was less time 
span for the E. coli growth with more success rates 
of more change in smell, appearance, and more 
density. The results convey that this experiment 
has made the process of synthetic DNA cost 
effective as fewer steps were taken to maximize 
the amount of results with less equipment. Cost 
effectiveness resulted in easy accessibility as less 
cost would make it available to more researchers 
and make more use of it.  In conclusion this 
experiment is important because of its goals 
achieved through a simple process, cost effective 
and easily accessible.
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