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ABSTRACT

Al FOR PERSONALIZED MEDICINE

In 2021, Americans spent an estimated $4.3 trillion dollars on healthcare, an
extraordinary amount for treatment that is often less effective than care in other developed
nations (1-3). Precision, or personalized, medicine represents a new frontier in healthcare that
promises treatment plans and optimized health strategies tailored to an individual (4) thereby
making medicine more effective and less costly. Contemporary Artificial Intelligence (Al) and
Machine Learning (ML) approaches have tremendous potential to advance the field of precision
medicine by leveraging the technology’s power of deciphering patterns in the data to make
predictions about an individual’s health outcomes (3, 5-8). However, many developing Al/ML
approaches to precision medicine have not proven particularly successful in making accurate
predictions and conclusions mostly due to the limited availability of high-quality medical data
for input. The Wake Forrest University Non-Human Primate Radiation Late Effects Cohort (NHP
RLEC) provides an unprecedented opportunity to test Al’s ability to be trained on a
comprehensive human health analog data set in an experimentally irradiated Rhesus monkey
cohort with extraordinary life-time records of biomarker levels and health outcomes. Here, we
test prevalent, scalable ML models to improve accuracy of predictions specifically related to
radiation biomarkers, dose, and health outcomes. We find that CatBoost, ElasticNet, and
XGBoost models can accurately predict lymphocyte counts for both monkey populations and

individual monkeys. Furthermore, these models can accurately predict radiation dose and



biomarker levels using only five other features within the models. Although the models were
only marginally successful at predicting lymphocyte counts using radiation-related data alone,
and at predicting the health outcomes of the monkeys, these findings and this unique dataset
represent key steps toward refining the combinations of factors necessary for the successful

use of Al/ML models in precision medicine for humans.
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CHAPTER 1: INTRODUCTION

Background
Context

The laboratory of Dr. Susan Bailey focuses on using Al to advance fields related to
radiation health. As such, the work in this thesis was inspired by the former research of Dr.
Jared Luxton who used ML to begin classifying how prostate cancer patients (9) and astronauts
(10) respond to radiation therapy and space radiation respectively, using telomere length and
chromosome aberrations as informative biomarkers of exposure and potential health
outcomes. Although confined to the context of the specific research studies, Dr. Luxton’s work
provided a valuable framework for the current studies.

This thesis represents next steps and provides highly tested, generalizable, precision
medicine ML models to be used within the radiation health field. While the Al developed here
needs to be evolved before clinical use, this research builds a foundational platform by
providing proof of concept using ML to make personalized health predictions. The limits and
uses of different ML models are illustrated in this work, and commentary on how medical Al
should be best developed for the radiation health field is posited based on the research
findings. Future uses of the Al developed here can be analytical by testing how different
variables affect a predicted outcome and assessing which features correlate to specific end
states. Future uses can be clinical by adapting the models for diagnostic and mitigative uses in
the radiation health field. And future uses can also be technical by providing a benchmark and

platform for other Al models to be built and tested against.



Therefore, my goal and hope is that this work provides the Bailey lab (and the rest of the
research community) easily accessible tools for implementing Al to further their research
objectives. | also hope that organizations such as NASA will use the work here to advance their
predictive, personalized medical capabilities to grant future generations the opportunities and

wonder of space.

Space — the next frontier

With the increasing popularity and availability of commercial space flight, space offers a
promising future not only for exploration and discovery, but also for industry and planetary
colonization. However, all such possibilities require prolonged periods of time living and
working in the extreme environment of space. Currently, long duration space flight and
habitation is precluded by deleterious and largely unknown health effects on the human body.
While NASA has declared that the “number one” obstacle for achieving lunar and Martian
missions is exposure to space radiation (11) there other numerous, well annotated health
effects associated with space travel are numerous and include various maladies such as
deformation of the eyes, muscular atrophy, bone density loss, increased inflammatory
response, neurological fluid redistribution, skin injuries, immune dysregulation, and countless
internal biological changes (12-14).

While some of the physiological changes to the human body are well appreciated, there
are a multitude of molecular changes that occur during spaceflight, as well. The NASA Twins
Study and Telomeres investigations (13) (10, 14) represent foundational studies for evaluating

molecular changes associated with long-duration spaceflight, which will be continued with the



sentinel Complement of Integrated Protocols for Human Exploration Research (CIPHER) study.
Among the molecular changes that occurred due to space, several well-known biomarkers such
as telomere length also respond to spaceflight, sometimes in unexpected and profound ways
(10). The long-term health implications of such biomarker alterations are still unknown, and the
confounding nature of such changes introduces entirely new variables into the risk mitigation
strategies of NASA and other space companies when attempting to plan for long duration space
missions. Therefore, being able to accurately predict relevant health biomarker dynamics of
astronauts, particularly in response to ionizing radiation (IR) exposure, will be critical to
unlocking the possibilities that the next generation of space travel has to offer for exploration,

habitation, and business opportunities.

Individual radiosensitivity

The difficulty with predicting how a person’s health might be affected by exposure to IR
is that individuals respond very differently (12). Meaning, that with the same IR exposure, two
people could manifest very different health effects like cancer, immune system dysfunction,
skin injuries, etc. (11, 12, 15). Even in cases where IR is being used for therapeutic benefit (e.g.,
radiation therapy for cancer), patients’ response to radiation can vary greatly (9, 16, 17).
Individualistic responses to IR exposure, and physicians’ inability to accurately predict a
patient’s response, increases the risk of developing radiation late effects (e.g., secondary
cancers, cardiopulmonary disease) following radiation therapy (16-18); thus, better predictions
of a person’s individual radiosensitivity is of vital importance to effective treatment planning

(9). Similarly, in cases of accidental environmental exposures such as those associated with



Three Mile Island, Fukushima, Chernobyl, or other nuclear disasters, accurate radiation dose
estimation is critical for effective treatment strategies for exposed individuals (19).
Occupational radiation exposures (e.g., mining, airline pilots and crews, and astronautics) are
also a concern. In all cases, effective treatment measures and mitigation strategies to reduce
the long-term health effects of radiation exposure would be better informed by knowing what
biomarkers to look for in order to more accurately predict individual radiosensitivity and/or the
dose they received.

Traditional statistical methods (such as mixed linear modeling) have been used to try
and predict a person's response to radiation. However, to date, these methods have had
limited success and are often confined to the context of the study they are implemented in.
New generations of computational and analytical power, specifically artificial intelligence (Al)
machine learning (ML), provides promise that personalized, precise tools can be developed to
better predict how a person will respond to radiation exposure, thus allowing more effective
and more powerful mitigation strategies to be developed for exposed populations, including

astronauts.

Artificial intelligence

The use and prevalence of Al, or the simulation of human intelligence processes by
machines, is rapidly becoming a foundational tool in science as has seen application in a variety
of fields including medicine, genetics, and biomarker prediction (6, 20-23). The power of Al
particularly within the medical field is based on Al’s ability to decipher patterns within data that

would otherwise go unnoticed by the obtuse speculations of traditional analytical techniques



including the human eye. This property is extremely promising for advancing fields such as
personalized medicine, the goal of which is to personalize treatment strategies based on how a
particular individual is predicted to respond to difference therapies and health effectors.
However, Al has yet to be used for predicting how a person will respond to radiation exposure
and is still unused by the space health community.

Many of the recent advancements in Al utilize foundational models such as neural
networks (24-26) (generally, deep learning models) that require involved software engineering
and are based on processes that are still largely unknown, making them less than ideal for many
life science research applications. However, there are ML techniques, particularly gradient
boosting, that have proven easier to use and are still effective within biological and medical
research (9, 23, 27, 28). Gradient boosting models are also easier to grasp conceptually, easier
to use practically, and easier to scale for people with minimal computer science knowledge.
Therefore, while | test and compare different forms of Al within this research project, | focus on
the production of robust gradient boosting models for general use and scalability for future
generations of research effort and applications of Al in space health.

Reductively, gradient boosting works by making ensembles of decision trees from the
data that iteratively step towards predicting data points with increasingly smaller variance from
the true values. There are several useful features of gradient boosting that allow for more
precise study of how Al can be used within aerospace medicine and health. Notably, these
models can describe how important different features within the data are for making accurate

predictions, and the analytical parameters that the model uses are easily tuned and modified



for greater accuracy. This reduces the “black box” effect of many Al tools, empowering
researchers to refine the data use and computational necessities of Al for specific applications.

The greatest barrier to using any Al within the context of precision medicine, and space
health in particular, is that Al models are only as good as the data used to train them (29). In its
simplest form, Al takes data, finds patterns within that data, and uses those patterns to
perform different calculations such as predicting, classifying, and even generating text or
images. There are several choke points within this pipeline framework, primarily the amount
and quality of data that the Al can use to find patterns. For example, imagine that your friend
tells you about a new type of animal that they found in the woods, and you are trying to draw a
picture of that animal for National Geographic. If the person telling you about the animal is
extremely descriptive, your drawing will be better than if the person can only tell you crude
details about the animal. Similarly, if an Al model is given incomplete or very sparse data, the
end products it will produce will be equivalently incomplete or inaccurate.

This critical issue is exacerbated when trying to apply Al within the context of human
health data, which is highly protected, siloed, and generally not available for robust use by
artificial intelligence (6, 30). Furthermore, health data from high profile individuals, like
astronauts, is even more limited as the population is small and health data is highly protected

by NASA and HIPAA regulations.

Non-Human Primate Radiation Late Effects Cohort
The extreme limitations associated with obtaining human health data in general, and

the relatively small populations of humans exposed to high doses of ionizing radiation, make it



imperative to build models on data sets from exposed human analogs. While it is recognized
that human health analogues are limited in their ability to translate to human health precisely,
developing and testing Al strategies on different data sources to inform evolutions of models
that directly deal with human data is a powerful approach that is described as one-shot or few-
shot learning (31).

Thus, the Al models described within this research use a robust, comprehensive, and
highly contiguous dataset analogous to human radiation response to build base models that
can be elaborated upon with other data (including human health and astronaut data) to make
more powerful predictions about human health on Earth and in space. Specifically, the data
used for this study is a compilation of rhesus monkey health records and blood panel
collections from Wake Forest University’s Non-Human Primate Radiation Late Effects Cohort
(NHP RLEC). Monkeys in the cohort have had frequent blood analytics performed
(approximately every month) and meticulous health records kept while housed at Wake Forrest
University. Additionally, the monkeys are of different sexes, ages, species, have experienced
various IR exposures at different places prior to their arrival, and they are observed for their
entire lifespan. This dataset is unique as it includes both detailed dose information, continuous
health assessments, and health outcomes throughout the monkey's lives. Thus, this remarkably
rich dataset is ideal for development and testing of Al models and sets a benchmark for future

evolutions of medical Al for humans.

Hypothesis



My overall hypothesis is that artificial intelligence (Al) models can be developed to
greatly improve predictions of radiation dose, biomarkers, and health outcomes of exposed
rhesus monkeys, which will serve as a proof-of-principle demonstration of the translational

potential and future application of Al to exposed human populations.

Rational & Intent

The comprehensive nature of the monkey dataset together with the powerful analytical
and predictive properties of Al will be used to catalyze creation of Al tools capable of making
accurate predictions regarding radiation dose, biomarker dynamics, and health outcomes of the
exposed monkeys. As the monkey dataset is analogous to human health within the context of
radiation exposure, Al models built upon this extraordinary resource will provide the
foundation for further evolutions with potential to direct human health datasets and Al for
personalized medicine. This research will provide a proof of principle demonstration of the
efficacy of Al within the overall context of personalized medicine, which will have future
application to exposed human populations on Earth, as well as astronauts on exploration
missions, living and working in space in pursuit of capitalizing on the opportunities of space,
and ultimately colonizing other planets. To directly test the hypothesis and develop powerful Al
approaches and models for predicting radiation effects, the NHP RLEC data set will be utilized

to:

Aim1: Predict IR-induced blood biomarker levels



ML models will be developed to predict the blood biomarkers of both a subpopulation
of monkeys, and of a randomly chosen individual monkey. Accurate prediction of the blood
biomarker levels would be a substantial step towards predicting the internal health statuses of
the monkeys. Predicting blood biomarkers offers a cost effective and highly replicable use of Al
within the context of radiation exposure health effects. Being able to predict blood biomarkers
lays the groundwork for expanding other biomarkers such as cancer biomarkers, aging

biomarkers, and other cellular biomarkers like telomere length.

Aim2: Predict IR-induced health outcomes

ML models will be developed to classify the occurrence of different health outcomes for
the individual monkeys. Accurate prediction of the health effects experienced by the monkeys
as a result of their radiation exposure paves the groundwork for being able to plan treatment
and mitigation strategies for other exposed populations, including humans. These findings and
the Al tools developed will also provide a framework for improving and informing powerful
personalized medicine approaches. Accurate prediction of IR-induced health outcomes such as
cancer, cardiovascular disease (CVD), and neurological diseases, greatly increases the potential
effectiveness of prevention, treatment, and early mitigation efforts of otherwise devastating

diseases.

Aim3: Predict radiation dose
ML models will be developed to predict radiation dose that a monkey was exposed to

using the blood biomarker data. Development of Al tools capable of accurately predicting the



known dose of radiation an individual monkey was exposed to provides a means not only of
validating results from other aims of this research, but also establishes a means for quickly
generating critical insight into any given IR exposure, whether accidental, intentional, or

occupational, thereby informing triage, treatment, and prognosis strategies.
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CHAPTER 2:
USING Al TO PREDICT RADIATION BIOMARKERS, DOSE, AND HEALTH OUTCOMES

IN EXPOSED RHESUS MONKEYS?

Overview

Individual radiosensitivity, or a person’s response to intentional or incidental ionizing
radiation (IR) exposure varies considerably (1). This personalized response to IR makes it
difficult to form treatment strategies for people exposed to IR (such as in radiation therapy, or
occupationally as an astronaut) and for those who have already been exposed to radiation
(such as an atomic bomb survivor). However, contemporary Artificial Intelligence (Al) and
Machine Learning (ML) approaches in the field of precision medicine have potential to help
clinicians to formulate radiation treatment and mitigation plans by leveraging Al/ML’s power of
deciphering patterns in the data to make predictions about an individual’s health outcomes (2-
6). However, many developing Al/ML approaches to precision medicine have not proven
particularly successful in making accurate predictions and conclusions mostly due to the limited
availability of high-quality medical data for input. The Wake Forrest University Non-Human

Primate Radiation Late Effects Cohort (NHP RLEC) provides an unprecedented opportunity to

1.This is a draft of a manuscript being submitted to the Radiation Research Journal as
part of a special issue on the NHP RLEC cohort. Author information: Aidan M. Lewis1,2*, Yuiko
Chinol1*, Thomas E. Johnson1, John D. Olson3, George W. Schaaf3, J. Mark Cline3, Susan M.
Baileyl,2T. 1Department of Environmental & Radiological Health Sciences and 2Cell and
Molecular Biology Program, Colorado State University, Fort Collins, CO USA. 3Wake Forest
School of Medicine, Winston-Salem, NC USA. *Radiation Research Society Scholars in Training.
tCorresponding Author
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test Al’s ability to be trained on a comprehensive human health analog data set in an
experimentally irradiated Rhesus monkey cohort with extraordinary life-time records of
biomarker levels and health outcomes. Here, we test prevalent, scalable ML models to improve
accuracy of predictions specifically related to radiation biomarkers, dose, and health outcomes.
We find that standalone CatBoost, ElasticNet, and XGBoost models can accurately predict
lymphocyte counts for monkey populations and for individual monkeys with accuracy up to
>99%. Furthermore, these models can accurately predict radiation dose and biomarker levels
using only five other features within the models with accuracy up to >99%. Although the
models were only marginally successful at predicting lymphocyte counts using radiation-related
data alone, and at predicting the health outcomes of the monkeys, these findings and this
unique dataset represent key steps toward refining the combinations of factors necessary for

the successful use of Al/ML models in radiation-related precision medicine for humans.

Introduction

In 2021, Americans spent an estimated $4.3 trillion dollars on healthcare, an
extraordinary amount for treatment that is often less effective than care in other developed
nations (4, 7, 8). Precision, or personalized, medicine represents a new frontier in healthcare
that promises treatment plans and optimized health strategies tailored to an individual (9)
thereby making medicine more effective and less costly. A promising application of precision
medicine is prediction and treatment tailoring related to individual radiosensitivity (1). Such
adverse responses to ionizing radiation (IR) exposure can range in severity from skin injuries

and immune system dysfunction, to increased risk of cardiovascular disease and cancer (1, 10,
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11). The high doses associated with radiation therapy are particularly problematic, as individual
differences in radiosensitivity are often unknown prior to treatment and can preclude
physicians and oncologists from making rapid diagnoses and effective treatment plans for
individual patients.

It is also challenging to predict radiosensitivity when considering occupational exposures
and predicting the extent of mitigation required to minimize health effects to individuals.
Although extreme, the growing number and diversity of astronauts living and working in the
space radiation environment for extended periods of time represents one such category.
Indeed, as plans to return to the Moon and to venture on to Mars become reality in the not so
distant future, NASA has stated that IR exposure is the “number one risk to astronaut health
beyond low Earth orbit (11).

A potential solution to the imprecise and unpredictability of IR exposure to humans may
be found in the emerging fields of personalized and predicative medicine, which aims to
forecast the health outcomes an individual or group of people will sustain based on their
exposures, propensities, demographics, etc. (6). Artificial Intelligence and Machine Learning
(Al/ML) has advanced the personalized and predictive medicine fields by finding correlative
patterns in patient data to make highly accurate predictions about the susceptibilities and
prognoses of an individual. The predictive properties of Al/ML make these technologies
promising candidates for creating risk mitigation strategies and treatment plans for IR exposed
patients. For example, we have previously demonstrated the utility of Al/ML tools in
applications such as making predictions of how individual prostate cancer patients respond to

radiation therapy (12). Using telomere length and chromosome aberrations as radiosensitivity
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biomarkers, this study demonstrated that XGBoost ML models can accurately predict the
biomarker dynamics of radiation therapy patients over the course of their treatment. Here, we
expand on our previous studies, to intensify and broaden the capabilities of Al/ML in
radiosensitivity health predictions.

However, one of the largest barriers to developing effective Al/ML applications for
advancing personalized medicine is that the models require large amounts of high-quality data
to make accurate predictions. Medical data for human patients is so highly protected that
obtaining enough human health data to create powerful Al/ML models is extremely difficult,
especially for early model development and for people/organizations without immense
amounts of funding. Here, we overcome current data challenges and to begin exploring the
capabilities of powerful Al/ML tools in personalized and predictive medicine by using
comprehensive health data from the Non-Human Primate Radiation Late Effects Cohort (NHP
RLEC) currently housed at Wake Forrest University. Referring to the cover paper of this special
edition, this unique Rhesus monkey dataset is highly valuable for advancing medical Al as there
are over 300 monkeys in the cohort with frequent blood analytics (appx. every month) and
meticulous health records. Additionally, the monkeys are of different sexes, ages, species, have
come from different places before arriving at Wake Forrest, and are observed for their entire
lifespan. Furthermore, ~79% of the monkeys have been acutely exposed to full body IR at
different ages and doses, creating a health-effector exposure that Al/ML models can attempt to
predict the health outcome of.

As reported in Yuiko Chino’s paper within this package, concurrent studies have shown

that to make informative analyses from the NHP RLEC data using traditional statistical methods
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(such as mixed linear modeling) one must drastically reduce the number of monkeys and
features to glean any insight into how the monkeys may be responding to the radiation.
Additionally, statistical modeling was able to determine the longitudinal changes of only a few
biomarkers within the reduced cohort. These methods are not able to make meaningful
analyses with large amounts of monkeys, with monkeys of varying age or sex, or with any
missing and/or non-numeric variables. And importantly, these methods are unsuccessful at
making accurate personalized assessments of a monkey’s health and biomarkers. This
significant limitation of information going into and coming out of the statistical models is
adequate for extremely minute analyses. But to make fast, scalable, individualized insights into
the health of monkey/patient, such reductive methods of investigation are infeasible. However,
Al/ML ameliorates many challenges of traditional statistical analyses within a health context by
offering larger data integration, multivariate analysis, and high throughput for individualized
applications.

Therefore, this study tests if CatBoost, ElasticNet, and XGBoost Al models can
accurately predict the radiation biomarker levels, the radiation dose, and the health outcome of
the NHP RLEC monkeys, as these models have been used successfully previously in related
applications (12-14), they are effective with minimal engineering, and they are promising
contenders for scalable, effective precision medicine Al/ML model. This study verifies the proof
of concept that Al/ML can be used for personalized health predictions related to individual
radiosensitivity within a structured, small population context. We show that these early models
are exceptional at biomarker and dose predictions with accuracy up to >99% and but may need

further refinement of health outcome classification before clinical application despite accuracy
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and precision as high as >95% in some cases. These developments represent the promising
potential of Al/ML in personalized medicine within the radiation field and are foundational for
further development and for future advancement towards achieving powerful Al/ML models

for human precision medicine.

Methods
Data Processing

The Blood Biomarker data for the monkeys included a complete blood panel for each
monkey over frequent timepoints throughout their lifespan. This data spanned from April of
2011 until November of 2021 and data on living monkeys continues to be collected. The
demographic breakdown of the monkeys as well as the 18-feature blood panel are shown in
(Figure 1A). This dataset includes 272 monkeys with 4552 total blood panel collections across
all monkeys at all time points. There were 970 collections for non-irradiated monkeys and 3582
collections for irradiated monkeys (Figure 1B). The final data was refined by removing
collections and/or features with very few data points and removing any monkeys from the data
set that showed possibly erroneous information (for example, showing a dose of radiation
when marked as a non-irradiated monkey). While the data used here is more structured and
complete than what would be expected in real world scenarios, the main objective of the
current study was to evaluate the efficacy of the models, which was most readily accomplished
with a clean dataset.

For the Health Outcomes dataset, the intent was to reduce data to what could

potentially be gleaned from a patient that had been exposed to radiation and the health
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outcomes thereafter. Therefore, as seen in Figure 1A, features included dose, time since
exposure, age at an exposure, basic demographic features of the individual monkey, 18
different health outcomes, and whether the monkey was living or deceased. The health
outcome data included 152 different monkeys, 120 that were exposed to radiation and 32 that
were not. Any time series features, or natural language notes were removed for simplicity. The
different health outcomes were then turned into binary features (i.e. has an individual monkey
experienced a particular health effect: yes/no) for the ML models to classify in this preliminary
form.

This structured, comprehensive data enables the benchmarking of model performance
in this initial stage of testing. Furthermore, the completeness of the data gives us confidence
that the variation in model performance is not due to the data, but due to the models
themselves, allowing for controlled experimentation of how different ML models perform
predicting radiation biomarkers, dose, and health outcomes under different technical

conditions.

Machine Learning Models

In this study, we compare the predictive efficacy of three different ML models:
CatBoost, XGBoost, and ElasticNet. The data for all predictions were split into 70/30% train/test
datasets in unsupervised pooling. Datetime data (date of birth, radiation date, sample date)
were omitted for regression and classification predictions. Categorical features for each model

were declared to the CatBoost models prior to training and were either converted to binary
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(0/1) or omitted for the ElasticNet and XGBoost models depending on the feasibility of
conversion.

CatBoost: We developed CatBoost gradient boosting ML models as CatBoost has been
shown to calculate more accurate predictions, operates faster, requires less parameter tuning,
and uniquely allows for the implementation of non-numerical data (such as sociodemographic
data) in the models (15). To predict blood biomarker levels in the monkeys, we utilized the
CatBoostRegressor method as the biomarker levels, such as lymphocyte percentages, were
measured as a continuous variable. For health outcome predictions, we utilized the
CatBoostClassifier method as we transformed the health outcome data into binary class data.
The learning rate for both the CatBoostRegressor and CatBoostClassifier models were set to 0.5
and iterations ranged from 1 — 1000. All other parameters were left at default unless using
Optuna optimization.

ElasticNet: ElasticNet was developed to enhance the learning efficacy of regression ML,
and as such, ElasticNet has previously shown to make robust biomarker predictions (16-21).
However, ElasticNet does not have an endogenous classification feature. Therefore, ElasticNet
was not used to make predict health outcomes but was used to predict biomarker levels and
dose. The models used an alpha of 1.0 and I1_ratio of 0.5 which are recommended for
problems such as these (22).

XGBoost: To predict blood biomarker levels in the monkeys, we utilized the
XGBoostRegressor method as the biomarker levels are measured as a continuous variable. For
health outcome predictions, we utilized the XGBoostClassifier method as we transformed the

health outcome data into binary class data. The n_estimators parameter for both the
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XGBoostRegressor and XGBoostClassifier models was set to 10 and “seed” parameter set to
123. For regression, the “objective” was set to “reg:squarederror” and for classification, the
“objective” was set to “binary:logistic” as these parameters are common to use for similar

problems out of the box (23). All other parameters were left at default.

Feature Importance

To fine-tune and reduce the “black box” effect of these models, we utilized CatBoost’s
internal feature importance function (24) to calculate which feature(s) influenced the
predictions the most. This function ranks the features based on how much, on average, the
predictions change if the given feature is changed. The sum of the feature importance values is
normalized, and the total of all feature importance values sum to 100. While similar
information can be gleaned from XGBoost and ElasticNet, such calculations with these models
would require transforming the categorical features which would skew the determined
importance for said features. Therefore, we used CatBoost feature importance to get the most
accurate assessment for all features in the datasets (Sup. Fig. 1-4). By conducting feature
importance analysis, we were able to assess how the data for the models can be refined but
produce accurate models. In a clinical or field setting, this reduction of features for faster,
cheaper diagnostics and screening. Additionally, by observing the correlative patterns within
the feature importance and predictions, one can begin to test the biological mechanisms of the

prediction outcomes.

Model Evaluation
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For regression, models were evaluated on r-squared scores (R2) and mean squares error
(MSE). R2 scores are commonly used for regressions in ML and in statistics as they describe the
variance within the data (25), where the more variance in these predictions means the less
accurate the models are performing. MSE scores are widely used in the ML field (26) as they
describe on average how much error there is between the predicted data and actual data. MSE
also accounts for greater deviances from the true value; the lower the MSE scores, the more
accurate the model.

For classification, the models were evaluated based on their Accuracy and Prediction
scores, which are widely used in classification ML problems (27). Accuracy is defined as how
often the models are correct, where precision describes how effective the models are at

classifying the different outcomes.

Model Optimization

For autonomous parameter optimization, we utilized Optuna with our CatBoost models.
CatBoost recommends using the Optuna as they support endogenous integration with Optuna,
and Optuna has been used extensively to tune ML models (28-30). In summary,
hyperparameter tuners such as Optuna operate by testing different combinations of
parameters until the most effective parameter set is found. Optuna was set to 50 n_trials and
to timeout after 600 seconds. The parameters given to search through can be found on the
GitHub repository for this research. As the optimized CatBoost models did not outperform the

hand tuned models (Fig. 2B) and because all models were performing with comparable high
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accuracy, the XGBoost and ElasticNet models were left unoptimized with the parameters stated

above.

Results
Basic Observations

We found no significant differences in biomarker distributions among the different
populations of monkeys (Figure 1B, 1C). If there had been a drastic, population-wide impact of
radiation, sex, age, or time since irradiation on the different biomarkers, we would have
expected significantly different patterns in the biomarker distributions. These patterns were
also seen in concurrent studies which struggled to find significant differences between
biomarker distributions between monkey demographics using traditional statistical methods as
reported by Chino et al.

Due to the homogenous distributions of biomarkers between monkey populations, ML
was chosen to make biological predictions about these monkeys as ML focuses on assessing the
deeper patterns within the data to make individualistic predictions that other analysis

techniques may struggle to do.

Multi Monkey Predictions

When trained on the entirety of the Blood Biomarker dataset excluding the 30% “test”
lymphocyte data, regression ML was able to accurately predict the test lymphocyte
percentages. While these initial models make little commentary on the biological mechanisms

driving the changes in biomarker levels, these results reaffirm previous observations that
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lymphocyte counts are correlated to IR response. Although, based on the feature importance
analysis of these predictions (Sup. Fig. 1-4) one can begin to visualize patterns of biomarker
responses to begin testing how biomarkers are interlinked within individual radiosensitivity.
While the models can perform very well in predicting biomarker levels, the models need to be
tuned to make accurate predictions. For example, holding a learning rate of 0.5, CatBoost
regression models perform with R2s of 0.64, 0.98, and 0.99 respective to 1 iteration, 10
iterations, and 1000 iterations, also showing MSEs of 86.36, 4.74, and 2.30 (Figure 2A).

The best performing out of the box CatBoost model had a learning rate of 0.5 and was
trained on 100 iterations, achieving an R2: 1.0 (0.99+) and MSE: 0.84 (Figure 1B). We also
attempted to optimize the model tuning with the Optuna library due to its prevalent use and
seamless integration with CatBoost. Using automated parameter optimization, the CatBoost
model was able to predict multi monkey lymphocyte counts with an R2: 0.99 and MSE: 1.58.
Therefore, due to simplicity and for the slightly better performance, CatBoost models were
trained with learning rates of 0.5 and for 1000 iterations with early stopping rounds of 5
iterations (meaning, if the model started performing worse before 1000 iterations were
complete, it would stop training 5 iterations after performance began to get worse) to get the
best performance while not overfitting the models.

ElasticNet models were able to accurately predict multi monkey lymphocyte counts
accurately with an R2; 0.97 and MSE: 6.83. XGBoost models were also able to accurately predict
multi monkey lymphocyte counts with R2: 0.99 and MSE: 2.49 (Figure 2C, 2D). These data show

that even with minimal optimization tuning, ML models make highly accurate biomarker
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predictions even when performing slightly lower than the CatBoost models for these
predictions.

Also of note, we tested the model accuracy with predicting all features included in the
Blood Biomarkers dataset and while the models performed highly accurate for many of the
features, the variation in accuracy between the feature predictions was evident (Sup. Fig. 1-6).
Interestingly, the three models performed differently between the feature predictions, and
showed variance in which features they performed best on. This indicates that while models
can be tuned to be generally good at predicting many different biomarkers, being able to apply
specific models for different predictions may prove to be the most effective means of

biomarker prediction.

Single Monkey Predictions

Personalized medicine Al models will need to be trained on many individuals’ data while
predicting the outcomes of a single patient. Therefore, in addition to predicting the biomarker
of from an entire test data set, we also attempted to predict the biomarkers of a single,
randomly chosen monkey. Of clinical importance, the models were able to predict a single
monkey’s lymphocyte counts when the training data excluded the target monkey’s data (Figure
2B, 2C, 2D). CatBoost models were able to predict the single monkey lymphocytes with an R2:
0.99 and MSE: 0.77 (Figure 2B). ElasticNet models were able to predict the single monkey
lymphocytes with an R2: 0.99 and MSE: 0.54 (Figure 2C). XGBoost models were able to predict
the single monkey lymphocytes with an R2: 0.98 and MSE: 0.82 (Figure 2D). Analyzing the

minute differences in performance between the three models would only prove to be
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speculative. The key takeaway is that in a preemptive, personalized approach to risk mitigation,

these models can be extremely effective.

Reduced Features

It is important to know which features in the data set influence predictions the most
both for biological and clinical relevance. Therefore, using the built-in feature importance
calculation tool within CatBoost, we elucidated the most important features for making
lymphocyte predictions both for all the monkeys and for the single monkey using the Blood
Biomarkers dataset (Sup. Fig. 1-4). Of note, feature analysis of the single monkey's predictions
showed some similarities to that of the entire monkey cohort, but also differences both in
feature importance and magnitude of importance which is to be expected due to individuality
of radiation response, emphasizing the need for continued research and development of Al for
personalized medicine applications.

For the multi monkey predictions, the five most important features were neutrophil counts
(NEUT_(%)), the absolute lymphocyte counts (ABS_LYMPH_(/ulL)), the absolute monocyte levels
(ABS_MONO_(/uL)), the eosinophil counts (EOS_(%)), and hemoglobin levels
(Hemoglobin_(HGB_g/dL)). However, lymphocyte percentage counts directly rely on absolute
lymphocyte counts, so the sixth most important feature, monocyte counts (MONO_(%)), was
included in the training instead. These top features reinforce the correlation of leukocytes in IR
response (especially between neutrophils and lymphocytes), but these findings also suggest
that there are other, more subtle patterns between lymphocytes other cell types like

eosinophils and monocytes that influence radiosensitivity. While beyond the scope of this
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study, these results suggest a central mechanism differentially affecting leukocytes in the
radiation response pathway, some more similarly than others.

As seen in (Figure 3A), the models were still able to make accurate lymphocyte count
predictions using just five features. The CatBoost model achieved an R2: 0.99 and MSE: 2.67,
the ElasticNet model achieved an R2: 0.97 and MSE: 7.44, and the XGBoost model achieved an
R2:0.99 and MSE: 2.97.

For the single monkey predictions, it was found the five most important features were
neutrophil counts (NEUT_(%)), the type of study the monkeys came from (TYPE), the absolute
lymphocyte counts (ABS_LYMPH_(/ulL)), the eosinophil counts (EOS_(%)), and red blood cell
counts (RBC_(M/uL)). However, the absolute lymphocyte counts feature was replaced with the
sixth most important feature, hematocrit levels (Hemocrit_(HCT_%)) Additionally, because the
type of study the monkeys came from is a categorical feature the ElasticNet and XGBoost
models could not be trained on that information, and thus, the seventh most important
feature, Mean_corpuscular_hemoglobin_concentration_(MCHC_g/dL) was included instead.
The difference between the multi monkey and single monkey most important features for
lymphocyte prediction reaffirm that while individuals may have similar characteristics to a
larger population’s radiation response, it is critical to understand an individual’s
radiosensitivity. For example, the multi monkey top 5 features included many leukocytes,
whereas the single monkey top 5 features included more erythrocyte variables. While beyond
the scope of this study, these findings suggest that there may be separate IR response
mechanisms between leukocytes and erythrocytes that may help account for individual

radiosensitivity.

27



Even with only 5 features, the models were able to make accurate single monkey
lymphocyte predictions (Figure 3B). The CatBoost model achieved an R2: 0.74 and MSE: 18.46,
the ElasticNet model achieved an R2: 0.98 and MSE: 1.29, and the XGBoost model achieved an
R2:0.97 and MSE: 2.16.

Additionally, we tested to see if biomarkers could be predicted using only minimal
demographic and radiation exposure data. The only training data used were the monkey's ID,
whether or not they had been irradiated (IRRAD), their age in months at the time of exposure
(MONTHS_AT_IRRAD), the dose (DOSE_(Gy)), age (AGE), sex (SEX), days since exposure
(DAYS_SINCE_IRRAD), months since exposure (MONTHS_SINCE_IRRAD) and lymphocyte counts
(LYMPHOCYTES_(%)).

We found that the models could not make accurate lymphocyte count predictions using
only radiation-related data as the best model was with XGBoost achieving an R2: 0.2 and MSE:
192.54 (Figure 3C). However, this result also reinforces that the models are not overfitting by
learning the different monkeys’ radiation regimens. If this were the case, these models would
perform with high accuracy in this instance. These results are also expected due to individual
radiosensitivity. That is, if all monkeys had lymphocytes that responded to radiation similarly,
then the models would be able to perform well with only radiation related data. Thus, these
findings reiterate that some minimal context of an individual’s IR response is needed for these

models to perform well, perhaps using a subset of the top 5 features described previously.

Radiation Dose Predictions
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Both to address another clinical application of these models and to provide a method of
orthogonal verification, we tested the models’ efficacies predicting the radiation dose (Gy)
monkeys were exposed to. The models performed variably well with CatBoost models able to
achieve an R2: 0.95 and MSE: 0.4. XGBoost models were able to achieve a comparable but
slightly less accurate R2:0.93 and MSE: 0.52. However, ElasticNet models could not make
accurate dose predictions and achieved an R2: 0.28 and MSE: 5.7 (Figure 3D).

The difference between the performance of ElasticNet and the other two models is
most likely due to ElasticNet’s inability to use features such as the age of monkeys at a radiation
(MONTHS_AT_IRRAD) and other radiation related data as these features include None-type
variables. CatBoost and XGBoost can handle such data whereas ElasticNet cannot without
imputation that would skew the interpretability of the results. This is important because the
top features of these predictions (Sup. Fig. 1) require features that involve None-type data
(such as age and time since exposure) giving ElasticNet an immediate disadvantage on
predictions. Interestingly, the most accurate dose predictions showed that erythrocyte features
(e.g. mean corpuscular hemoglobin, red blood cell count, etc.) were more important for
predictions than leukocyte features, contradicting a predominant belief in the field. While out
of the scope of this study, based on the most important features for dose predictions, there

may be temporal interchange between leukocyte and erythrocyte response to radiation.

Health Status Classification
In addition to predicting radiation biomarkers, there is great clinical significance in

predicting increased risk and/or occurrence of disease, including cancer. With radiation
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exposure, the onset (or reoccurrence) of tumorigenesis is of great concern and having the
ability to predict if an exposed person will develop cancer would significantly enhance the
efficacy of proactive mitigation strategies.

To test machine learnings ability to make health outcome predictions, Catboost and
XGBoost classification models were developed to train on the Health Outcomes dataset and
predict if the monkeys experienced different health effects. To examine the versatility of the
models and data, predictions were made when trained on the entire data set, only with the top
five important features, and only radiation-related data (Figure 4).

These models were somewhat effective, with accuracy up to 80% but with precision as
low as 14%. Based on these insights, the models are better at classifying when a monkey will
not develop tumors than when they will. These finding may not be immediately beneficial in a
clinical or risk mitigation context. However, these models are solely based on the health
outcomes the monkeys’ experienced, radiation data, and the age of the monkeys’, making the
training data very limited and not entirely representative of all the data available for these
models. That is, it is possible that combining the Blood Biomarker and Health Outcome dataset
would provide more complete data for these models to train on, thus improving their efficacy.

Of note, we use these models to classify every health outcome of the monkeys and the
predictions varied based on the health outcome with up to 96% accuracy and up to 95%
precision (Sup. Fig. 7). These results show that even at a minimalistic level ML models can make
accurate health outcome predictions. Although, it is recommended that models be custom

tuned for the specific function and outcome one is attempting to predict.
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Discussion

The fact that these ML models were able to make accurate predictions underscores the
importance of high-quality data for developing medical Al. Even in this limited study, being able
to make health-related predictions with a “patient” cohort of 272 is significantly smaller than
the hundreds of petabytes of data some commercial Al companies are amassing for the same
purpose. This means, small cohorts of individuals and organizations — such as NASA — can
feasibly create medical Al that makes health predictions within the context of risk mitigation
and treatment planning without accumulating massive amounts of exogenous data.

As such, the importance of the current research is in creating the framework not only
for retrospective estimation of radiation exposure and dose, but also for prospective prediction
of radiation biomarkers and long-term health effects/outcomes for exposed individuals.
Relevant applications include radiotherapy patients, accidentally exposed individuals (e.g.,
Three Mile Island, Fukushima, and Chernobyl accidents), and occupationally exposed
individuals, including astronauts. For example, imagine you want to become an astronaut. To
ensure you are not susceptible for detrimental radiosensitivity, an organization like NASA can
use the concepts and models here to predict how your biomarkers will respond to the radiation
you may be exposed to as a proxy of your overall health. Alternatively, if you lived near the
Fukushima Daiichi Nuclear Power Plant accident, you were likely exposed to radiation, and
knowing how much, if any, IR you sustained is critical for a physician’s treatment planning, By
collecting a few highly predictive radiation biomarkers such as the top 5 features in this study,
and running them through Al models based on those above a clinician could gain a good sense

of how much radiation you were exposed to, making any treatment triage more effective.

31



The difference between model performance in this study was oftentimes negligible.
However, focusing on the scalability of the models, ElasticNet’s inability to process None-type
values and categorical features makes the model extremely specific for uses like the biomarker-
related predictions in this study. XGBoost can process None-type values which expands its
scalability considerably, but in a medical setting, many of the features of a model will be
categorical in nature, and thus, XGBoost would be limited in its utility due to the model’s
inability to process categorical data (while there are workarounds for this issue, the effort and
convolution involved to implement these loopholes on a large-scale is significant). CatBoost
therefore offers the best solution of the three models tested here as it performs well, can
process the data provided, and offers the best route to scale.

In subsequent iterations of this work, assembling other data into these models that
represent a more holistic view of an individual will be an important aspect. Potentially powerful
data to include would be open-source data particularly curated by government agencies such as
NASA (if studying how space radiation effects health), the NIH (if observing radiations effects on
tumorigenesis and cancer treatment), or other organizations like the Department of Energy (if
using these models to predict the effects of occupational radiation exposure). Specifically,
including other potent radiation biomarkers like telomere length would let the models learn
how the different biomarkers interplay in radiation response, thus increasing model
performance. Additionally, including as much human data as possible and selecting for data
that has overlapping features with the NHP RLEC datasets to observe the efficacy of translating
these health-analog trained Al systems to human health would also improve getting closer to

the ideal data and use cases. While the combination of data would need to be carefully
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considered and vetted, the potential broadening and enrichment of insights gained by these
models far outweigh any potential pitfalls that may occur in the data confluence.

A potential way to create these ensembles of powerful models, and to also test the
efficacy of next generation edge computing in the medical field, would be to implement a
federated learning framework for these models. Federated learning allows for faster, more
energy efficient, and more secure ways of training Al/ML models on data (31), thus providing
solutions to the computational and privacy considerations of using Al for personalized
medicine. As the models are currently established, the computational requirements and data
acquisition barriers would make the described approach to developing medical Al/ML infeasible
for robust clinical application.

Furthermore, the models described here are highly accurate for post hoc and ad hoc
applications, but their power to make predictions in the future (i.e. forecasting) is relatively
nonexistent. Forecasting the potential health outcomes a person might experience is an
extremely powerful technological advancement, and therefore, a future elaboration upon the
current study is to incorporate time series forecasting models ((S)ARIMA(X) (32), Prophet (33),
etc.) to test the limits and potential uses of forecasting health outcomes.

Another potential enrichment of these models would be incorporating different tools to
assess causal inference (34) such as the DoWhy, Causallib, or CRISP libraries. While the models
illustrated are excellent at pattern recognition and prediction/classification, they make very
little commentary on the causality of the radiation exposures or other factors in the end health

outcomes. Thus, to probe the significance of the effects of certain environmental exposures
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such as radiation on the end health outcomes a patient experiences it might be beneficial to
incorporate such causal inference assessments.

Lastly, while the described models were used for their known success and simplicity of
use, it is possible that the scaling of medical Al tools to address the challenges exhibited here
would require more cutting-edge techniques. Such examples could be deep learning models
(35) and transformer type models made famous by ChatGPT (36). While these methods are
relatively untested in the medical field, both have proven their efficacy and other areas outside
of radiological medicine and could further the field of medical Al as well. Overall, the intent of
the previously delineated models and research reported here is to provide the groundwork for
the plethora of future directives and evolutions of Al in personalized medicine for human

health applications.
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CHAPTER 3: CONCLUSIONS & FUTURE DIRECTIONS

Findings

This research tested the ability of CatBoost, ElasticNet, and XGBoost machine learning
(ML) models to predict radiation biomarker levels, dose, and health outcomes in exposed
monkeys within the Wake Forest University Non-Human Primate Radiation Late Effects Cohort
(NHP RLEC). In brief, these ML models made highly accurate biomarker predictions both for a
multi-monkey test group and for a single monkey. The models could also predict each
biomarker of the dataset in turn, which revealed that while the models generally perform well
on this type of data, each model performed better with different biomarkers.

Additionally, the CatBoost and XGBoost models could accurately predict the radiation
dose monkeys were exposed to, but the ElasticNet model could not. However, the CatBoost
and XGBoost models could not make health outcome predictions with precision and accuracy
high enough for clinical relevance. This shortcoming may be ameliorated by the incorporation
of more comprehensive data about the monkeys in the RLEC, which underscores the intent of
developing these models as proof of concept for using artificial intelligence (Al) within a human
health context. From a developmental standpoint, CatBoost offers the best platform for scaling
Al for medical purposes as it allows for the incorporation of non-numeric variables, None-type
variables, and performs comparably if not better than ElasticNet and XGBoost. Importantly,
this research shows that Al/ML can surpass traditional statistical modeling (like mixed linear
modeling) within the predictive and personalized medicine fields. Such strength comes from
ML’s ability to elucidate intricate patterns within greater amounts data, multi-variate data, and

seemingly homogenous data.
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As such, the clinical relevance of this research lies in creating a powerful framework for
identifying and refining relevant biomarkers of radiation exposure, predicting individual
radiosensitivity, predicting health outcomes of radiation exposure, and estimating radiation
exposure dose. Thus, accurate Al models would inform and improve effective treatment
measures and mitigation strategies to reduce the long-term health effects of radiation
exposure, whether medical or occupation related. Al strategies would be especially useful in
instances of accidental or environmental radiation exposures (e.g., Three Mile Island,
Fukushima, Chernobyl, or other nuclear disasters), as accurate dose estimation is critical for
effective triage and treatment strategies for exposed individuals.

The difference between model performance in this study was oftentimes negligible.
However, focusing on the scalability of the models, ElasticNet’s inability to process None-type
values and categorical features makes the model extremely specific for uses like the biomarker-
related predictions in this study. XGBoost can process None-type values which expands its
scalability considerably, but in a medical setting, many of the features of a model will be
categorical in nature, and thus, XGBoost would be limited in its utility due to the model’s
inability to process categorical data (while there are workarounds for this issue, the effort and
convolution involved to implement these loopholes on a large-scale is significant). CatBoost
therefore offers the best solution of the three models tested here as it performs well, can

process the data provided, and offers the best route to scale.

Hypothesis and Aims Achievement
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My overall hypothesis was that Al models can be developed to greatly improve
predictions of radiation dose, biomarkers, and health outcomes of exposed rhesus monkeys,
and thereby provide a proof of principle demonstration of the potential and translatability of Al
to human personalized medicine. To test this hypothesis, | focused on developing the ML

models to achieve the following aims:

Aim1: Predict IR-induced blood biomarker levels

All the ML models were able to predict blood biomarker levels with high accuracy. Both
multi monkey and single monkey predictions were successful using both full-feature data and
using the top five most important feature data. However, using only the radiation-related data
did not provide accurate predictions, which may be enhanced by combining radiation data and

a few important blood biomarkers into the training data set.

Aim2: Predict IR-induced health outcomes

The CatBoost an XGBoost models were able to make health outcome predictions with
marginal accuracy and precision. The models could be enhanced by integrating more data (such
as the blood biomarker data) to give the models more contextual learning features to make

more accurate predictions.

Aim3: Predict radiation dose
The dose predictions made by CatBoost and XGBoost models were accurate, but the

ElasticNet predictions were not. However, all the predictions could be made more accurate by
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reducing the features in the training set and incorporating more data into the models, which

will likely be the most efficient way to increase model accuracy.

Conclusions

Al models can be developed to accurately predict health effects in exposed rhesus
monkeys. However, the efficacy of the models varied between the use cases and will likely be
improved by incorporating more data, and different types of data into the models. Importantly,
this research did achieve the objective of laying the groundwork for future developments using

Al for personalized medicine in humans.

Future Directions

There are three main takeaways from this research: 1) Al can be developed to make
accurate, high throughput, individualized health and radiation predictions; 2) a relatively small
amount of data can be used to make accurate health predictions within a defined context; and
3) while promising, the current models can be greatly improved.

On the first point, this research shows that Al can be used for both personalized and
population-wide health predictions. This enables physicians and public health officials to make
more effective treatment and prevention plans as the correct resources can be applied to
remedying an evident or predicted health ailment. As such, this research forges the foundation
for ML models to integrate greater data to pinpoint personalized therapies, develop risk
mitigation strategies, and screen individuals in high-risk occupations such as hospital workers,

nuclear power plant operators, and astronauts. For example, if a person is exposed to an
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unknown dose of radiation, Al can predict the dose so that physicians can make faster, more
effective decisions to help the patient mitigate any health effects from the exposure.

A major finding of this research is that within a focused context, such as the NASA
Astronaut Corps, ML models do not need copious amounts of data to make powerful
predictions. This research demonstrates that even with only 272 “patients” Al can make
accurate health predictions both for individuals within and outside of the dataset. Thus, for
applications with reduced scope — such as astronautics, airline piloting, military screening, etc. —
the data that such organizations currently possess might be enough to train Al models that can
make powerful predictions within those contexts.

However, as was seen with the marginally accurate and precise health outcome
predictions, these models need further refinement before being used for certain applications.
Even so, and even in their current forms, being able to make health outcome predictions with
limited, binary data is unprecedented within the field. From a development standpoint, there
are several additions to these models that can make them more effective for clinical use. The
first is incorporating different tools to assess causal inference (1) (such as the DoWhy, Causallib,
or CRISP libraries). The models in this research make very little commentary on the causality of
the radiation exposure or other factors in producing the end health outcomes. Additionally,
these models are not effective at making predictions in the future (i.e., forecasting). Thus,
integrating time series forecasting models (such as (S)ARIMA(X) (2), Prophet (3), etc.) will test
the limits and potential uses of forecasting health outcomes.

While the models tested here are effective uses of ML in a medical context, the models

themselves are not the cutting edge of Al. Therefore, this work also lays the foundation to test
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the efficacy of emerging technologies such as edge computing (like federated learning (4) and
transformer type models made famous by ChatGPT (5). If successful, such advancements would
drastically expand the power of Al in medicine —and bring new promise for improving

personalized human medicine strategies and healthcare outcomes.
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Figure 1: Dataset Features; No Population-level Differences in Biomarker Distributions

(A) Features of the Blood Biomarker & Health Outcome Datasets. The Blood Biomarker dataset includes 4552
samples across 272 monkeys observing 30 different features. The Health Outcome dataset includes 18 different
health outcome observations for 152 monkeys and includes radiation-related data and age of the monkeys.

(B) Proportions of samples that are taken from irradiated monkeys (78.7%) and non-irradiated monkeys (21.35%)
and the similar distribution of lymphocyte counts between irradiated and non-irradiated samples.

(C) Proportions of samples that are taken from male monkeys (79.3%) and female monkeys (20.7%) and the similar
distribution of lymphocyte counts between male and female samples. (D) Histograms of the dose of radiation
monkeys were exposed to, the age of the monkeys when samples were taken, the days since exposure that
samples were taken at, and the different ages of the monkeys at exposure samples were collected from.
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Figure 2: Machine Learning Models Accurately Predict Lymphocyte (%) for a Single and Multiple Monkeys

(A) ML models can be tuned to make more accurate biomarker predictions. Holding other parameters constant,
increasing the iterations a CatBoost model trains on (1-1000) increases the R2 score (0.64-0.99) and decreases the
MSE (86.36-2.3)(B) The most accurate multi-monkey CatBoost models were trained on 100 iterations and/or were
optimized with Optuna, showing R2 of 1.0 and 0.99 and MSE of 0.84 and 1.56. ML models can also predict a single
monkey’s biomarkers when the training data included all monkeys except the target monkey (R2: 0.99, MSE: 0.77).
(C) ElasticNet models were also able to make accurate multi monkey biomarker predictions (R2: 0.97, MSE: 6.63)
and single monkey biomarker predictions (R2: 0.99, MSE: 0.54). Performing comparable to CatBoost and XGBoost
models out of the box. (D) XGBoost models were also able to make accurate multi monkey biomarker predictions
(R2: 0.99, MSE: 2.49) and single monkey biomarker predictions (R2: 0.98, MSE: 0.82). Performing comparable to
CatBoost and ElasticNet models out of the box.
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Figure 3: ML Models can Predict Biomarkers Using Reduced Data; Models can also Predict Dose Exposure

(A) CatBoost (1%, blue) models, ElasticNet (2"9, red) models, and XGBoost (3™, magenta) models accurately predict
multi monkey lymphocyte counts using only the top 5 most important and mutually exclusive features. CatBoost
(R2: 0.99, MSE: 2.67), ElasticNet (R2: 0.97, MSE: 7.44), XGBoost (R2: 0.99, MSE: 2.97). (B) CatBoost (1%, blue)
models, ElasticNet (2", red) models, and XGBoost (3™, magenta) models accurately predict single monkey
lymphocyte counts using only the top 5 most important and mutually exclusive features. CatBoost (R2: 0.74, MSE:
18.46), ElasticNet (R2: 0.98, MSE: 1.29), XGBoost (R2: 0.97, MSE: 2.16). (C) CatBoost (1%, blue) models, ElasticNet
(2", red) models, and XGBoost (3", magenta) models were not able to make accurate multi-monkey lymphocyte
predictions using only the radiation-related data. CatBoost (R2: 0.04, MSE: 230.36), ElasticNet (R2: 0.07, MSE:
222.77), XGBoost (R2: 0.2, MSE: 192.54). (D) CatBoost (1%, blue) models, ElasticNet (2", red) models, and XGBoost
(3™, magenta) models variable make accurate radiation dose predictions. CatBoost (R2: 0.95, MSE: 0.40),
ElasticNet(R2: 0.28, MSE: 5.70), XGBoost (R2: 0.93, MSE: 0.52).
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A Classification of Tumorigenesis
Classification of Tumorigenesis Using 5 Features
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Figure 4: ML Models can Classify Tumorigenesis with Accuracy but not Precision
Confusion matrices show the actual occurrence of tumorigenesis (“True Label”, Yes = 1, No = 0) vs. the predicted

occurrence of tumorigenesis (“Predicted Label”, Yes = 1, No = 0).
(A) CatBoost models can make accurate and somewhat precise classification of tumorigenesis using all the health

outcome dataset (Accuracy: 0.80, Precision: 0.50), using the top 5 most important features (Accuracy:0.78,
Precision: 0.33), and using just radiation-related data (Accuracy: 0.70, Precision: 0.14). (B) XGBoost models can
make accurate and somewhat precise classification of tumorigenesis using all the health outcome dataset
(Accuracy: 0.80, Precision: 0.5), using the top 5 most important features (Accuracy: 0.80, Precision: 0.5), and using
just radiation-related data (Accuracy: 0.78, Precision: 0.4).
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Supplemental Figure 1: CatBoost Predictions & Feature Importance |
CatBoost regression model predictions of different features in the Blood Biomarker dataset. The calculated feature
importance rankings for each feature predicted are below the respected scatterplots.
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Supplemental Figure 2: CatBoost Predictions & Feature Importance Il
CatBoost regression model predictions of different features in the Blood Biomarker dataset. The calculated feature
importance rankings for each feature predicted are below the respected scatterplots.

50



EOS_(%) BASO_(%) ABS_NEUT_(/uL)

R2:0.98 * R2:-0.18 R2:0.99
© MSE: 0.07 MSE: 0.05 — MSE: 98616.19
2 e
o 2
g» I 15000
! =
2 o
8 2 2 ES
o @ 15 o
g 3 £ 10000
H g 3
£ g 10 k]
& 2 H
[
s 5000
10
0 9 o
0 10 30 40 50 0 5 10 15 20 25 30 0 5000 100 15000 20000
Actual EOS_(%) Actual BASO_(%) Actual ABS_NEUT_(/uL)
Feature Id Importances Feature Id Importances Feature Id Importances
° ABS_EOS_(/uL) 80.375764 0@ ABS_BASO_(/uL) 23.519591 4 WBC_(K/uL) 58.107533
1 WBC_(K/uL) 9.122040 1 NEUT_(%) 15.443049 1 NEUT_(%)  23.665958
2 ABS_NEUT_(/uL) 3.921808 2 Mean_corpuscular_hemaglobin_(MCH_pg)  14.072947 2 LYMPHOCYTES_(%)  16.241049
3 ABS_LYMPH_(/uL) 1.434566 3 ABS_NEUT_(/ulL) 11.625690 3 MONO_(%) 0.520269
4 AGE 1.101122 4 DOSE_(Gy) 6.230773 4 ABS_LYMPH_(/uL) 0.313448
5: NEUT_ (%) 0.719840 5 ABS_EOS_(/uL) 6.188964 5 AGE 0.292920
6 RBC_(M/uL) 0.535518 6 ABS_LYMPH_(/uL) 5.317845 L ABS_EOS_(/uL) 0.259329
7 DAYS_SINCE_IRRAD 0.401518 7 LYMPHOCYTES_ (%) 5.092551 7 SEX 0.121124
8 Hemocrit_(HCT_%) 0.317128 g DAYS_SINCE_IRRAD 4.784890 8 DAYS_SINCE_IRRAD  0.062961
9 DOSE_(Gy) 0.299257 9 RBC_(M/uL) 1.512198 9 E0S_(%) 0.059141
10 Mean_corpuscular_hemaglobin_(MCH_pg) 0.285813 10 AGE 1.171227 10 PLATLET_COUNT_(K/uL) 0.051357
1 LYMPHOCYTES_ (%) 0.249607 11 WBC_(K/uL) 1.073993 11 Mean_corpuscular_hemaglobin_(MCH_pg) 0.046711
12 Mean_corpuscular_volume_(MCV_fL) 0.243487 12 MONTHS AT TRRAD  0.820091 12 RBC_(M/uL) 0.042807
13 MONTHS AT IRRAD 0.225493 13 PLATLET_COUNT_(K/uL) 0.812185 13 ABS_MONO_(/uL) 0.040784
14 PLATLET_COUNT_(K/uL) 0.176924 14 Hemocrit_(HCT_%) 0.777678 14 MONTHS_SINCE_IRRAD ~ 0.032366
15 ABS_BASO_(/uL) 0.132704 15 Mean_corpuscular_hemaglobin_concentration_(MCH. .. 0.436667 15 Mean_corpuscular_volume_(MCV_fL) 0.031339
16 MONO_(%) 0.130011 16 E0S_ (%) 0.356103 16 Mean_corpuscular_hemaglobin_concentration_(MCH. .. 0.023422
17 Hemaglobin_(HGB_g/dL) 0.101311 17 ABS_MONO_(/uL) 0.267792 17 DOSE_(Gy) 0.022880
18 Mean_corpuscular_hemaglobin_concentration_(MCH... 0.081088 18 Mean_corpuscular_volume_(MCV_fL) 0.260523 18 Hemocrit_(HCT_%) 0.022751
19 ABS_MONO_(/uL) 0.066358 19 MONO_ (%) 0.083597 19 ABS_BASO_(/uL) 0.015316
20 MONTHS_SINCE_IRRAD 0.047861 29 MONTHS_SINCE_IRRAD 0.065131 20 Hemaglobin_(HGB_g/dL) 0.009474
21 BASO_(%) 0.016880 21 species 0.053737 21 MONTHS AT IRRAD 0.008673
22 SEX  0.011565 2 SEX  0.016816 22 BASO_(%) 0.008008
2 TYPE  0.001573 33 Hemag lobin_(HGB_g/dL) 0.014386 2 TYee 9.006238
24 Species  0.000762 24 TYPE  0.000675 24 Species  0.000140
25 IRRAD 0.000000 25 IRRAD 0.000000 25 IRRAD 0.000000
a0 ABS_LYMPH_(/uL) ABS_MONO_(/uL) ABS_EOS_(/uL)
3500
R2:0.93 R2:0.98 R2:0.96
P MSE: 130515.24 2000 MSE: 1207.41 MSE: 727.96
3000
I -
g 3 3 2500
' S, 1500 E]
£ 10000 Q 3
3, g Q 2000
o | ot
g 100 8’ 1000 8
3 < > 1500
g H H
3 5000 3 §
[ & & 1000
500
2500
500
0
o 0
o 2500 5000 7500 10000 12500 15000 17
Actual ABS_LYMPH_(/uL) o 500 1000 1500 2000 0 500 1000 1500 2000 2500 3000 3500
Actual ABS_MONO_(/uL;
Feature Id Importances - (L) Actual ABS_EOS_(1ul)
) WBC_(K/uL)  52.054512 Feature Id Importances Feature Id Importances
1 LYMPHOCYTES_ (%) 39.314732 o MONO_(%) 49.914585 '] EOS_(%) 78.754164
2 NEUT_ (%) 7.029048 1 WBC_(K/ul) ~ 47.418970 1 WBC_(K/ul)  16.704329
3 ABS_NEUT_(/uL) 0.320864 2 DAYS_SINCE_IRRAD 1.529896 2 ABS_MONO_(/uL) 1.375121
4 DOSE_(Gy) 0.245355 3 ABS_LYMPH_(/uL) 0.203981 3 DOSE_(Gy) 0.923140
5 AGE 0.226577 4 ABS_NEUT_(/uL) 0.155217 a4 ABS_NEUT_(/uL) 0.400725
6 MONO_(%) 0.142299 5 NEUT_(%) 0.118630 5 AGE 0.302803
7 ABS_EOS_(/uL) 0.087647 6 Mean_corpuscular_hemaglobin_concentration_(MCH... 0.104966 6 ABS_LYMPH_(/uL) 0.186249
8 ABS_MONO_(/uL) 0.081421 7 PLATLET_COUNT_(K/uL) 0.072132 7 MONTHS_SINCE_IRRAD 0.183655
9 Mean_corpuscular_hemaglobin_(MCH_pg) 0.072081 8 RBC_(M/uL) 0.066443 M Mean_corpuscular_volane_ (MCV_fL) 4 174357
10 MONTHS_SINCE_IRRAD 0.060372 9 MONTHS_SINCE_IRRAD  0.060124 ] s & ticie
k5 RBC_(M/uL) 0.855500 10 ABS_EOS_(/uL) 0.053077 10 Hemocrit_(HCT_%) 0.142975
i RAYS_SINCR IAnaD o:85a4nL 1 AGE 0.051777 1 LYMPHOCYTES_ (%) 0.139715
B Mean_corpuscular_volume_(MCV_fL) 0.049366 12 Mean_corpuscular_volume_(MCV_fL) 0.046774 12 MONO_ (%) 0.137237
s ABS_BASO_(/uL) 0.042677 13 - -  E0s_(%) 0.036908 13 DAYS_SINCE_IRRAD  0.094536
= PLATLET_COUNT_(K/UL):  0-633848 14 Hemocrit_(HCT_%) 0.035786 1 Mean_corpuscular_hemaglobin_(MCH_pg) 0.072697
16 Mean_corpuscular_hemaglobin_concentration_(MCH... 0.030731 15 Mean_corpuscular_hemaglobin_(MCH_pg) 0.027563 15 NEUT (%) 8. 861853
o E0S_(x)  0.023927 16 - T LYMPHOCYTES_(%)  0.021835 16 Hemaglobin_(HGB_g/dL)  0.049518
i NSy e 17 MONTHS AT TRRAD  0.018673 v ABS_BASO_(/uL)  0.45850
;g "E"‘“"“J"Ug;‘; z::::?i; 18 Hemaglobin_(HGB_g/dL) 0.016315 18 Mean_corpuscular_hemaglobin_concentration_(MCH. .. 0.034417
21 Hemaglobin_(HGB_g/dL) 0.008599 19 BASO_(%) 0.015884 19 PLATLET_COUNT_(K/uL) 0.034214
2 - BA;U (%) 0.006266 20 ABS_BASO_(/uL) 0.013957 20 MONTHS AT IRRAD 0.025838
23 szzles 0.002204 21 DOSE_(Gy) 0.009353 21 BASO_(%) 0.004053
24 TYPE 0.001850 22 SEX 0.004974 22 TYPE 0.002188
25 IRRAD 0.000000 23 TYPE 0.001776 23 Species 0.001302
24 Species 0.000403 24 SEX  0.000277
25 IRRAD 0.000000 25 IRRAD 0.000000

Supplemental Figure 3: CatBoost Predictions & Feature Importance Il
CatBoost regression model predictions of different features in the Blood Biomarker dataset. The calculated feature
importance rankings for each feature predicted are below the respected scatterplots.
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Supplemental Figure 4: CatBoost Predictions & Feature Importance IV
CatBoost regression model predictions of different features in the Blood Biomarker dataset. The calculated feature
importance rankings for each feature predicted are below the respected scatterplots.
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Supplemental Figure 5: ElasticNet Predictions of all Blood Biomarker features

ElasticNet model predictions of different features in the Blood Biomarker dataset. The model had varying success
with the different feature predictions with the most accurate being white blood cell count (WBC_(K/uL)) with R2:
0.97 and MSE: 0.25 and the least accurate being (PLATLET_COUNT_(K/uL)) with R2: 0.04 and MSE: 10151.18.
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Supplemental Figure 6: XGBoost Predictions of all Blood Biomarker features

XGBoost regression model predictions of different features in the Blood Biomarker dataset. The model had varying
success with the different feature predictions with the most accurate being lymphocyte counts
(LYMPHOCYTES_%)) with R2: 0.99 and MSE: 2.47 and the least accurate being (PLATLET_COUNT_(K/uL)) with R2: -
0.19 and MSE: 12615.12.
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A Acccuracy of Health Outcome Classiffication
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Supplemental Figure 7: CatBoost and XGBoost Accuracy & Precision Scores For All Health Outcome

Classifications
(A) Heatmap showing the accuracy of CatBoost and XGBoost classifying the different health outcomes.
(B) A.Heatmap showing the Precision of CatBoost and XGBoost classifying the different health outcomes.
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APPENDIX I

Access to Code

The code for the analyses, model development, and preliminary application can be
found at https://github.com/aidan-lew/monkey health. Detailed descriptions can be found in
the repository’s Wiki pages.
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