ABSTRACT

Rich, Sabina. Combining Mixed Effects Modeling with Sparse Regression for Model Selection
Using Biological Time Series Data. (Under the direction of Dr. Kevin Flores).

By using the population level data of heterogeneous populations, statistical and
mathematical approaches, such as Lasso and mixed effects modeling, to identify variables of
interest and find a model that would fit different populations. The heterogeneity of the
populations is exhibited in observational data on bonobos and simulated data involving oncology
patients and the subsequent tumor dynamics. The results show that it is feasible to identify, and
feature select variables that are of importance. In the bonobo dataset, sex, age and cardiac
medication were consistent indicators and in the tumor dynamics, the growth and decay
constants showed as central to understanding the subtleties of the tumor growth. This work sends
a clear message that application of these methodologies can be extended to a variety of datasets

in diverse research fields.
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CHAPTER 1

1. Introduction

Data is consistently being collected for the purposes of analysis and extracting information,
not only in the physical sciences, but in social sciences, veterinary sciences, sports, stock market,
fashion, pharmaceutical developments, to name a few, across both public and private sectors.
Today, the analysis of data is commonplace, with the goal of examining, exploring, extracting,
and extrapolating information. The approaches to the analysis of data are varied, focused on
mathematical and statistical techniques to identify variables of interest, understanding the profile
of the data and the story it is trying to tell us. The data could be observational, collected from a
controlled clinical trial, retrospective and so on. When first faced with the dataset, the primary
question is which statistical and mathematical processes can be used to gain some insight on this
data. The type of data being collected and analyzed, size of the datasets, collection methods, and
research goals are as varied as the fields of research. A recent branch of science has been
developed, finding its own space within the science world, known as data science, as an
interdisciplinary field, combining mathematics and statistics, programming, and machine
learning. This field has developed and gained recognition as its own branch of science, more
than 50 years after statistician John W. Tukey’s “The Future of Data Analysis.” In 1961 he wrote
“All in all, I have come to feel that my central interest is in data analysis, which I take to include,
among other things: procedures for analyzing data, techniques for interpreting the results of such
procedures, ways of planning the gathering of data to make its analysis easier, more precise or
more accurate, and all the machinery and results of (mathematical) statistics which apply to

analyzing data.”



In recent years, as the data collection has increased, the number of predictors has increased
and hence the model selection has become more cumbersome. Choosing interpretable models
while not losing on the accuracy of the prediction has been the primary objective. The number of
variables can complicate this since the model may try to include most if not all of them. This
risks having low bias but high variance, overfitting of the data, as well as poorer prediction. The
model sensitivity to data changes is considered. The smaller changes in the sensitivity of the
model to the changes in the data are better, thus providing a more robust model.

In 1996, Robert Tibshirani published a paper on ‘Regression Shrinkage and Selection via the
Lasso’ where he proposed a new method. He explains this “new technique, called the lasso, for
‘least shrinkage and selection operator’. It shrinks some coefficients and sets others to 0, and
hence tries to retain the good features of both subset selection and ridge regression.” Lasso has
become a popular technique; by using Lasso, not only is the estimation of the parameters
achieved but so is variable selection, known as feature selection, where some variables are set to
zero and hence the model becomes simpler, more stable, robust, and interpretable with better
prediction. Mixed effects modeling is a statistical method in exploration of the data that has
variables, some of which can be considered as fixed and some as random variables, hence the
name of ‘mixed’ model. The random component is seen as a variable that may contribute to the
variance. Using mixed effects modeling along with Lasso has been employed to two different
datasets in this thesis. These two approaches are the central components in analyzing the datasets
in this thesis where we have heterogeneous populations.

In the following pages, the description and background of these heterogeneous populations
will be expanded on. There will be discussions about bonobos, endangered ape species, and the

tumor dynamics based on oncology patients — the two projects making up this thesis containing



population-level data. Section 2 is focused on bonobos and Section 3 on the tumor dataset.
Although one comes from the veterinary sciences and the other dataset contains synthetic data,
the commonality to these two sections is the shared approaches to working with these types of
datasets. Both use mathematical and statistical tools mentioned above to investigate and explore
potential variables of interest, find models that work and illuminate areas where improvement is
needed, such as informing study design. By doing this, a variety of modeling approaches are
informed from these datasets creating a framework that would be applicable to other scenarios
and datasets.

The bonobo data is from the Great Ape Heart Project (GAHP), an organization focused on
understanding and preventing cardiac disease in gorillas, orangutans, chimpanzees, and bonobos.
The GAHP agreed to supply blood pressure (BP) readings from bonobos trained to accept a
finger cuff, which can measure systolic blood pressure (SBP) and diastolic blood pressure
(DBP). The data does not have the uniformity and regularity of a randomized clinical trial.

Forty-two bonobos housed in seven zoos in the United States participated in the study. The
data was masked so that the presentation of the data in the tables is described only by Zoos A
through G and bonobos 1 through 42. What is truly unique in this study is that animals are not
sedated to collect their BP measurements. The goal for the exploration of the bonobos data is to
gain an understanding of their blood pressure reference ranges given the current practice to use
human values. Expected outcomes are to: detect any covariates that may influence blood
pressure values, explore the need for cardiac medication that some of these animals are taking
and attempt to assess the accuracy and reliability of the blood pressure monitor used in the

collection of the bonobo’s blood pressure value.



The second part of the thesis focuses on the tumor data that is simulated using a statistical
software and primarily based on parameters acquired from a previously published paper, ‘Early
predictions of response and survival from a tumor dynamics model in patients with recurrent,
metastatic head and neck squamous cell carcinoma treated with immunotherapy’ by Gonzalez-
Garcia et al. in 2020. The authors utilized real clinical trial datasets to achieve their analysis
goals. The principal question that the authors posited was if it is possible to predict the response
of oncology patients treated with immuno-oncology therapies by using only their early data.
Their conclusion was that by using novel statistical approaches, they were able to predict the best
overall response and survival based on 12 weeks of data collected. The simulated data utilizes
some of the parameters acquired from this published paper and expands on it by attempting to
isolate the terms of importance not only by using mathematical but a statistical approach of
selecting variables of interest. This simulated data attempts to explain and describe the behavior
of a tumor, which is not an easy endeavor given the complexity of cancer cell biology. The
primary goal for the tumor dynamics simulation has been to understand the workings of the
statistical and mathematical methodologies in moving through the data with the focus on
understanding the response of the size of the tumor given the early data (the simulation is based
on the first 100 days in 400 patients) and checking the feasibility and worth of using a statistical
approach like Lasso to pick out variables of interest thereby identifying the most useful variables
to focus attention.

In both the bonobo and tumor dynamics datasets, many methods were employed and
investigated. The most promising were mixed effects models, linear and non-linear models,
feature selection and shrinkage of the coefficients and descriptive statistics summaries. Several

questions arose when looking at these datasets: Do sex and age impact bonobo blood pressures?



What do the blood pressure reference ranges actually mean? Does the temperament of bonobos
come into play when deciding if the blood pressure measurement falls into hypertensive or
normal range? Do the simulated data approaches sufficiently cover the nature and biology of
cancer cells? Are there any determining factors in tumor growth and what does dynamics imply
mathematically? Does it mean that the exponential function is sufficient in describing a tumor
that keeps growing? Is it enough to predict the impact of treatments early in the treatment stages?
The exploratory nature of the work discussed here is an effort to simplify and clarify an
approach to understanding the two datasets, one observational and one simulated, where the
primary objective has been in exploring how the statistical and mathematical techniques can
provide us with valuable information, regardless of whether the data points are coming from

bonobos or simulated.



CHAPTER 2

2. Bonobos

2.1 Introduction to Bonobos

Bonobos (Pan paniscus) are a highly endangered great ape species. Hunting and trafficking
are among the primary challenges facing the continued existence of bonobos in the wild. A
variety of organizations actively work to curb these threats in sifu and to increase their number ex
situ. One of the health risks for all great apes in captivity is cardiovascular disease. The Great
Ape Health Project (GAHP) is a group of dedicated ““subject matter experts that provide a
network of clinical, pathologic, and research strategies to aid in the understanding and treating of
cardiac disease in all the ape species, with the ultimate goal of reducing cardiovascular-related
mortalities and improving the health and welfare of great apes in managed care.”

The GAHP is currently funded by the Institute of Museum and Library Sciences to monitor
blood pressure in bonobos housed in U.S. zoos. A finger cuff is placed on a digit that the bonobo
has been conditioned to present. Unlike BP measurements that are taken when an animal is
anesthetized, the bonobo is awake and may reflect what the true BP is for a given animal.
Additionally, some bonobos are on cardiac mediations and the awake BP readings may provide a
non-invasive way to evaluate drug usefulness.

For this thesis, an agreement was reached with GAHP to receive BP data collected on
bonobos from seven participating zoos in the United States. The goal is to better understand the
import of the data so as to provide insight and suggestions for future work. All the data analyses
are exploratory in nature. SAS version 9.4 is used for descriptive and inferential analyses except

for using R Studio for the Lasso applied to the linear mixed model. A mix of statistical



approaches are employed: general linear model using all variables as fixed, mixed effects model
where intercept or zoo could be considered as random, as well utilizing Lasso variable selection
models including both fixed and random to investigate the following:

e Currently there are no reference ranges for the categorization of bonobos’ SBP and
DBP values. Human references ranges are often used in lieu. Given the GAHP
collected data and some previous research on apes, is it possible to establish reference
ranges for bonobos that would classify a blood pressure measurement into normal,
pre-hypertensive and hypertensive ranges?

e Some of the apes at the zoos nationwide are taking cardiac medication for supposedly
elevated blood pressure and since there are no bonobo-specific reference ranges on
what is ‘normal’, are these cardiac medications needed for the maintenance and/or
lowering of bonobos’ blood pressure?

e What are some of the important features (for example sex, age, etc.) impacting blood
pressure in bonobos?

e Lastly, how accurate and reliable is the blood pressure monitor used in GAHP’s

collection in the blood pressure assessments?

2.1.1 Bonobo Natural History and Biology

Bonobos live in 90,000 square miles of the Congo Basin rainforest, south of the Congo
River, in the Democratic Republic of Central Africa. This region is home to the largest
remaining population of bonobos, along with chimpanzees and gorillas. Until 1929 when
bonobos were recognized as a separate species from chimpanzees (Pan troglodytes), they were
frequently called ‘pygmy chimpanzees’ even though they are close in size to the chimpanzees

living in the north part of the Congo River, in West and Central Africa. Bonobos and



chimpanzees make up the genus Pan, family Hominidae, collectively known as panins. While
they are two extant species, they are generally referred to collectively as ‘chimpanzees’ or
‘chimps.” Coolidge, 1982 discusses that bonobos have ‘longer legs and smaller chest girths
relative to body height’ compared to other chimpanzees. An average male chimpanzee is about 4
ft tall with the weight ranging from 90 to 120 pounds for males and 70 to 100 pounds for
females; bonobos’ average height is about 4 ft with males weighing from 80 to 135 pounds and
females from 60 to 84 pounds according to the data from World Wildlife Fund (WWF) and
African Wildlife Foundation (AWF).

Bonobos have a longer neck, longer legs, slimmer upper body, more parted long hair on
the head, narrower shoulders and smaller head with a less pronounced forehead ridge compared
to the sturdier chimpanzee. In 1954 the name ‘bonobo’ was first mentioned most likely being
misspelled on a shipping crate from the town of Bolobo on the Congo River (Beaune 2012).
Sharing almost 98.7% of their genetic code with humans, many consider these animals to be our
closest living relatives. As AWF describes it, unlike any other ape, they control their emotions,
walk on their feet and knuckles, and can walk on their two feet making them the ‘most human-
like of all apes.’

2.1.2 Female-centric male-philopatric society

Living in a matriarchal society, bonobos organize small hunting groups during the day to
look for food; they are omnivores with fruit being their favorite. At night, they come back to the
main troop to sleep in nests made from vegetation they arrange. Splitting off into smaller parties
and then merging back into one group makes their society a so-called “fission-fusion” one. The

number of members within a group varies.



Male-philopatric society indicates that the males tend to stay with the mother and there
were only a handful of recorded events where the males had left the group (Furuichi et al. 2012,
Kano 1992). Females create alliances and dominate each troop maintaining close social
interactions with each other. These close bonds are trumped by competition only when it comes
to competing for the ranking dominance of their sons.

Bonobos are considered to be less aggressive and more peaceful than the chimpanzees.
Sex is pivotal in creating and maintaining bonobos’ nonviolent society. It is used to resolve
conflict, reinforce ties, relieve stress and anxiety, receive food, and move up in social hierarchy;
sex has no restrictions except for the case of incest, inclusive of the same sex contact (Clay 2012,
Fruth 2006, Takahata 1999). Once females reach sexual maturity, they leave the troop, and the
young males stay with the mother.

The female bonobo is sexually mature at 12 years old. They feed their young up until
they are about four years old, having a baby approximately every 5 to 6 years with a gestation
period of about 8 months. Mother’s support is critical in the mating attainment of their sons
(Surbeck et al. 2011). It is crucial for the young bonobo’s survival to stay with the mother. The
mother is the sole caregiver making it impossible for the male apes to know which bonobo is
their biological offspring and therefore prevent infanticide.

2.1.3 Endangered species

Bonobos have been recognized by the International Union for Conservation of Nature
(IUCN) as an endangered species and placed on the IUCN’s Red List of Threatened Species.
There are no actual numbers on their population; it is estimated that between 10,000 and 50,000
bonobos are currently living in the wild and zoos. Bonobos typically live about 60 years in

captivity and 20 to 50 years in the wild as recorded by the WWF and AWF. The primary causes



of extinction are habitat destruction, such as deforestation, and the hunting of primates for food
and illegal wildlife trade (IUCN, AWF). Part of the bonobos’ habitat is in protected areas, but
their environment is threatened by the growing human population, slash-and-burn agriculture,
and deforestation. The civil unrest in the Democratic Republic of Congo also has been a major
challenge for them. Bonobos’ predators are humans. The rate of reproduction does not keep pace
with the rate of their destruction, which is the crux for their endangered status (AWF).
2.1.4 Ape trafficking

The commercial trade of great apes is prohibited. However, the illegal wildlife trade,
known as ape trafficking or smuggling, has been recognized as an ongoing threat to all great apes
given that even commercial trade is occurring. In 2014, AWEF’s director at the time, Jef Dupain,
testified on the threat to great apes that is posed by trafficking, with about 3000 apes of all
species lost due to the black-market activities (AWF, 2014). The AWF urges for more support in
recognizing this illegal activity, increasing transparency, improving resources such as enforcing
the law, illuminating the fact that these animals are not only traumatized when captured but they
continue to live the rest of their lives in often dubious captive settings. The Pan African
Sanctuary Alliance (PASA) calls the situation of ape trafficking ‘dire’ and ‘deeply disturbing.” In
2017, the New York Times article ‘Smuggled, Beaten and Drugged: The illicit Global Ape
Trade’ was published, describing in detail the sales, and smuggling of apes where a smuggled
gorilla baby can cost as much as a quarter of a million dollars. Young apes are taken from their
families and transported illegally thousands of miles to ‘wealthy homes and unscrupulous zoos’
where they are ‘often beaten or drugged into submission and used for entertainment like

mindlessly banging on drums or boxing one another’ as part of the growing business of ape
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shows. There have been reports of trafficked apes being used as prostitutes or even having their
body parts sold internationally (Mongabay 2017, The Sun 2018).
2.1.5 Bushmeat

Often the adult apes are killed for bushmeat when the baby ape is captured for the
purposes of the illegal wildlife trade. Bushmeat refers to meat obtained unlawfully from killed
mammals. In the area where bonobos live, the Congo Basin, the apes are part of the larger set of
wild animals, including reptiles and birds, used as the source of protein for the local population
(Fa et al. 2003). The hunting method is focused on traps and snares where some of the animals
escape with injuries, rot in the snares or are captured. If their feet get caught in a trap, bonobos
do not scream in panic, like pigs or other animals typically do, but instead they try to untangle
themselves from the snares without being noticed by the hunters. Bushmeat consumption, along
with using primates for medicinal products or ornamental use, threatens the extinction of these
animals (NY Times 2017, Ripple et al. 2016).
2.1.6 Conservation

Currently the only sanctuary for bonobos in the world is a PASA wildlife center called
Lola ya Bonobo located in the large city of Kinshasa, Democratic Republic of Congo. The 75-
acre sanctuary houses over 60 orphaned bonobos. At the Lola ya Bonobo’s center, infant
bonobos, discovered on the black market and highly traumatized from being taken away from
their mothers, are brought in, taken care of both physically and psychologically, and when ready,
released into a larger group. Lola ya Bonobo also functions as an educational center (PASA,
Bowie et al. 2020, Andre et al. 2008). The AWF has set up the Lomako Conservation Science
Center in Congo to support and develop conversation strategies and work with the local

community on how to stop the destruction of bonobos and their habitat (AWF).

11



To counteract the threats of wildlife trafficking and hunting of these animals for meat,
efforts have been made to educate the public on conservation steps with the goal of minimizing
the hunting of these animals and destroying the biodiversity in the region. What is known as the
conversation education hypothesis (CEH) suggests that people are more likely to support
conservation if they have learned about endangered species and understand the impact of
conserving those species on the environments shared by people and the animals. Scientists need
to communicate and educate not only the general public, but the policymakers as well, on the
efforts of conservation and sustainability (Bickford et al. 2012). This is especially crucial in the
area where the local population is in direct contact with the endangered species, as is the case in
the Congo

The idea behind the CEH approach to conservation is that education and outreach will
lead to positive changes in the local population’s attitudes toward wild animals. This was tested
at the Lola ya Bonobos sanctuary where tours are given to thousands of adults and children every
year to experience and educate them about bonobos. The assessments were designed and
implemented on the attitude of children toward bonobos as well as their knowledge and empathy
toward bonobos pre- and post-tours. Bowie et al. (2020) showed changes in the improvement of
pro- conservation attitudes, regardless of age or sex of the participants.

Besides educational endeavors to increase awareness and support for apes, there are a
number of organizations actively working to raise money for the conservation of apes. The Great
Ape Conservation Fund has so far dedicated close to five million dollars in efforts to aid
activities in Africa and Asia in collaboration with the local communities, as well as the Arcus
Foundation in concert with the Great Apes and Gibbons Program affording more than 13 million

dollars to organizations working on protecting great apes and gibbons.
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2.2 Data

2.2.1 Data Description

There were 42 bonobos in the dataset from seven zoos with a total of 3187 observations
collected. Zoos’ and apes’ names have been masked and presented as Zoo A through Zoo G and
apes as Ape 1 through Ape 42. The number of bonobos per institution varied from two to eleven
with a mix of ages and sex.

The dataset contained information on bonobos’ blood pressure measurements taken at
different timepoints from 2016 to 2019 with an average of four measurements per year per
bonobos where some of the measurements were taken at different times of day in one day. The
PetMap™ Graphic blood pressure device, shown in the picture below, is placed on a bonobo’s
finger, while the animal is fully awake, and the measurement recorded. Finger blood pressure
measurements had previously been used to identify blood pressure values on bonobos at the
Milwaukee County Zoo, where the pilot study was initially implemented. The ability to measure
blood pressure without sedation of an animal is important. Drugs used to anesthetize non-human
primates, in general, decreases blood pressure and therefore may not give an accurate reading

(Horne, 2001).

Source: GAHP Blood Pressure Monitoring project website.
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Additional data collected included: sex, whether cardiac medication was administered
and if so, the type of medication, age at the time of collection, the date of the blood pressure
measurement, morning or afternoon session during which the blood pressure was collected,
collector position within the zoo (curator, keeper, head keeper, assistant curator, zoo technician,
or zoo veterinarian), device’s cuff size, hand, and finger (index, middle, pointer or ring) on
which device was placed, and device’s wave form quality.

By default, since no reference ranges exist for bonobo blood pressures, ‘baseline’ is
defined as the first, earliest measurement. The blood pressure measurements were collected in an
unscheduled manner, where each bonobo had multiple observations within the same and/or
multiple visits. The approach here was to average out the values for the blood pressure per each
date and the earliest date value would be considered as the baseline value, that is, for £ records

fe .
per each assessment date, the average value, separately for SBP and DBP, was taken % =x

per each assessment date per bonobo and the earliest date was chosen as baseline:
min (X1, X,,..Xj) where;j is the number of date assessments per each bonobo. After assigning
the values as baseline, the rest of the measurements, following the same approach, are assigned
as post-baseline and the difference was calculated between the post-baseline and baseline values
as well as the percent change from baseline.
2.2.2 Demographics

The number of males outnumbered the number of females with only one bonobo pregnant at

the time of data collection, as shown below in Table 1.
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Table 1: Demographics n (%)

Zoo A Zoo B Zoo C Zoo D Zoo E Zoo F Zoo G Total
Number of bonobos 5 8 3 7 2 11 6 42
Age Class (years)*
Juvenile (< 8) 0 0 0 1(14.3) 0 0 0 1(24)
Young Adult (8-14) 1(20.0) 1(12.5) 1(33.3) 1(14.3) 0 2(18.2) 3(50.0) 9(21.4)
Adult (15-24) 3 (60.0) 2(25.0) 0 2(28.5) 1 (50.0) 6 (54.5) 1(16.7) 15 (35.7)
Mature Adult (25-34) 0 2(25.0) 1(33.3) 3(42.9) 1 (50.0) 2 (18.2) 1(16.7) 10 (23.8)
Geriatric (35+) 1(20.0) 3(37.5) 2 (66.6) 0 0 1(9.1) 1(16.7) 7 (16.7)
Sex
Female 2 (40.0) 2 (25.0) 0 3(42.9) 2 (100.0) 5(45.5) 3(50.0) 17 (40.5)
Male 3 (60.0) 6 (75.0) 3 (100.0) 4(57.1) 0 6 (54.5) 3(50.0) 25 (59.5)
Pregnant®
Yes 0 0 0 0 0 1(20.0) 0 0
No 0 0 0 0 0 0 0 0
On cardiac medication
Yes® 1(20.0) 5(62.5) 0 0 0 6 (54.5) 1(16.7) 13 (30.9)
Ace-inhibitor¢ 1 (100.0) 4 (80.0) 0 0 0 6 (100.0) 1 12 (92.3)
Beta blocker? 0 1(20.0) 0 0 0 3(27.2) 0 4 (30.8)
Calcium-channel blocker? 0 0 0 0 0 2(18.2) 0 2(154)
No 4 (80.0) 3 (37.5) 3 (100.0) 7 (100.0) 2 (100.0) 5(45.5) 5(83.3) 29 (69.1)

Note: n = Number of bonobos. SD = Standard Deviation. Percentages are based on the total number of bonobos in each zoo.
* Age as collected during the last blood pressure measurement.

b Percentages are based on the female bonobos.

¢ If a bonobo was given more than one cardiac medication, they are counted in each medication category.

4 Percentages are based on the ‘Yes’ category for the medication.

The outliers for continuous variables were removed using the interquartile method for the SBP
and DBP as well as the heart rate. Blood pressure variables, both SBP and DBP, were
categorized in ranges of 10 mmHg. Table 2 displays the descriptive statistics for age, blood

pressure and heart rate measurements.
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Table 2: Age, blood pressure and heart rate measurements.

Variable Statistic Zoo A Zoo B Zoo C Zoo D Zoo E Zoo F Zoo G Total
N 5 8 3 7 2 11 6 42
Age Mean (SD) 18 (8.26) 36 (7.20) 27 (11.81) 24 (7.39) 23 (2.83) 22 (9.04) 17 (10.19) 23 (10.69)
(years)® Median 20 37 34 23 23 21 14 20
Min, Max 8,37 13,43 12,42 5,34 20,26 8,51 7,44 5,51
SBP Mean (SD) 133 (25.29) 130(34.09) 141 (24.25) 136(38.87) 125(42.14) 173 (26.99) 130 (36.41) 148 (37.19)
(mmHg) Median 129 129 142 139 118 175 130 153
Min, Max 82,209 57,210 80,217 59,212 78,208 67,217 50,213 50,217
DBP Mean (SD) 78 (17.73) 71 (22.76) 73 (22.18) 77 (24.88) 65 (29.55) 95 (19.65) 74 (24.17) 83 (23.93)
(mmHg) Median 78 69 71 75 54 97 72 83
Min, Max 47,129 22,126 30, 128 24,128 36, 120 19, 129 19, 129 19, 129
HR Mean (SD) 98 (18.05) 93 (17.26) 92 (15.55) 97 (13.08) 100 (10.26) 100 (11.88) 103 (17.52) 99 (15.08)
(bpm) Median 95 91 91 96 100 100 106 100
Min, Max 65,129 54,129 55,126 62,129 83,115 53,131 52,131 52,131

Note: N=total number of bonobos. SBP = Systolic Blood Pressure. DBP = Diastolic Blood Pressure. HR = Heart rate.
* Age at the time of the blood pressure measurement, averaged across all visits.

Figure 1 and Figure 2 below present the distribution of age and heart rate values across the zoos.

Age is both continuous and categorical, classifying bonobos as either juvenile, young adult,

adult, mature adult, and geriatric. The average age of a bonobo across all zoos was 23 with the

youngest being 5 years old and the oldest 51. The most prevalent category were the adults

followed by the mature adults group. The heart rate varied from 53 to 131 beats per minute, with

the mean of 99 and median of 100.
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Figure 1: Age distribution of bonobos by zoo.

Age distribution of bonobos
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Figure 2: Distribution of heart rate.

Distribution of heart rate by the institution across all observations by sex
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The average blood pressure across all zoos was 148/83 as shown below in Figures 3 and 4: the
lowest SBP measurement of 50 mmHg and highest of 217 mmHg; for DBP the average is 83

mmHg with the lowest of 19 and highest value of 129 mmHg.
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Figure 3: SBP distribution by sex.
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Figure 4: DBP distribution by sex.
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2.2.3 Reference Ranges

GAHP’s Blood Pressure Monitoring Project goal is to ‘routinely monitor blood pressure
values of bonobos using a finger cuff system. As mentioned above, to date, there are no known
reference range values for normal bonobo blood pressure. By evaluating blood pressure readings
over a 2-year period, the goal is to be able to use the dataset to establish normal reference range
values for bonobos.” According to the Center for Disease Control and Prevention (CDC), the
leading cause of mortality among humans is heart disease. Heart disease is common in apes,
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although it has been shown to be caused by different pathological processes than humans (Varki
et al, 2009). The reference ranges for human blood pressure were established, first by Grasback
and Fellman in 1969, followed by development of ‘reference intervals’ and ‘reference values’ in
the early 1990s. The most current and widely used guideline is published by the Clinical and
Laboratory Standards Institute (Ozarda, 2016). The same type of guideline is not present for the
evaluation of blood pressure for bonobos and, oftentimes, the reference ranges used for apes are

the human ones. CDC presents the following as the current reference ranges:
Figure 5: CDC Blood Pressure Levels.
Blood Pressure Levels

The Seventh Report of the Joint National Committee on
Prevention, Detection, Evaluation, and Treatment of High
Blood Pressure (2003 Guideline)?

The American College of Cardiology/American Heart
Association Guideline for the Prevention, Detection,
Evaluation, and Management of High Blood Pressure in
Adults (2017 Guideline)

Normal systolic: less than 120 Normal systolic: less than 120

At Risk (prehypertension)

High Blood Pressure
(hypertension)

Source: CDC Blood Pressure website.

mm Hg
diastolic: less than 80
mm Hg

systolic: 120-139 mm Hg
diastolic: 80-89 mm Hg

systolic: 140 mm Hg or
higher
diastolic: 90 mm Hg or
higher

Elevated

High blood pressure
(hypertension)

mm Hg
diastolic: less than 80
mm Hg

systolic: 120-129 mm Hg
diastolic: less than 80
mm Hg

systolic: 130 mm Hg or
higher
diastolic: 80 mm Hg or
higher

In their 2011 paper, Ely et al. proposed reference ranges for chimpanzees based on their

analysis of blood pressure data in sedated chimpanzees. The approach was to divide the blood

pressure values into less than 90™ percentile, 90" to 94 percentile and greater than or equal to

95" percentile corresponding with the three categories: normotensive, pre-hypertensive and

hypertensive, respectively. Taking the same approach as Ely et al., GAHP bonobos’ blood
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pressure data was divided into three distinct categories based on the percentiles mentioned

above. In Table 3, the reference ranges are presented overall, by age group and by sex. For

female bonobos, the values are slightly higher while the medians stay close. Compared to the

CDC human blood pressure reference ranges, the values are higher overall for bonobos. These

values are also higher than the Ely et al. findings for healthy, sedated chimpanzees, where the

normal range was 148-153 for SBP and 85-88 for DBP, with the medians of 126 and 63,

respectively.

Table 3: Reference intervals based on percentiles.

Systolic Blood Pressure

Diastolic Blood Pressure

Median < 90th % 90-94th % > 95th % Median  <90th %  90-94th % > 95th %
Overall 153 <198 198-204 205+ 83 <115 115-120 121+
Sex
Female 152 <200 200-205 206+ 83 <117 117-122 123+
Male 153 <197 197-204 205+ 83 <114 114-119 120+
Age categories: Overall
Juvenile (< 8)* 185 <211 211 211+ 89 <126 126-128 128+
Young Adult (8-14) 127 <166 166-176 178+ 72 <109 109-117 118+
Adult (15-24) 164 <202 202-206 207+ 90 <117 117-120 121+
Mature Adult (25-34) 135 <180 180-190 191+ 75 <110 110-118 119+
Geriatric (35+) 134 <169 169-178 185+ 79 <114 114-119 120+
Age categories: by Sex
Female
Juvenile (< 8)* 119 <144 144 144+ 64 <83 83 83+
Young Adult (8-14) 148 <198 198-204 205+ 83 <116 117-122 123+
Adult (15-24) 147 <208 208-209 210+ 82 <116 117-121 122+
Mature Adult (25-34) 155 <199 199-203 204+ 81 <117 117-120 121+
Geriatric (35+) 157 <196 196-204 205+ 85 <116 116-123 124+
Male
Juvenile (< 8)* 185 <211 211 211+ 110 <128 128 128+
Young Adult (8-14) 127 <166 166-177 178+ 65 <96 96-104 105+
Adult (15-24) 164 <202 202-206 207+ 90 <117 117-120 121+
Mature Adult (25-34) 135 <180 180-190 191+ 72 <108 108-116 117+
Geriatric (35+) 134 <169 169-184 185+ 70 <103 103-113 114+

* Juvenile group had one female and one male bonobo.
< 90% normotensive, 90 - 94% pre-hypertensive and > 95% hypertensive.
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Comparing Table 3 ranges with the descriptive statistics values by zoo in Table 2, SBP and DBP
means for all zoos fell into the normal category.
2.3 Methods

The Shapiro-Wilk goodness of fit test for normality rejected the assumption of normal
distribution for both SBP (W =0.979, p = 0.0001) and DBP (W = 0.984, p = 0.0001) pressure.
Both variables were normalized, and the standardized values were used for the analyses.
Multiple approaches were utilized to assess the data: K-means clustering and principal
components analysis to investigate potential clustering and identify any groupings within the
data, Lasso application as a tool for variable selection to tease out any important predictors as
well as general and mixed linear models to better understand the predictors and their relationship
to the response variable by looking at their estimates.
2.3.1 K-means Clustering

To identify any likely groupings amongst bonobos, K-means clustering was utilized; it is a
type of unsupervised clustering, where the primary goal is to try to find the K number of groups,
known as clusters, within the data. As Hartigan and Wong explained in their 1979 paper, “the
algorithm requires as input a matrix of M points in N dimensions and a matrix of K initial cluster
centers in N dimensions. The number of points in cluster L is denoted by NC (L). D(I,L) is the
Euclidean distance between point / and cluster L. The general procedure is to search for a K-
partition with locally optimal within-cluster sum of squares by moving point from one cluster to
another.” In other words, once K is provided, the algorithm computes the cluster centroids based
on assigning data point at random to each cluster, known as the expectation-step, which is

repeated iteratively until the ideal centroid is found, known as the maximization-step. The data
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points assigned to cluster do not change; this process is known as Expectation-Maximization
strategy (Sharma, 2021).
2.3.2 Principal Component Analysis

Principal Component Analysis (PCA) is a method that focuses on reducing the
dimensionality of the dataset, increasing interpretability, and minimizing the information loss by
creating principal components, new variables that are uncorrelated variables which successively
maximize variance, and which are ordered so that the first few retain most of the variation
present in all the original variables. (Jolliffe, 2016). PCA takes the original data and transforms it
into a new orthogonal axis system where the first principal component has the highest variance,
the second principal component has a second highest variance and so on. This is oftentimes
accompanied by the scree plot, also known as the elbow plot, which shows how much variation
each principal component takes from the data.
2.3.3 Lasso

Least shrinkage and selection operator, known as Lasso, was developed by Robert Tibshirani
in 1996. The method shrinks some coefficients and sets others to zero, retaining the beneficial
features of both subset selection and ridge regression. It is a variable selection process. In his
paper, Tibshirani proposed the following structure: adding a penalty term to the existing OLS

form for minimizing RSS, with the penalty term on the [; norm of the coefficient vector f:

(=) = argmin] Y 01 -1

such that )} j |,8 j| < t, where again, ¢ is known as a ‘tuning parameter’.

Lasso regression can also be written in Lagrangian form as:

BLasso =arg min{zg\lzl(yi — x;.rﬁ)z} + AZ?:llﬁjl
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Whereas A 25;1 1B j| is known as the penalty term.

It is important to note here the geometric shape of the [; norm which is defined as the sum of the

magnitudes of the vectors in space, frequently exemplified by the city blocks/taxicab geometry:

181l = Zn:IBiI

Comparing to the Ridge regression and using only £; and [5,, the geometric shape on a Cartesian
plane would result in a diamond for Lasso instead of the circle. Each corner of the diamond is
either a x or y intercept in a two-dimensional space so that when the beta solution curve touches
the corner, the coefficient becomes zero.

There are different approaches to using Lasso in variable selection. In the apes’ dataset,
there are several categorical variables. To get a comprehensive picture of the effects by category,
and not only on an individual level within each category, grouped Lasso was employed using the
minimum Schwartz information criterion (SBC) and consequently identifying the optimal
lambda parameter. Yuan and Lin (2006) showed that the grouped factor selection showed better
performance than traditional stepwise approaches. As specified in the SAS description, “the
optimal A is usually unknown, a sequence of regularization parameters p, p2, p3, ..., is employed
where p is a positive value less than 1...In the ith step of group Lasso selection, the value used
for A is pt.”

2.3.4 Models

One of the questions posed was the impact of variables collected on the blood pressure
values. In addition to variable selection using Lasso as described in 2.3.3, multiple models were
used to assess the potential effects of the collected variables; the ones that had more than 10% of

the data missing were not included. General linear model (GLM) with fixed effects and no
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interactions was performed first, followed by the linear mixed model with the random intercept
and then the linear mixed model with the zoo assigned as a random effect. The GLM approach
was applied to two sets of variables: one was inclusive of all the variables and the other was

including only the variables that were chosen by the grouped Lasso and their estimates.

2.3.4.1 Linear model

The general linear model contains both continuous and categorical variables as predictors
and a continuous dependent variable as a response, where the model is fit by using the least
squares approach. The form is y;~N(x] ,5%) where x; represents the predictors, known as
covariates, [ contains the coefficients to be estimated (intercept and the slopes of each covariate
in relation to the dependent response variable) and o2 is the variance. Multiple linear regression
was set up as follows:

Y~N(u,0?%) where Y is the dependent variable, normally distributed with mean u, representing

SBP and DBP measurements in terms of the beta coefficients for each predictor.

2.3.4.2 Linear Mixed Model

Linear Mixed Model (LMM) is a subset of a Generalized Linear Model where the effects
are permitted to be both random and fixed. The format of the LMM is y = X + Zu + € where f§
represents the fixed, unknown effects, b are the random effects with b~N (0, 6£), X and Z are
known as design matrices and & represents the residuals with e~N (0, 62 ). The dimensions are:
Y isa N x 1 column vector for the N total number of subjects, 8 is a p x 1 column vector for the
p predictor variables, b is a r x 1 column vector for r random effects and X is a N x p matrix,

and Z is a N x r matrix.
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Mixed effects models can have only intercept as random and can also have slope (effect) as
random with other covariates staying as fixed.
Having the intercept as random tells us that the intercept is allowed to vary across the zoos while
the slopes are staying fixed across all zoos, that is the effect of each predictor variable (i.e., sex,
age, etc.) is the same in every zoo.
The format is as follows:

Yij = Bo + Brxij+b; + e ; e;j~N (0,02 ),bj~N(0,05 )
where y;; is the SBP or DBP response variable, x;; is the predictor of ith bonobos in jth zoo, B
is the overall intercept, S is the slope of & fixed effects.

The following notation presents the components of the mixed effects model:

Yij = Bo + BrXij + byjxi; + ey

where €;;~N (0,072 ), i=1,2,..., 42 representing bonobos and j=1, 2, ...7 zoos. The response
variable y;; is the blood pressure of ith bonobo in jth zoo, B, is the overall intercept, By is the
slope of k fixed effects listed.

2.4 Results

2.4.1 K-means Clustering

Figure 6 presents the results of using the K-means clustering approach on bonobos data
where the variables for blood pressure, heart rate, age as a continuous variable and cuff size were
standardized. The means of these variables were calculated per each bonobo so that there is one
record per ape and therefore one ape assigned per cluster. In addition, the age was included as a

size to illuminate any potential grouping in Figure 7.
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Figure 6: K-means clustering with K=2.
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The clustering for both figures showed no pattern to distinguish either of the two groups.
Clusters with K larger than two were also implemented without yielding any distinct data

separations.



2.4.2 Principal Component Analysis

In this data, Figure 8 shows that there is no defined ‘elbow’ for bonobos data. That is, there is no

defined juncture where there is a point of leveling off so that it is clear that only certain principal

components are kept.

Figure 8: PCA elbow plot.
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However, SBP and DBP proportions for the eigenvalues explained the majority, approximately

66% percent, of the variability in the data, as shown in Table 4. Using only these two

components, grouped by cluster, the scatter plot in Figure 9 is created and here we can see there

1s some separation in the data.

Table 4: PCA Eigenvalues of the Correlation Matrix

Eigenvalue Difference Proportion Cumulative
SBP (mmHg) 1.94591175 0.59768477 0.3892 0.3892
DBP (mmHg) 1.34822698 0.35044108 0.2696 0.6588
Age (years) 0.9977859 0.39747524 0.1996 0.8584
Heart Rate (bpm) 0.60031066 0.49254595 0.1201 0.9784
Cuff size (in) 0.10776471 0.0216 1.0000

SBP - Systolic Blood Pressure. DBP - Diastolic Blood Pressure.
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Figure 9: PCA plot of principal components.
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Cluster 1 contained 30 and cluster 2 12 bonobos. As seen in Table 5, bonobos in cluster 1 are on
average older than bonobos in cluster 2, although the median for both groups is in the adult
category with the mean of cluster 1 belonging to the mature adult category. Lower values are
found for the mean and median blood pressure and heart rate in cluster 1; in cluster 1, mean
blood pressure was 135/76 and in cluster 2 164/90, falling into the normal range category in

Table 3. Of note, the blood pressure is higher in the younger group.
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Table 5: Age, blood pressure and heart rate measurements in two clusters.

Variable Statistic Cluster 1 Cluster 2
Number of bonobos N 30 12
Mean (SD) 28 (11.40) 18 (6.25)
Age (years) Median 25 20
Min, Max 12,52 5,24
Mean (SD) 135 (35.26) 164 (33.15)
SBP (mmHg) Median 135 169
Min, Max 50,217 58,217
Mean (SD) 76 (23.48) 90 (22.12)
DBP (mmHg) Median 75 92
Min, Max 19, 129 19, 129
Mean (SD) 94 (15.08) 105 (13.22)
HR (bpm) Median 93 104
Min, Max 52,129 52,131

SBP = Systolic Blood Pressure. DBP = Diastolic Blood Pressure. HR = Heart rate. bpm — beats per minute.
* Age at the time of the blood pressure measurement, averaged across all visits.

2.4.4 Lasso

For SBP and DBP, Table 6 shows the variables kept using the default rho value of 0.9.

For SBP, the number of steps taken for the minimum SBC criterion was 19, making the lambda

0.135 and for DBP the number of steps was 23 with the lambda of 0.088. Figure 10 and Figure

11 three plots a, b and ¢ show the steps and progression of the variable selection.
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Table 6: Grouped Lasso variable selection.

Response Parameter Estimate

SBP
Intercept 0.612
Sex: F 0.012
Sex: M -0.012
Zoo A -0.026
Zoo B -0.084
Zoo C 0.006
Zoo D -0.014
Zoo E -0.052
Zoo F 0.054
Zoo G -0.029
On cardiac medication 0.066
Not on cardiac Medication -0.066
Wave Form Quality: Acceptable -0.006
Wave Form Quality: Good 0.006

DBP
Intercept 0.517
Sex: F 0.021
Sex: M -0.021
Juvenile (< 8) 0.053
Young Adult (8-14) -0.023
Adult (15-24) 0.019
Mature Adult (25-34) -0.014
Geriatric (35+) 0.000
Zoo A -0.008
Zoo B -0.116
Zoo C -0.029
Zoo D -0.029
Zoo E -0.122
Zoo F 0.065
Zoo G -0.027
On cardiac medication 0.037
Not on cardiac Medication -0.037
Cuff Size: 2.5 -0.072
Cuff Size: 3 -0.044
Cuff Size: 3.5 0.019
Cuff Size: 4 -0.003
Cuff Size: 4.5 0.003
BP_Cuff Hand Arm_Side: Left -0.002
BP_Cuff Hand Arm_Side: Left and Right -0.011
BP_Cuff Hand Arm_Side: Right 0.002
Heart Rate 0.001

Note: SBP = Systolic Blood Pressure. DBP - Diastolic Blood Pressure.
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Figure 10a: Grouped Lasso selection of the final effects with SBP as response — progression of coefficients.
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Figure 10c: Grouped Lasso selection of the final effects with SBP as response — progression of ASE.
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Figure 11b: Grouped Lasso selection of the final effects with DBP as response — fit criteria.
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The final effects chosen for SBP are sex, zoo, whether the animal was on cardiac medication and

the wave form quality of the measuring device. For DBP, the final effects are sex, age, whether
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the animal was on cardiac medication, cuff size used to measure the blood pressure, the hand on

which the blood pressure device was placed and the heart rate.

As described above, the categorical variables selected by grouped Lasso in Table 6 were

treated as groups, not on an individual level of each categorical variable. By applying non-

grouped Lasso, the variable selection focuses on the level of each category. There were four

different approaches done with this data to potentially discover any information of significance

of categories and their levels. That is, Lasso picks one or more of the levels in each category,

making those specific levels be of importance versus the omitted levels. The first approach is

choosing the model that gives the smallest estimated prediction error: indirect estimation chooses

minimum SBC. The second approach, the direct estimation, uses a split of the data, where 30

percent of the data is treated as validation data and 70 percent as training data. The third

approach is again direct estimation by choosing the model that gives the smallest 5-fold cross

validation error. The final approach sets the lambda value to 0.1. Table 7 and Table 8 display the

estimates where SBP and DBP are the response variable, and all predictors were treated as fixed

effects.

Table 7: Lasso variable selection with SBP as response.

Method Parameter DF Estimate

Minimum SBC
Intercept 1 0.494
Sex_F 1 0.012
AM_PM_SESSION: AM 1 0.007
Zoo B 1 -0.051
Zoo F 1 0.173
On cardiac medication 1 0.062
Cuff Size:3.5 1 0.042
Wave Form Quality: Acceptable 1 -0.017

Validation using 70-30% data split
Intercept 1 0.482
Sex F 1 0.038
Juvenile (< 8) 1 0.04
Young Adult (8-14) 1 -0.007
Adult (15-24) 1 0.012
AM_PM_SESSION:AM 1 0.014
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Table 7 (continued).

Method Parameter DF Estimate
Zoo A 1 -0.014
Zoo B 1 -0.12
Zoo C 1 0.048
Zoo E 1 -0.206
Zoo F 1 0.131
BP_Data_Collector Position: Keeper (head 1 0.023
keeper)

BP_Data_Collector Position: Other - Asst. 1 -0.008
Curator

On cardiac medication 1 0.104
Cuff_Size: 2.5 1 -0.195
Cuff Size: 3.5 1 0.057
Cuff Size 4 1 -0.021
BP_Cuft Hand_Arm_Side: Left and Right 1 -0.064
BP_Cuff Hand Arm_Side: Right 1 0.023
BP_Cuff Finger Ring or Middle: Ring 1 0.136
Wave Form _Quality: Acceptable 1 -0.028

Minimum 5-fold validation error

Intercept 1 0.497
Sex: F 1 0.038
Juvenile (< 8) 1 0.043
Young Adult (8-14) 1 -0.017
Adult (15-24) 1 0.006
AM_PM_SESSION: AM 1 0.003
AM_PM_SESSION: PM 1 -0.017
Zoo A 1 -0.009
Zoo B 1 -0.11

Zoo C 1 0.039
Zoo E 1 -0.117
Zoo F 1 0.158
On cardiac medication 1 0.087
Cuff Size: 3.5 1 0.065
Cuff Size 4 1 -0.011
BP_Cuff Hand Arm_Sid: Right 1 0.008
BP_Cuff Finger Ring or Middle: Middle 1 -0.001
BP_Cuft Finger Ring_or Middle: Ring 1 0.189
Wave Form__Quality: Acceptable 1 -0.034

Setting lambda to 0.1

Intercept 1 0.496
Sex: F 1 0.01

AM_PM_SESSION: AM 1 0.005
Zoo B 1 -0.043
Zoo F 1 0.175
On cardiac medication 1 0.059
Cuft Size: 3.5 1 0.038
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Table 7 (continued).

Method Parameter DF Estimate

Wave Form _Quality: Acceptable 1 -0.015

Note: SBP = Systolic Blood Pressure.

Table 8: Lasso variable selection with DBP as response.

Method Parameter DF Estimate

Minimum SBC
Intercept 1 0.421
Sex: F 1 0.03
Juvenile (< 8) 1 0.031
Young Adult (8-14) 1 -0.022
Adult (15-24) 1 0.024
Zoo B 1 -0.077
Zoo E 1 -0.053
Zoo F 1 0.138
On cardiac medication 1 0.035
Cuff Size: 3 1 -0.046
Cuff Size:3.5 1 0.033
Heart Rate 1 0.001

Validation using 70-30% data

split
Intercept 1 0.396
Sex_F 1 0.061
Juvenile (< 8) 1 0.074
Young Adult (8-14) 1 -0.046
Adult (15-24) 1 0.03
Mature Adult (25-34) 1 -0.008
AM_PM_SESSION: Unknown 1 0.009
Zoo A 1 0.022
Zoo B 1 -0.124
Zoo C 1 -0.013
Zoo E 1 -0.05
Zoo F 1 -0.248
BP_Data_Collector_Position: Other - Asst.
Curator B ! 0.113
BP_Data_Collector Position: Zoo Veterinarian 1 -0.057
On cardiac medication 1 0.048
Cuff Size: 2.5 1 0.048
Cuff Size: 3.5 1 -0.082
Cuff Size 4 1 -0.065
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Table 8 (continued).

Method| Parameter DF Estimate
BP_Cuff Hand_Arm_Side: Right 1 0.05
BP_Cuff Finger Ring or Middle: Index 1 0.024
BP_Cuff Finger Ring or Middle: Ring 1 -0.166
Heart Rate 1 0.156
Wave Form _Quality: Acceptable 1 0.001

1 -0.013

Minimum 5-fold validation error

Intercept 1 0.409
Sex: F 1 0.057
Juvenile (< 8) 1 0.09
Young Adult (8-14) 1 -0.039
Adult (15-24) 1 0.031
Mature Adult (25-34) 1 -0.016
AM_PM_SESSION: PM 1 -0.008
Zoo B 1 -0.114
Zoo C 1 -0.003
Zoo D 1 -0.022
Zoo E 1 -0.187
Zoo F 1 0.11
BP_Data_Collector Position: Keeper (head
keeper) ! -0.021
BP_Data_Collector_Position: Other - Asst.
Curator - 1 -0.108
BP_Data_Collector_Position: Zoo Veterinarian 1 0.025
On cardiac medication 1 0.055
Cuff Size: 2.5 1 -0.065
Cuff_Size: 3 1 -0.073
Cuff Size: 3.5 1 0.051
Cuff Size 4 1 -0.001
BP_Cuff Hand Arm_Side: Left and Right 1 -0.064
BP_Cuff Hand Arm_Side: Right 1 0.007
BP_Cuff Finger Ring or Middle: Middle 1 -0.018
BP_Cuff Finger Ring or Middle: Ring 1 0.096
Heart Rate 0.001
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Table 8 (continued).

Method| Parameter DF Estimate

Wave Form _Quality: Acceptable 1 -0.008
Setting lambda to 0.1

Intercept 1 0.434
Sex: F 1 0.024
Juvenile (< 8) 1 0.016
Young Adult (8-14) 1 -0.021
Adult (15-24) 1 0.019
Zoo B 1 -0.067
Zoo E 1 -0.028
Zoo F 1 0.142
On cardiac medication 1 0.029
Cuff Size: 3 1 -0.041
Cuff Size: 3.5 1 0.028
Heart Rate 1 0.001

Note: DBP = Diastolic Blood Pressure.

For both SBP and DBP, all four approaches showed consistent trends: for SBP, sex, age,
morning/afternoon session when the blood pressure was assessed, zoo, cardiac medication
administration, cuff size and wave form quality; for DBP, heart rate was added to the list.

As mentioned previously, all the predictors were treated as fixed effects. Using zoos as a random
variable, Lasso was applied to the mixed effects model, Table 9 shows that none of the variables
are selected by using Lasso method for variable selection by looking at the accompanying z and

p values. The value of the zoo variance component was 0.042 for DBP and 0.039 for SBP.
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Table 9: Lasso variable selection with the zoo as a random variable.

Response Parameter Estimate Standard Error z-value p-value

SBP
Intercept 0.631 0.033 18.768 <2e-16
Sex: F 0.032 0.066 0.475 0.6348
Sex: M 0
Juvenile (< 8) -0.21 0.437 -0.482 0.63
Young Adult (8-14) 0.023 0.129 0.178 0.8586
Adult (15-24) -0.012 NA NA NA
Mature Adult (25-34) 0.048 0.107 0.453 0.6505
Geriatric (35+) 0 0.9593
AM_PM_Session: AM 0.002 0.058 0.051 0.5518
AM_PM_Session: Unknown 0.112 0.188 0.595
AM_PM_Session: PM 0
BP_Data_Collector Position: Keeper 0.023 NA NA NA
E;;)Igra)ta_Collector_Position: Keeper (head 0.048 0.175 0274 0.7838
BP_Data_Collector_Position: Asst. Curator 0.629 0.551 1.142 0.2535
BP_Data_Collector_Position: Zoo Vetenarian 0.095 0.583 0.164 0.8698
Not on cardiac medication -0.156 0.1 -1.562 0.1183
On cardiac Medication 0
Cuff Size 0 NA NA NA
BP_Cuff Finger: Index 0.039 1.426 0.027 0.9782
BP_Cuff Finger: Middle 0.039 1.006 0.039 0.969
BP_Cuft Finger: Ring 0.243 1.121 0.217 0.8282
BP_Cuff Finger: Pointer 0
Heart rate 0 NA NA NA
Wave Form__Quality: Acceptable -0.039 0.065 -0.616 0.5381
Wave Form_Quality: Good

DBP
Intercept 0.428 0.034 12.463 <2e-16 ***
Sex: F 0.037 0.067 0.555 0.5786
Sex: M 0
Juvenile (< 8) -0.304 0.454 -0.669 0.5034
Young Adult (8-14) -0.028 0.136 -0.208 0.8353
Adult (15-24) -0.012 0.077 -0.151 0.8802
Mature Adult (25-34) 0.028 0.107 0.262 0.7933
Geriatric (35+) 0
AM_PM_Session: AM 0 NA NA NA
AM_PM_Session: PM -0.026 0.08 -0.327 0.7437
AM_PM_Session: Unknown 0
BP Data_Collector Position: Keeper 0.037 NA NA NA
BP_Data_Collector Position: Keeper (head 0.087 0177 049 0.6242

keeper)
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Table 9 (continued).

Response Parameter Estimate Standard Emror z-value p-value
BP Data_Collector_Position: Asst. Curator 0.746 0.592 1.2598 0.2077
BP_Data_Collector_Position: Zoo Vetenarian 0.208 0.583 0.358 0.7204
On cardiac medication 0.104 0.105 0.994 0.3201
Not on cardiac Medication 0
Cuff Size 0.058 0.104 0.561 0.5746
BP_Cuff Finger: Index -0.326 1.427 -0.228 0.8193
BP_Cuff Finger: Middle -0.123 NA NA NA
BP_Cuff Finger: Ring -0.025 1.12 -0.023 0.9819
BP_Cuff Finger: Pointer 0
Heart rate 0 NA NA NA
Wave Form _Quality: Acceptable -0.01 0.065 -0.1476 0.8827

Wave Form_Quality: Good

Note: SBP = Systolic Blood Pressure. DBP - Diastolic Blood Pressure.

2.4.5 Linear Model
Table 10 presents the values obtained from the multiple linear regression model using fixed

effects with SBP and DBP measurement as a dependent variable.



Table 10: General Linear Model with fixed effects.

Dependent variable Input Variables DF R-Square F-value® p-value®

SBP 436 0.59 4.83 <.0001
Sex 1 7.75 00054
Age 1 2.56 0.1098
Zoo 6 11.45 <.0001
AM or PM Session 2 1.34 0.2619
Collector Position 4 1.18 0.3178
Session Date 411 2.14 <.0001
Cardiac Medication 1 8.02 0.0047
Cuff Size 1 0.07 0.7919
Hand 2 0.04 0.9560
Finger 1 7.06 0.0080

DBP 433 051 3.40 <.0001
Sex 1 4.99 0.0257
Age 1 13.55 0.0002
Zoo 6 8.45 <.0001
AM or PM Session 2 4.06 0.0175
Collector Position 4 0.68 0.6055
Session Date 411 2.06 <.0001
Cardiac Medication 1 2.68 0.1020
Cuff Size 1 0.22 0.6401
Hand 2 1.70 0.1835
Finger 1 342 0.0647

Note: SBP = Systolic Blood Pressure. DBP - Diastolic Blood Pressure. DF - Degrees of Freedom.

* F value and p-value for the individual coefficients are based on the Type III SS.

For both SBP and DBP, sex, age, zoo, and session date showed significance. Cardiac medication

also had a low p-value for SBP but not for DBP.

Table 11 presents the same model only using the selected effects from the grouped Lasso:
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Table 11: General Linear Model with fixed effects selected by grouped Lasso.

Dependent

variable Input Variables DF R-Square F-value® p-value®

SBP 9 0.349 97.85 <.0001
Sex 1 34.26 <.0001
Zoo 6 33.02 <.0001
Cardiac Medication 1 49.78 <.0001
Wave Form Quality 1 22.99 <.0001

DBP 16 0.264 33.29 <.0001
Sex 30.35 <.0001
Age 17.42 <.0001
Zoo 10.45 <.0001
Cardiac Medication 7.83 0.0052
Cuff Size 0.27 0.6056
Hand 0.31 0.7306
Heart Rate 6.59 0.0104

Note: SBP = Systolic Blood Pressure. DBP - Diastolic Blood Pressure. DF - Degrees of Freedom.
 F value and p-value for the individual coefficients are based on the Type III SS.

Checking for the individual parameter estimates compared to the reference category, Table 12
presents the estimates of the coefficients for sex, age, zoo, finger on which the cuff was placed,
age category, cardiac medication category and the morning/afternoon session, again by using

only the variables selected by grouped Lasso.



Table 12: General Linear Model with fixed effects (as selected by grouped Lasso) estimates.

Dependent variable  Input Variables Estimate Standard Error t-value p-value®

SBP
Intercept 0.463 0.010 45.01 <.0001
Sex F 0.066 0.011 5.85 <.0001
Sex M 0.000 . . .
Zoo A 0.036 0.016 223 0.026
Zoo B -0.070 0.025 -2.76 0.0059
Zoo C 0.111 0.023 4.94 <.0001
Zoo D 0.051 0.017 2.97 0.003
Zoo E -0.050 0.053 -0.95 0.3424
Zoo F 0.163 0.019 8.63 <.0001
Zoo G 0.000 . . .
On cardiac medication 0.127 0.018 7.06 <.0001
Not on cardiac medication 0.000 . . .
Wave Form Quality: Acceptable -0.046 0.010 -4.79 <.0001
Wave Form Quality: Good 0.000

DBP
Intercept 0.400 0.047 8.58 <.0001
Sex F 0.067 0.018 3.74 0.0002
Sex M 0.000 . . .
Zoo A -0.011 0.021 -0.51 0.6068
Zoo B -0.160 0.033 -4.86 <.0001
Zoo C -0.018 0.027 -0.64 0.5215
Zoo D -0.058 0.028 -2.08 0.0378
Zoo E -0.233 0.060 -3.85 0.0001
Zoo F 0.081 0.029 2.8 0.0051
Zoo G 0.000 . . .
Juvenile (< 8) 0.115 0.054 2.13 0.0333
Young Adult (8-14) -0.043 0.022 -2 0.0453
Adult (15-24) 0.040 0.020 1.94 0.0525
Mature Adult (25-34) -0.019 0.023 -0.8 0.4253
Geriatric (35+) 0.000 . . .
On cardiac medication 0.061 0.021 2.96 0.0031
Not on cardiac medication 0.000 . . .
Cuff Size: 2.5 -0.121 0.137 -0.88 0.3769
Cuff Size: 3 -0.090 0.029 -3.14 0.0017
Cuff Size: 3.5 0.055 0.019 2.87 0.0042
Cuff Size: 4 -0.005 0.014 -0.36 0.7214
Cuff Size: 4.5 0.000 . . .
BP Cuff Hand Arm_ Side: Left -0.025 0.018 -1.36 0.1739
BP_Cuff Hand Arm_Side: Left and
Right -0.139 0.096 -1.45 0.1474
BP_Cuff Hand Arm_Side: Right 0.000 . . .
Heart rate 0.001 0.000 3.31 0.001

Note: SBP = Systolic Blood Pressure. DBP - Diastolic Blood Pressure.
* p-value for the individual coefficients is based on the Pr > |t|

The reference category is the category with an estimate of 0 coming from the GLM

parameterization where it sets the parameter estimate for the last level to zero making it the
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reference level. The parameter estimates for other levels of the same variable are the difference
in the effect of each level compared to the reference category. Males are the reference category
for sex; female category estimate, 0.066, is the estimated difference in the mean of SBP between
the two sexes, adjusting for other covariates. The p-value (p <.0001) is from a test of SBP means
being equal for both, which the low p-value here rejects. Not taking cardiac medication is a
reference category and p-value rejects that SBP and DBP are equal between the two cardiac
medication categories with the estimated difference of 0.127 for SBP and 0.061 for DBP,
adjusting for other covariates. Similarly, zoos show that there are differences between the
categories, with Zoo G being the reference category. while accounting for the other variables, for
both SBP and DBP. The cuff size and blood pressure are present in the DBP but in the SBP
category. The cuff size has primarily negative association with the blood pressure, compared to
the reference level of the largest size. That is, the estimate for a cuff size of 3 compared to the
size 4.5 1s -0.121, the estimated difference in the mean of DBP between the two sizes, while

adjusting for all covariates.

2.4.6 Linear Mixed Model

2.4.6.1 Random Intercept Model

In Table 13 the fixed variables are listed alongside their p-values where the intercept was

assigned as random, covariance structure unstructured and subject effect was ape.
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Table 13: Linear Mixed Model with random intercept.

Dependent variable Input Variables DF* F-value® p-value®

SBP
Sex 1 3.64 0.057
Age category 4 0.61 0.658
Heart rate 1 0.08 0.783
Zoo 6 4.07 0.001
AM or PM Session 2 1.44 0.238
Collector Position 5 0.84 0.522
Cardiac Medication 1 223 0.136
Cuff Size 4 1.21 0.305
Hand 2 0.07 0.937
Finger 3 5.6 0.001

DBP
Sex 1 5.55 0.019
Age category 1 1.93 0.104
Heart rate 6 3.11 0.005
Zoo 1 10.34 0.001
AM or PM Session 2 0.56 0.573
Collector Position 5 0.68 0.639
Cardiac Medication 1 0.02 0.897
Cuff Size 4 59 0.000
Hand 2 0.27 0.760
Finger 3 4.16 0.006

Note: N=total number of bonobos. SBP = Systolic Blood Pressure. DF - Degrees of Freedom.

2DF is the numerator DF for individual coefficients.

® For the individual coefficients, it's based on Type 3 Tests of Fixed Effects, p value is Pr> F.

The estimates presented in Table 14 and Table 15 reflect the relationship between the effect and

the response for the variables chosen by grouped Lasso in Table 6.
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Table 14: Linear Mixed Model with random intercept and variables chosen by grouped Lasso.

Dependent

variable Input Variables DF* F-value® p-value®

SBP
Sex 1 2.93 0.0871
200 6 3.92 0.0007
Cardiac Medication 1 2.93 0.087
Wave Form Quality 1 17.52 <.0001

DBP
Sex 1 5.49 0.0193
Age category 4 2.13 0.0744
Heart rate 1 10.63 0.0011
200 6 2.49 0.0213
Cardiac Medication 1 0.08 0.7796
Cuff Size 4 6.03 <.0001
Hand 2 0.32 0.7248

Note: N=total number of bonobos. SBP = Systolic Blood Pressure. SBP = Diastolic Blood Pressure. DF - Degrees of Freedom.

2 DF is numerator DF for individual coefficients.

®For the individual coefficients, it's based on Type 3 Tests of Fixed Effects, p value is Pr > F.

Table 15: Linear Mixed Model with random intercept: estimates of the fixed effects chosen by grouped Lasso.

QZEZ%?:M Input Variables Estimate Standard Error t-value p-value

SBP
Intercept 0.461 0.045 10.19 <.0001
Sex F 0.065 0.038 1.71 0.0871
Sex M 0 . . .
Zoo A -0.01 0.064 -0.16 0.8699
Zoo B -0.015 0.062 -0.24 0.8075
Zoo C 0.116 0.075 1.53 0.1254
Zoo D 0.101 0.058 1.75 0.08
Zoo E -0.052 0.096 -0.54 0.5907
Zoo F 0.18 0.055 3.29 0.001
Zoo G 0 . . .
On cardiac medication 0.047 0.027 1.71 0.087
Not on cardiac medication 0
Xa;i:a‘]’;l‘: Quality: -0.039 0.009 -4.19 <.0001
Wave Form Quality: Good 0

DBP
Intercept 0.387 0.075 5.18 <.0001
Sex F 0.09 0.038 2.34 0.0193
Sex M 0 . . .
Zoo A -0.012 0.061 -0.19 0.8475
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Table 15 (continued).

?rjﬂi%?:m Input Variables Estimate Standard Emror t-value p-value
Zoo B 0.014 0.062 0.22 0.8256
Zoo C 0.012 0.072 0.17 0.8685
Zoo D 0.036 0.059 0.61 0.5404
Zoo E -0.132 0.097 -1.35 0.1756
Zoo F 0.138 0.054 2.53 0.0115
Zoo G 0 . . .
On cardiac medication -0.008 0.028 -0.28 0.7796
Not on cardiac medication 0
Juvenile (< 8) 0.077 0.077 1.01 0.3135
Young Adult (8-14) -0.001 0.049 -0.02 0.9879
Adult (15-24) 0.001 0.046 0.02 0.9824
Mature Adult (25-34) -0.082 0.046 -1.77 0.0772
Geriatric (35+) 0 . . .
Cuff Size: 2.5 -0.184 0.077 -2.38 0.0176
Cuff Size: 3 -0.131 0.04 -3.23 0.0012
Cuff Size: 3.5 -0.006 0.032 -0.19 0.8477
Cuff Size: 4 -0.009 0.027 -0.33 0.7423
Cuff Size: 4.5 0
BP_Cuff_Hand_Arm_Side: 0.004 0.018 024 0.8138
Left
BP_Cuff Hand Arm_Side:

Left and iight i -0.054 0.076 -0.72 04718
BP_Cuff Hand Arm_Side: 0

Right

Heart rate 0.001 0 3.26 0.0011

SBP = Systolic Blood Pressure. DBP = Diastolic Blood Pressure.

In comparison to the GLM Table 11, for SBP, Table 14 shares zoo and wave form quality as
important factors whereas for DBP heart rate is also coming out as significant. Of note, in Table
15 for SBP, the ‘on cardiac medication’ category is positive and the estimate for DBP is

negative, while in Table 12, it is a positive estimate for both SBP and DBP.

2.4.6.2 Random Slope Model

Once one or more of the predictors are assigned as random, that is there are random

slopes, then the model is known as the mixed effects model, which permits each predictor to
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have a different effect for each cluster. In bonobos’ data having zoo as random yields the

following in Table 16.

Table 16: Linear Mixed Model with zoo as random.

Dependent variable Input Variables DF* F-value® p-value®

SBP
Sex 1 9.75 0.0018
Age category 1 0 0.9874
Heart rate 1 0 0.9653
AM or PM Session 2 2.53 0.08
Collector Position 5 1.05 0.3846
Cardiac Medication 1 29.78 <.0001
Cuff Size 4 11.51 <.0001
Hand 2 0.08 0.9276
Finger 3 322 0.0221

DBP
Sex 1 8.61 0.0034
Age category 1 0.62 0.4301
Heart rate 1 11.39 0.0008
AM or PM Session 2 3.2 0.0411
Collector Position 5 1.43 0.2107
Cardiac Medication 1 17.3 <.0001
Cuff Size 4 11.67 <.0001
Hand 2 0.62 0.5396
Finger 3 2.94 0.032

Note: N=total number of bonobos. SBP = Systolic Blood Pressure. DF - Degrees of Freedom.
* DF is numerator DF for individual coefficients.
® For the individual coefficients, it's based on Type 3 Tests of Fixed Effects, p value is Pr> F.

Looking at the fixed effects chosen by Lasso from Table 6, we have the following in Table 17.



Table 17: Linear Mixed Model with zoo as random with fixed variables as selected from grouped Lasso.

Dependent variable Input Variables DFa F-value® p-value®
SBP
Sex 1 33.49 <.0001
Cardiac Medication 1 52.81 <.0001
Wave Form Quality 1 23.47 <.0001
DBP
Sex 1 14.18 0.0002
Age category 4 8.22 <.0001
Cardiac Medication 1 9.59 0.002
Cuff Size 4 11.36 <.0001
Hand 2 1.54 0.2157
Heart Rate 1 11.13 0.0009

Note: N=total number of bonobos. SBP = Systolic Blood Pressure. DF - Degrees of Freedom.
a DF is numerator DF/denominator DF for individual coefficients.

b For the individual coefficients, it's based on Type 3 Tests of Fixed Effects, p value is Pr> F.

The estimates in Table 18 display the relationship between the effect and the response and the
variance of the random component, zoo, is a variance component that provides information on

how much variance can be explained by having zoo as a random effect. It is estimated at 0.012

and the residual is 0.032 for SBP and 0.009 for the zoo and 0.035 for residual where DBP is the

response.
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Table 18: Linear Mixed Model with zoo as random with fixed variables from grouped Lasso: estimates.

Dependent Variable  Input Variables (Type) Estimate Standard Error t-Value p-value

SBP
Intercept 0.501 0.032 15.48 <.0001
Sex: F 0.065 0.011 5.79 <.0001
Sex: M 0.000
On cardiac medication 0.128 0.018 727 <0001
Not on cardiac medication 0.000
Wave Form Quality: Acceptable -0.047 0.010 4.84 <0001
Wave Form Quality: Good 0.000

DBP
Intercept 0.348 0.056 6.25 0.0008
Sex: F 0.066 0.018 3.77 0.0002
Sex: M 0.000
Juvenile (< 8) 0.117 0.054 2.17 0.0304
Young Adult (8-14) -0.041 0.022 -1.91 0.0569
Adult (15-24) 0.040 0.020 1.98 0.0478
Mature Adult (25-34) -0.020 0.023 -0.85 0.3948
Geriatric (35+) 0.000
On cardiac medication 0.063 0.020 3.1 0.002
Not on cardiac medication 0.000
Cuff Size: 2.5 -0.127 0.137 -0.93 0.3537
Cuff Size: 3 -0.091 0.028 -3.22 0.0013
Cuff Size: 3.5 0.052 0.019 2.72 0.0066
Cuff Size: 4 -0.005 0.014 -0.37 0.7081
Cuff Size: 4.5 0.000
BP_Cuff Hand_Arm_Side: Left -0.023 0.018 -1.27 0.2057
BP Cuff Hand Arm_Side: Left and Right -0.137 0.096 -1.43 0.1541
BP _Cuff Hand Arm_Side: Right 0.000
Heart rate 0.001 0.000 3.34 0.0009

Note: SBP = Systolic Blood Pressure. DBP = Diastolic Blood Pressure.

For SBP, sex, cardiac medication and finger are coming out as significant and for DBP, it is sex,

morning/afternoon session, cardiac medication, cuff size and finger where the device was placed

while for DBP, sex again is coming out as an important predictor along with the cardiac

medication, cuff size, finger, and heart rate.
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Given the low value of the zoo variance component, the random-intercept model (with

lower AIC value of -1066 vs random-zoo model AIC -869 value) seems to be a better fit. The

mixed effects model with zoo as a random effect reflects the consistent trend seen also with the

GLM approach where sex, age, and cardiac medication are affecting the blood pressure values.

2.4.7 Cardiac medication

A total of 13 bonobos were on cardiac medication at four of the seven zoos. As presented

in Table 2, most of them were on angiotensin converting enzyme (ACE) inhibitors: four were on

enalapril, four on lisinopril, two on carvedilol and one on ramipril. Two of the bonobos were on

an ACE inhibitor (either enalapril or lisinopril), a calcium channel blocker (amlodipine) and a

beta blocker (carvedilol). Table 19 displays the demographic data of bonobos that were on

cardiac medication. The average age was 24, mean blood pressure was 170/92 mmHg and the

average heart rate was 100 bpm.

Table 19: Bonobos on cardiac medication.

Z00

Variable Statistic Zoo A Zoo B Zoo C Zoo D E Zoo F Zoo G Total

Number of

bonobos taking at

least one cardiac

medication 1 5 0 0 0 6 1 13
Mean (SD) 20 (-) 38(5.34) 24 (8.68) 26 (-) 27 (9.84)

Age (years) Median 20 41 23 26 24
Min, Max 20, 20 23,43 0 0 0 13,51 26,26 13,51
Mean (SD) 159 (25.12) 129 (34.35) 176 (24.15) 134 (34.58) 164 (33.45)

SBP (mmHg) Median 162 128 177 137 170
Min, Max 110, 205 57,210 0 0 0 67,217 73,180 57,217
Mean (SD) 88 (16.02) 70 (22.89) 96 (18.71) 76 (16.07) 90 (22.50)

DBP (mmHg) Median 93 69 98 76 92
Min, Max 53,104 22,126 0 0 0 19, 129 47,101 19, 129

HR (bpm) Mean (SD) 96 (8.58) 93 (17.01) 101 (11.61) 102 (20.84) 99 (13.32)
Median 96 90 102 107 100
Min, Max 90, 121 56, 129 0 0 0 53,131 71,126 53,131

Note: N=total number of bonobos. SBP = Systolic Blood Pressure. DBP = Diastolic Blood Pressure. HR = Heart rate.
* Age at the time of the blood pressure measurement, averaged across all visits.
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Given that the average blood pressure measurements were higher in the group that was on
cardiac medication, the question was on the feasibility of extracting any potential correlations
between the blood pressure and medications that the animals were administered. Table 20
presents the average of change from baseline and percent change from baseline values for the

animals overall as well as specifically for the group that was cardiac medication.

Table 20: Blood pressure change from baseline® values.

Variable (Mean, SD) Zoo A Zoo B Zoo C Zoo D Zoo E Zoo F Zoo G Total
Total number of bonobos 5 8 3 7 2 11 6 42
SBP
Change from baseline® -3(17.20) 1(19.79) 11(22.26) -5(20.38) -14(38.25) 3(22.86) -5(24.70)  0(22.87)
Percent change from baseline® 10 (22.28) -2 (31.29) 9 (18.68) -9 (18.15)  -24(37.60) 15(20.28) -4(23.46) 4(24.91)
DBP
-13
Change from baseline® 11 (26.22) -8 (36.65)  11(24.93) (25.05) -44 (61.88) 20(28.90) -7(31.97) 4(33.61)
Percent change from baseline® -2 (21.21) 3(29.20) 17(34.36) -7(2537) -14(47.37) 6(27.69) 0(35.32) 3(30.62)

Number of bonobos taking at least

one cardiac medication 1 5 0 0 0 6 1 13
SBP
Change from baseline® -3 (8.45) -1 (19.06) - - - 0 (19.56) 9 (18.01) 0(19.27)
Percent change from baseline® -11 (9.90) -8 (24.75) - - - 14 (18.57) 3 (25.75)  7(23.03)
DBP
-15
Change from baseline® -19 (17.16) (32.79) - - - 19 (26.62) 4 (35.62)  8(32.65)
Percent change from baseline® -3(9.38) 0(26.97) - - - 1 (20.38) 13(25.26) 1(22.57)

Note: SBP - Systolic Blood Pressure. DBP - Diastolic Blood Pressure.
*Baseline is defined as the first blood pressure assessment for each bonobo. Means are rounded to the nearest integer.

Graphical representation of the blood pressure for different types of medication is shown in

Figure 12 for SBP and DBP.
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Figure 12: SBP and DBP assessments per type of medication.
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Systolic (SAP - Systolic Arterial Pressure)

Systolic (SAP - Systolic Arterial Pressure)
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Diastolic (DAP - Diastolic Arterial Pressure)

Diastolic (DAP - Diastolic Arterial Pressure)

DBP mean per visit - ace inhibitor medication
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Systolic (SAP - Systolic Arterial Pressure)

Diastolic (DAP - Diastolic Arterial Pressure)

SBP mean per visit - calcium channel blocker medication
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For bonobos on cardiac medication, comparing to the reference ranges in Table 3, the means
fell into the normal range.

There seemed to be some clustering of the observations in the first quarter of 2019. As shown
in Table 20, the standard deviation values were very large and given the number of bonobos
within the zoos, there were no valuable comparisons and no results of significance to be
concluded.

2.5 Conclusion

Throughout the exploration of the bonobos’ data, patterns emerged pointing to the variables

that appear to be important factors in the evaluation of blood pressure in these animals. Given the

method described in 2.3, the values for SBP and DBP as collected in bonobos from the seven

zoos in the U.S. are higher than those in sedated chimpanzees, and consequently their ranges for
normal, prehypertensive and hypertensive are also higher. Looking at the PCA clustering, the
values for blood pressure were higher for the younger group. One possible reason for this may be
that the younger animals are more active and/or excitable so that their blood pressure would be
higher. Overall, data assessment and conclusions raise several questions. Would chimpanzees
have higher blood pressures if taken when awake since sedation tends to lower readings? If
measuring device is correct, does this mean that bonobos naturally have a higher blood pressure?
Then is there the need for cardiac medication, if the current medication is administered based on
human reference ranges?

As stated earlier, BP readings are done on a fully awake animal. It would be optimal to check
the readings from the PetMAP™ Graphic device against readings from a different blood pressure
monitor on the same awake animal so that a comparison can be made. This would help address

whether the higher BP seen in bonobos are an artifact of the BP device or a true species
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variation. Of note, waveform quality, which indicates the quality of the measurement on the BP

P™ Graphic device. The

device was an important factor for SBP measurements using the PetMA
use of a human arm cuff on an awake bonobo has already been demonstrated as not feasible due
to their inclination to pull back their arm once they feel the pressure of the cuff. The
recommendation is to see if another alternative method of measuring blood pressure could be
utilized so that the comparison can be made.

Utilizing a variety of statistical approaches, cardiac medication was consistently an important
predictor. In some of the models, the estimates were positive, for example in GLM Table 12, not
being on a cardiac medication is the reference category. Being on cardiac medication, the
category estimate, 0.127, is the estimated difference in the mean of SBP between the two
categories, adjusting for other covariates. A positive number indicates that the SBP was higher
for those on cardiac medication than it was for those that were not. However, since no true
baseline values were available for animals before they started on a medication regimen, the
benefit of cardiac medications on BP values cannot be assessed properly.

These exploratory results are important because they provide us with the information for
further work with bonobos. First, if possible, having two ways of measuring blood pressure on a
non-sedated ape would allow for a comparison between the two and the estimation of precise
blood pressure ranges. If it is correct that bonobos’ blood pressure is higher than expected or so
far assumed, future work would need to focus on the use of cardiac medications and their merit
for bonobos. It is prudent to evaluate their need for cardiac medication dependent on the

bonobo’s age and sex. Both feature strongly in every analysis and provide caretakers with

possible valuable insights for taking care of bonobos.
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2.6 Contributions

The primary goal of this work was to look at the data collected on bonobos, not conducted in
a randomized clinical trial setting, and using a variety of approaches, attempt to understand better
the mechanisms of blood pressure measurements on these animals and their response to using the
blood pressure measuring device. We have shown that certain attributes, such as age and sex, are
impactful in the bonobos blood pressure values. Additionally, the question of cardiac medication
benefit and worth were brought to the spotlight as well as probing into the idea that the bonobos
blood pressure may be higher naturally both of which need further research and study as we get
more data. The current work done here is simply a start to a better understanding of bonobos and

what we can do from a statistical perspective to enhance their health and quality of life.
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CHAPTER 3

3. Tumor dynamics

3.1 Introduction

Worldwide, cancer ranks as a leading cause of death, and it is the second leading cause of
death in the United States after heart disease. American Cancer Society estimates that there will
be approximately 1,918,030 cancer cases in the U.S. in 2022, with the breast cancer in women
and skin melanoma as the two most widespread cancers. According to the World Health
Organization (WHO) cancer accounted for almost 10 million deaths in 2020; cancer, also known
as malignancies or neoplasms, is a “generic term for a large group of diseases that can affect any
part of the body” with the defining feature of “rapid creation of abnormal cells that grow beyond
their usual boundaries, and which can then invade adjoining parts of the body and spread to other
organs” which is termed metastasis. Worsening metastasis leads to death.

The treatment approach is highly dependent on the type of cancer and its correct diagnosis
because every cancer is different and requires a unique tactic. Most people diagnosed with
cancer will have more than one treatment, such as surgery along with chemotherapy. Treatments
include surgery, chemotherapy, hormonal treatments, radiation therapy, photodynamic therapy,
stem cell transplant, hyperthermia, and many other treatments and therapies (National Cancer
Institute, NCI). Immuno-oncology (I0), also known as immunotherapy, is focused on using the
immune system to “prevent, control and eliminate cancer.” The Cancer Research Institute (CRI)
explains that immunotherapy can come in many different forms (e.g. targeted antibodies, cancer

vaccines) and can be used in combination with other therapies, like surgery.
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One common cancer is head and neck squamous cell carcinoma (HNSCC). It is the seventh
most common cancer in the world and “well known for its local recurrence and spread via
lymphatic and hematogenous routes” (Medline Plus, Djalilian, 2022). HNSCC is classified by
location: oral cavity, middle part of the throat near the mouth (oropharynx), nasal cavity and
paranasal sinuses, upper part of the throat near the nasal cavity (nasopharynx), larynx or lower
part of the throat near the larynx (hypopharynx). If it metastasizes, to other parts of the body,
such as lymph nodes or lungs, HSNSCC can be fatal. In general, there is no inheritable
predisposition. The cancer is the result of a cell mutation (Medline Plus).

In 2021, Gonzalez-Garcia et al. published a paper ‘Early predictions of response and survival
from a tumor dynamics model in patients with recurrent, metastatic head and neck squamous cell
carcinoma treated with immunotherapy’ which was focused on modeling early forecasts of the
tumor size growth in patients diagnosed with HNSCC using the data from five different clinical
trials. The authors established a method in evaluating the “best overall response (BOR) and
overall survival at 6 months (OS6) in patients with cancer treated with immunotherapy. This
method combines machine learning with modeling of longitudinal tumor size data.” The
dynamics of the tumor modeling and the response of patients to the immune-oncology (10)
therapy were explored in this paper to address the primary question of the study: ‘Is it possible to
predict the response of patients receiving 1O therapies by using only early data?’” Four of the
datasets from the clinical trials were used as a training set and the fifth one as a test dataset; the
authors “introduced a method for early prediction of clinical response to IO therapy” by using “a
nonlinear mixed effects model coupled with machine learning to classify patients’ responses,

minimizing total classification error.”
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For this thesis, utilizing the Gonzalez-Garcia et al. paper described above as a blueprint,
collaboration was established with one of its authors, Dr. Helen Moore, and the following was
investigated:

e Using the simulated data based on the parameters developed by the authors of the paper

and applying statistical variable selection approach, does the final set of variables

selected match with those found in the final model portraying the tumor dynamics?
3.2 Cancer

3.2.1 Overview

As stated above, cancer is the second leading cause of death in the United States and a
leading cause of death worldwide. According to the American Cancer Society, the definition of
cancer is a ‘group of diseases characterized by the uncontrolled growth and spread of abnormal
cells that can result in death if not treated.” The National Cancer Institute (NCI) describes the
development of cancer by calling it a “genetic disease — that is, it is caused by changes to genes
that control the way our cells function, especially how they grow and divide. Genetic changes
that cause cancer can happen because of errors that occur as cells divide, of damage to DNA
caused by harmful substances in the environment, such as the chemicals in tobacco smoke and
ultraviolet rays from the sun” and familial inheritance.

Each cancer is unique. There are multiple types of cancer, the most common being
carcinomas (NCI). The stages of cancer describe the extent of the spread of cancer. Anyone can
develop cancer, but the risk increases with age. The majority of people diagnosed with cancer in
the United States, 80%, are over the age of 55 years old and 57% are older than 65 years old.
Smoking, being overweight, alcohol, and unhealthy diet contribute to cancer risks with the

understanding that each individual and each cancer differs (WHO). Looking at the race
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differences, National Cancer Institute offers a chart portraying the disproportions between
different races and ethnicities as shown in the figure below:

Figure 13: Cancer Death Rates by Race/Ethnicity.

Cancer Death Rates by Race/Ethnicity
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When it comes to sex, men have a higher mortality rate than women and for all cancers
combined, black men have the highest and Asian/Pacific Islander women the lowest cancer
mortality (NIH, NCI).

The American Cancer Society publishes Cancer Facts & Figures detailing cancer facts,
description of selected cancers as well as a discussion on cancer disparities and global cancer
burden. The figure below shows the estimates of new cases of cancer in 2022 by sex. Of note,

these estimates do not consider the impact that COVID-19 had on the diagnosis of cancer.
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Figure 14: Cancer Facts and Figures 2022. Leading Sites of new Cases and Deaths — 2022 Estimates.
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3.2.2 Tumor dynamics

Tumor dynamics is a term referencing the dynamic aspect of cancer because of the
illness’s complexity in its progression. Tumor size dynamics are “typically quantified with
measurements of tumor diameters and volume” and a variety of tumor growth modeling
strategies have been employed, including new mixed-effects models (Yin, 2019, Ribba 2014). As
NCI states, “as cancer progresses, tumor typically becomes more heterogeneous, composed of
diverse cancer and noncancer cells with different molecular characteristics and behaviors. This
staggering complexity makes it difficult to predict how a person’s cancer will progress and
respond to treatment.” Longitudinal aspect of tumor growth over time can be feasibly defined by
mathematical models, describing the repeated measures of the cancer data: this approach being
superior to the standard approach which is measuring the change from baseline (Fitzmaurice,

2016). The efforts have been made in understanding the tumor growth in mathematical terms,
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applying mathematical and statistical modeling strategies to the clinical cancer data to develop a
working model using a number of parameters in describing the disease progression and potential
for prediction. Some of the models are pharmacodynamic models, such as the one done by Iliadis
and Barbolosi, considering the toxic effects of the anticancer drug on the white blood cell counts

and the kinetics behind the normal cell counts.

One of the functions used to describe the growth of the tumor growth has been the

exponential function (Yorke, 1993). The natural exponential function has the format:

f=e
where f(t) is the response variable, ¢ is time and r is a constant representing growth rate.

The problem with this approach is that it doesn’t account for tumor growth rate decrease
as the tumor size increases, exponential function here representing the unrestrained growth. To
account for the decrease in the growth, logistic function is often utilized where the growth
eventually levels off to what’s known as its carrying capacity creating the sigmoid curve. The

format of the logistic growth equation is:

dN Nt N
dt_r( K)

where N is the population, ¢ is time, 7 is the growth rate and K is the carrying capacity.

A similar approach to limiting growth is the Gompertz model which is well known in the

field of tumor dynamics modeling, as well as in many other biological applications. It is based on
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the Gompertz curve, named after Benjamin Gompertz (1779-1865), and utilized by A.K. Laird in
the 1960s to fit the complexity of tumor growth. The Gompertz sigmoidal curve models the
tumor growth that starts slowly growing and slows down at the end of the period, eventually
reaching a plateau as tumor increases in size, that is, tumor’s growth is slowest at the end, there
is a deceleration of the tumor growth ( Stein 2011, Vaghi, 2020). In modeling cancer growth, the
primary assumption is that the cell growth rate decreases exponentially as a function of time
(Alzahrani et al. 2014). The difference compared to the logistic growth is in that Gompertz
equation can model asymmetric curves (Franses, 1994, Chu 2020). The Gompertz model has the

following format:

Biy_gma
V(t) = Voea ™™

where V (t) is the size of the tumor, « is the delay constant, and S is the initial growth or

regression rate. Visually, exponential, logistic and Gompertz look like the following:

Figure 15: Exponential, Logistic and Gompertz curves.
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One of the drawbacks of the models specified above is that they don’t consider the
structure of the tumor where there are three layers of the tumor, the layer where the cells are
proliferating, the layer with the cells in a quiescent phase and the necrotic core consisting of the

dead cells. Alzahrani et al. elucidate this structure with the following figure:

Figure 16: Quiescence as an explanation of Gompertzian tumor growth.

Download : Download full-size image

Fig. 1. Structure of a typical multicellular tumor spheroid. Q = quiescent layer and
P = proliferating layer.

Quiescence as an explanation of Gompertzian tumor growth revisited (sciencedirectassets.com)

The quiescent phase, defined as “a cellular state in which a cell remains out of the cell
cycle but retains the capacity of divide” (Urban et al., 2021), is of interest in the cancer radiation
therapy because “radiation is most damaging to the highly active proliferating cells. Quiescent
cells are hit by radiation as well, but they have time enough to repair DNA damage and recover.
Hence for treatment to be successful it is important to estimate the quiescent phase” (Hadeler et

al., 2009).

A number of papers have been published describing diverse approaches to the modeling

of tumor growth, typically using the clinical data from a variety of clinical trials. A sample of
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published papers described below, based on clinical trials cancer data, implement a variety of

models to illuminate the tumor growth in patients treated:

a)

b)

Wang et al. focused on building a predictive model in their paper ‘Elucidation of
Relationship Between Tumor Size and Survival in Non-Small-Cell Lung Cancer
Patients Can Aid Early Decision Making in Clinical Drug Development’ to
“demonstrate that information in prior registration trials can be leveraged to develop
quantitative models that relate patient baseline risk factors and the time course of
tumor response to the probability of survival” using the data from four randomized
clinical trials. The model that was developed used the non-linear mixed exponential-

delay and linear growth approach:

TS,(t) = BASE; - e SFit + PR, - t

where “TS;(t) is the tumor size at time t for the i*" individual, BASE; is the baseline
tumor  size, SR; is the exponential tumor shrinkage rate constant, restricted to be
non-negative, and PR; is the linear tumor progression rate. The exponential tumor
shrinkage component characterizes the treatment effect on tumor shrinkage over time
over time that would result in reducing the tumor size asymptotically toward zero.”
They show by using modeling approaches that a change in tumor size at week 8 can
provide a critical signal for the effectiveness of the drug, indicating the use of early
data to forecast outcome.

Stein et al. in their paper on ‘Tumor Regression and Growth Rates Determined in

Give Intramural NCI Prostate Cancer Trials: The Growth Rate Constant as an
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Indicator of Therapeutic Efficacy’ used the tumor growth rate constant g and
regression rate constant d from prostate specific antigen (PSA) data from five
clinical trials in patients under treatment in assessing the overall survival (OS) by
using the following model:

fO) =e @t +e9t -1

where the response f(t) is the PSA measurement at time t (days), d is the rate
constant representing the exponential decrease/regression of the PSA signal and g is a
rate constant representing the exponential growth/regrowth of the tumor during
therapy.
One of the primary results was that “the measured growth rate constant (g) of the
change in the PSA signal correlates strongly with OS, making g a novel clinical trial
endpoint that may be useful as a predictor of OS, and that may allow comparisons
across clinical trials.” They showed that the rate growth constant “g is a more
accurate predictor of OS than PSA-DT and provides an accurate assessment of
treatment benefit a median of 12 weeks earlier.”
Working with the renal cell carcinoma data from patients, Bonate and Suttle paper
‘Modeling tumor growth kinetics after treatment with anticancer study drug
pazopanib or placebo in patients with renal cell carcinoma’ expanded on Wang et
al.’s model by having the following mathematical model as a result, including the
quadratic term:

Y =BASE-e " +B-t+C-t?
where Y is the tumor size at time t, BASE is the baseline tumor size, A is the

shrinkage rate, B is a linear growth term and C is a quadratic growth term.
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d)

This model showed that “pazopanib 800mg increased the tumor shrinkage rate by
267% compared with placebo but had no effect on the tumor regrowth rate.” It was
concluded that the study was confirmatory of pazopanib’s efficaciousness compared
to the patients treated with placebo including the development of new lesions. The
drawbacks are in that the model, including Wang model, predict that the tumor will
“grow infinitely” as well as that the tumor size, defined as the sum of lesions, doesn’t
take into account the sensitivity of individual lesions’ shrinkage to the study drug.
Previously mentioned paper by Gonzalez-Garcia et al. developed a method for early
prediction of clinical response to IO therapy based on the five clinical trial datasets
for patients with HNSCC treated with durvalumab anticancer treatment; four of the
datasets were used as a training set and the fifth one as a test dataset. The
mathematical model was fit as follows:

Y = YO ) e_k'd.t + Yl ' (1 - e_k‘g.t)

where Y is the model value for the sum of longest diameters of the tumor lesions
(called the ‘tumor burden’ in the paper), Y, is the observed tumor burden at baseline
per patient, Y; is the tumor burden at steady state, k_d is the tumor decrease constants
and k_g is the tumor growth constant fitted as fixed effects. The model was developed
based on the tumor compartmental model as presented in Dr. Moore’s 2016 poster,
the derivation is provided below.

This model “combines traditional pharmacometrics and machine learning to make
early predictions of clinical outcome in durvalumab-tested patients with HNSCC” and
this method is “able to capture tumor size dynamics specific to patients receiving 10

therapy. In particular, this model can capture pseudo progression as well as tumor
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sizes that approach a steady-state value that is finite and non-zero” compared to for
example the Wang et al. model where tumor size grows infinitely so the extrapolation
is difficult.

3.3 Data

The dataset contains simulated data of 400 patients over the course of 100 days with
some of the values used in the simulation coming from the Gonzalez-Garcia et al. paper’s

supplementary table:

Figure 17: Final model parameters from the Gonzalez-Garcia et al. paper.

Supplementary Table 2. Final model parameters from tumor model obtained in NONMEM through the

training dataset fitting,|

Parameters Value RSE (%) Random effect | Value RSE (%) n-shrinkage
k_d (wk?) 0.00551 32.1 | BSV k_d (CV%) 170 12.9 42.5%
k_g (wk™) 0.0226 46.6 | BSV k_g (CV%) 183 19.1 42.0%
Y1 (mm) 37.9 27.0 | BSV B (CV%) 54.1 27.6 65.9%
£ (CV%) 17.4 22.0

BSV = between-subject variability, expressed as coefficient of variation (CV%= (w/ 8) x 100); & = residual
sample variability; n-shrinkage, expressed in %, is provided for model diagnostic purposes; RSE (relative
standard error) was obtained from asymptotic standard error estimation by SCOVARIANCE step in
NONMEM.

Source: Supporting Information. https://doi.org/10.1002/psp4.12594.

The simulation details are as follow:

Given that for lognormal distribution with parameters m and v, where y and o are the

parameters from the normal distribution, we have:

] m? _ v
w=inl s ) o = (14 50)

v
(CV)Z = W,U = mZ(CV)z
m? m

:l B e——
U)o e 1

o =+In(1+ (CV)?)

m = 0.00551, bsvy; = 1.70
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m1l = 0.0226, bsvy, = 1.83

Parameters y,, k; and k, are randomly distributed normal variables with, as mentioned
previously, y, representing tumor burden of a patient at baseline, y; is the tumor burden at
steady state set to 37.9 value, and k, and k,, a non-negative rate constants, representing tumor
decrease and growth constants respectively, are derived as randomly distributed variables with
lognormal distribution. Only positive values were kept for tumor size and burden values
(resulting in 39,900 observations). Tumor burden is the sum of the longest diameter of the

lesions. Figure 18 shows the distribution of tumor size:

Figure 18: Tumor size distribution.
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Using the full simulated dataset, Table 21 displays the descriptive statistics followed by

Figure 19 where the scatterplots are presented for a sample of subjects displaying the scatterplot

of tumor size over time.

Table 21: Descriptive statistics of the full dataset.

Parameter Mean Standard Deviation Median Minimum Maximum
N=39,900

Kd 0.01 0.01 0 0 0.04
Kg 0.02 0.03 0.01 0 0.31

k1 -0.09 1.01 -0.14 -3.09 2.96
k2 0.11 2.06 0.19 5.2 6.32
y0 73.87 24.6 74.74 1.7 138.74
yl 37.9 0 37.9 37.9 37.9
Tumor size 76.01 26.08 75.78 2.29 148.44
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Figure 19: Scatterplots of tumor size over time for a sample of subjects.
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The figures show a variety of behaviors of individual’s tumor size.

To check for the tumor size behavior on a sparser dataset, 10%, 20% and 30% of data was

randomly sampled from the full dataset, repeated five times. Table 22 below shows that the

descriptive statistics of these partial datasets are very close while Figure 20 uses the sparsest, the

10% sample, showing that it mimics the behavior of the tumor size over the course of time

compared to Figure 19.

Table 22: Descriptive statistics of the 10, 20 and 30 percentages of the full dataset.

Percentage of the full dataset

Variable Statistic Sample 1 Sample 2 Sample 3 Sample 4 Sample 5
10% (3,990 observations)
Mean (SD) 0(0.01) 0.01 (0.01) 0.01 (0.01) 0(0.01) 0.01 (0.01)
Median 0 0 0 0 0
kd Min, Max 0, 0.04 0, 0.04 0, 0.04 0, 0.04 0, 0.04
Mean (SD) 0.02 (0.03) 0.02 (0.03) 0.02 (0.03) 0.02 (0.03) 0.02 (0.03)
Median 0.01 0.01 0.01 0.01 0.01
kg Min, Max 0,0.31 0,0.31 0,0.31 0,0.31 0,0.31
74.07
(24.65)
Mean (SD) 73.72 (24.52) 74.55 74.33 (24.35) 74.17 (24.41) 73.64 (24.51)
Median 74.55 1.70, 74.59 74.74 74.78
y0 Min, Max 1.70, 138.74 138.74 1.70, 138.74 1.70, 138.74 1.70, 138.74
76.15
(26.04)
Mean (SD) 76.42 (26.29) 76.11 76.59 (26.01) 76.39 (26.03) 75.43 (25.80)
Median 74.55 5.30, 76.68 75.70 74.91
Tumor size Min, Max 5.71, 148.44 148.39 2.29, 148.41 3.34,148.43 4.01, 148.43
20% (7,980 observations)
Mean (SD) 0.01 (0.01) 0(0.01) 0(0.01) 0.01 (0.01) 0(0.01)
Median 0 0 0 0 0
kd Min, Max 0, 0.04 0, 0.04 0, 0.04 0, 0.04 0, 0.04
Mean (SD) 0.02 (0.03) 0.02 (0.03) 0.02 (0.03) 0.02 (0.03) 0.02 (0.03)
Median 0.01 0.01 0.01 0.01 0.01
kg Min, Max 0,0.31 0,0.31 0,0.31 0,0.31 0,0.31
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Table 22 (continued).

Percentage of the full dataset
Variable Statistic Sample 1 Sample 2 Sample 3 Sample 4 Sample 5
73.92
(24.65)
Mean (SD) 74.02 (24.58) 74.78 73.63 (24.50) 73.65 (24.61) 73.63 (24.75)
Median 74.78 1.70, 74.48 74.74 74.55
y0 Min, Max 1.70, 138.74 138.74 1.70, 138.74 1.70, 138.74 1.70, 138.74
76.22
(26.18)
Mean (SD) 76.09 (26.15) 76.08 76.02 (26.11) 75.83 (26.21) 76.09 (26.24)
Median 75.40 2.29, 75.57 75.59 75.76
Tumor size Min, Max 3.34,148.44 148.41 3.45,148.42 5.49, 148.35 3.45,148.44
30% (11,970 observations)
Mean (SD) 0 (0.01) 0.01 (0.01) 0.01 (0.01) 0.01 (0.01) 0(0.01)
Median 0 0 0 0 0
kd Min, Max 0, 0.04 0, 0.04 0, 0.04 0, 0.04 0, 0.04
Mean (SD) 0.02 (0.03) 0.02 (0.03) 0.02 (0.03) 0.02 (0.03) 0.02 (0.03)
Median 0.01 0.01 0.01 0.01 0.01
kg Min, Max 0,0.31 0,0.31 0,0.31 0,0.31 0,0.31
73.83
(24.64)
Mean (SD) 73.76 (24.79) 74.54 73.61 (24.54) 74.00 (24.46) 73.97 (24.70)
Median 74.81 1.70, 74.54 74.74 74.81
y0 Min, Max 1.70, 138.74 138.74 1.70, 138.74 1.70, 138.74 1.70, 138.74
75.66
(26.00)
Mean (SD) 76.13 (26.12) 75.66 75.77 (26.09) 76.16 (24.46) 76.24 (26.19)
Median 76.01 2.29, 75.34 76.08 76.19
Tumor size Min, Max 2.29, 148.41 148.43 3.45,148.44 2.29, 148.44 3.34,148.43
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Figure 20: Scatterplots of tumor size over time for a sample of subjects using sparse data.
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Tumor size by day by subject - using 10% of data
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3.4 Methods

3.4.1 Lasso

As described in the bonobos section 4.3, the Least Shrinkage and Selection Operator method,
known as Lasso, was developed by Robert Tibshirani in 1996, which performs both coefficient
shrinkage as well as feature selection. This approach is used in the tumor dataset, both full and
sparse (10% of the full data) models with the fixed effects, with the intent of picking up terms
that are most impactful. It is a residual sum of squares plus penalty term lambda. As lambda
increases, the number of variables kept in the model decreases as Lasso does variable selection
as well as shrinking some of the variables.
3.4.2 Models

In addition to variable selection using Lasso, non-linear model was utilized to get the
estimates for k4 and k.

Non-linear regression is a model describing the non-linear relationship between the
dependent variable and the parameters. For example, the equation mentioned before,

Tumorsize = yo ek +y, —y, - eCka*D 4 ) -t + k, - t2
is non-linear because tumor size is exponentially related to kg and k.

As the model above shows, a non-linear model may contain exponential, quadratic, etc.
functions which are all non-linear. If the relationship between the dependent response variable
and the parameter contains one of these functions, it means that the regression itself is non-
linear, regardless of whether it’s a fixed or random effect. As Bajaj et al. explain, ‘nonlinear
models arise for most real systems and their presence in one form or another is generally the rule.
The source of nonlinearity in structural and mechanical systems may be geometric, inertial, or

material in nature. Geometric nonlinearities typically arise from large deflections or rotations, or

81



from purely kinematical characteristics.” Random intercept mixed effect model allows each

subject to have an individual specific intercept, for example allowing y, and k, to be random

effects, that is vary across the subjects, in the above equation would be fit as follows:
Tumors,e = (yo + b1) - e(CkaitbDt) 4y gy L oChgD 4 o p 4k, - 2

where b1 b2 ~ Normal(vary,, covyqp, Vary;)

Using SAS 9.4 PROC NLMIXED procedures in SAS, non-linear model can be fit
specifying the initial parameter values. In the SAS documentation, this procedure is described as
‘generalizations of the random coefficient models fit by the MIXED procedure. This
generalization allows the random coefficients to enter the model nonlinearly, whereas in PROC
MIXED they enter linearly.”

Using SAS 9.4, PROC NLIN procedure was run on the dataset and the estimates were
obtained for k; and k. This procedure is described in the SAS documentation as “estimating
parameters in a nonlinear model is an iterative process that commences from starting values. You
need to declare the parameters in your model and supply their initial values for the NLIN
procedure.” For this data, k4 and kg values were specified as a range from 0 to 1 by 0.01. Other
values were checked as well resulting in the same estimates. This procedure involves also
specifying a ‘method’. There are four options: gradient, Newton, modified Gauss-Newton, and
Marquardt method, which are approximations to the derivatives of the sum of squares errors to
the parameters to guide the search for the parameters producing the smallest sum of squares
error. Not specifying method assumes the Gauss-Newton method which is used here. Other

methods were tried as well resulting in the same estimates for k, and k.
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3.5 Results

3.5.1 Lasso

Using the following equation:

Tumor_size = y, - exp(—kq t) +y1 +y, - exp(—ky " t) + ky -t + ky - t?
with y,__y,; the full data was split into two parts, the training and test sets, with 70% of the full
dataset allocated to the training and the remaining 30% to the test dataset. Lasso was applied on
these, checking on the fit of the parameters from the validation dataset, on the test data and the
full dataset as well as using it on the sparsest dataset. By using Lasso, the most parsimonious
model is wanted with low mean squared error, not necessarily one with the lowest mean squared
error. The computation was done in R using the ‘glmnet’ package and “plotmo” package for
graphs.
Using the full dataset containing 39,900 observations, the ‘train’ dataset contained 27,939
observations and the ‘test’ dataset contained 11,961 observations. The first step was to input the
model on the train data as specified above with the size being the dependent variable. R glmnet
looks at each term individually, for example y, - e(“¥a*®) is taken as three individual terms: y,,
e(“ka*t) and y, - e(“¥a*t) The optimal penalty parameter is found to be 0.0001, as shown in the
Table 23 below and in displayed in Figure 21a below presents the plot of coefficients with Figure

21b with a zoomed in view.

Table 23: Summary of glmnet path.

Number of non-zero coefficients % of null deviance explained Lambda
5 99.85 1
6 99.86 0.75
6 99.88 0.5
6 99.88 0.2501
11 99.89 0.0001
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Figure 21a: Plot of coefficients.
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Figure 21b: Plot of coefficients — zoomed in.
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Performing cross-validation and computing the test error, we get the Figure 22 presenting
the train data mean squared error (MSE) against the log lambda values. The vertical dotted lines
are the two lambda values, one is lambda minimum that gives minimum mean cross-validated
error, and the second lambda is lambda 1se which gives the most regularized model such that the

cross-validation error is within one standard error (se) of the minimum (Hastie, et al 2021). The
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minimum lambda that minimizes the train dataset MSE was 0.344 (the 1 se lambda value was

0.414) which was used to calculate the test data MSE which was 7.597.
Figure 22: Cross-validation plot.
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Fitting Lasso on the entire full dataset and using the best lambda, provided a set of non-zero

coefficients, listed in Table 24:

Table 24: Nonzero coefficients based on the full dataset.

Parameters Estimates
y0 0.402
exp(-kd*t) 41.171
exp(-kg*t) -1.117
T 0.036
y0*exp(-kd*t) 0.511
y2*exp(-kg*t) 0.879

The next step was to have the full dataset including only the following terms (columns):
size, yo - e(kaD) y. y, - e(Kg*D) k. -t and k, - t2. The same steps were applied as above with
the following results:

Table 25 shows the summary of the glmnet path while Figure 23 shows a plot of
coefficients and Figure 7 the mean squared error (MSE) against the log lambda values. The
minimum lambda value was 0.279 (the 1se lambda was 0.707) and the calculated test data MSE

of 152.59. Fitting the data on a full set results in the coefficients listing in Table 26.
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Table 25: Summary of glmnet path.

Number of non-zero coefficients % of null deviance explained Lambda
3 97.6 1
3 97.62 0.75
3 97.64 0.5
3 97.65 0.2501
4 97.65 0.0001

Figure 23: Plot of coefficients
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Table 26: Nonzero coefficients based on the full dataset.

Parameters Estimates
kI*t -0.016
y0*exp(-kd*t) 1334
y2*exp(-kg*t) 0.391

Same process was applied for the sparsest (10% of the full dataset) data. In Table 27, the term

k, - t? was added.



Table 27: Nonzero coefficients based on the sparsest dataset.

Parameters Estimates
k1*t -1.81E-02
k2*°2 -2.32E-06
y0*exp(-kd*t) 1.344

y2¥exp(-kg*t) 4.11E-01

Additionally, as shown in Figure 24 below, for a sample of subjects the process was

implemented to show individual change in the log lambda as the mean squared error increases

along with the lambdas and MSE values found using the full dataset.
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Figure 24: A sample of subjects’ log lambda plotted against the MSE.
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Subject 25, min lambda=16.738, 1 se lambda=67.573.
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Subject 53, min lambda=0.493, 1 se lambda =1.654.
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. Subject 357, min lambda=1.481, 1 se lambda = 1.626.
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Checking on the coefficient values, Table 28 presents the coefficients for the sample of subjects
listed above. Of note, these subject’s nonzero coefficients are inclusive of the linear term

alongside the exponential terms.

Table 28: Sample of subjects’ chosen coefficients.

Subject yl y0*exp(-kd*t) y2*exp(-kg*t) k1*t k2*t"2
Subject 25 1.055 -0.131

Subject 36 1.517 1.016 -12.345

Subject 39 1.711 0.857 0.123

Subject 46 -0.86 0.653

Subject 53 -1.91E+01 -1.91E+01 -1.41E-04
Subject 197 1.026 -0.077

Subject 283 1.68E+00 0.745 -0.161

Subject 357 1.511 0.829 2.075

3.5.2 Non-Linear Model Estimates
As described in section 4.2, PROC NLIN procedure in SAS was used to obtain the

estimates for k; and kg; Table 29 below shows the results:

Table 29: Non-linear estimates.

Parameter Estimate Approx. Standard Error Approx. 95% Confidence Limits
Kd 0.0712 0.2292 -0.3781 0.5206
Kg -0.0359 0.00112 -0.0372 -0.0328

The estimates are close to the ones obtained in the Gonzalez-Garcia et al. paper, where the

estimate for k; was 0.0051 and for k; was 0.0226.
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3.5.3 SINDy

In addition to Lasso, Sparse Identification of Nonlinear Dynamics (SINDy) was
employed to try to identify the terms of importance in the dataset not from a statistical
perspective but from a differential equation one. This approach was developed for application to
systems where every variable can be observed; in this dataset we are using a non-differential
equation model coming from, it was converted to the second order differential equation system
where the SINDy method can be applied. The one-dimensional systems only have monotone
solutions and the data we consider are non-monotone. Therefore, it is insufficient to apply the
SINDy method directly to the one-dimensional data that we use without including time-
dependent terms in the candidate function library. We modify the SINDy method to be used with
one-dimensional data to learn the dynamics of a higher order autonomous system, and include
time-dependent terms, thereby enabling the ability to learn whether ordinary differential equation
system governing the data is higher dimensional or time-dependent. The data are non-monotone
so that the library of “candidate functions” (Brunton et al. 2016) that we’d need to have on the
right-hand side of the differential equation would need to include higher order derivatives to
represent a multi-dimensional differential equation system or time dependent terms, i.e., t and
t2. Additionally, MatLab’s “spline” function was used to approximate the data as a third order
polynomial at each time point so that once derived, we get the second order differential equation.
As described in the paper by Brunton et al., the ‘key observation is that for many systems of
interest, the function f consists of only a few terms, making it sparse in the space of possible
functions. Recent advances in compressed sensing and sparse regression make this viewpoint of
sparsity favorable, because it is now possible to determine which right-hand-side terms are non-

zero without performing a combinatorically intractable brute-force search.”
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By using the derivation as specified below, we have a system of differential equations:

du,
E=a—k12 *u1+k21*u2—b*u1
du,
W=k12*u1—k21*u2
Which, after some substitutions, becomes a second order different equation:
d?u, ,  dy
dt2 _ul*(k12+k12*k21+k21*b)+k21*E+k21* a=0

Resulting in the non-differential equation model:

y = yoe 4t +y,(1—e7*™)
by treating the second order differential equation as a characteristic equation and finding the
non-imaginary roots. These roots are the basis for forming a general solution of the
differential equation: including the exponential terms. This means that if the SINDy
algorithm below learns that the second derivative is important, this means that the
exponential term in the non-differential equation is needed to be kept. That is, the algorithm
is choosing the terms that should be retained.
If SINDy learns that the linear term ¢ is important, this would then mean that the second order
differential equation would be dependent on time, which then means that the resulting non-
differential equation model would have a term containing ¢ that would be a solution to that
second order differential equation.

Applying the code adjusted from this paper to the tumor data, in the following algorithm,
per each subject, run for N=10 iterations, which was sufficient for convergence for all simulated
patient data:

Let [1,y",y, 2, v3,t,t2,t3] be the list of candidate functions.

Steps:
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a) Solvey’ =8 * yusing y = 871 xy' where y’ is a column vector of sizenx 1, 8 is a
matrix of library terms of size n x 8, and y is a vector of regression coefficients of size 8
x 1, and n is the number of time points:

y'(t1)
y'(t2)

!

y:

Y (tn)

[1 y'(t) y(t1) yz(t1) y3(t1) t tf tf]
1 y'(t) y(t) yi(t) ¥3(t)) t, t t

L Yt Yt V) Yt t 6 t'g‘

g ]
b) Set any element of y less than lambda, defined at 1e-3, equal to zero.
c) Remove any elements of y that are equal to zero.

d) Remove the columns of 8 corresponding to elements removed from y

e) Go back to step a.

noise included, the number of days and the number of days of sampling. The figures come
from simulated data for patient #10, illustrating the amount of noise and sampling present in

the data and its downstream effect on derivative approximations.
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Table 30: 100 days of data, sampled every day and every 10 days.

ODE Term | Sample every day I Sample every 10 days
Noise level
| 0 0.5 | 0 0.5
1 98.1 100 99.1 100
y" 87.7 91.9 100 99.9
y" 95.4 99.1 97.6 99.8
y'2 4 87 39 82.9
y*3 1.5 38.8 1.4 37.4
t 46.9 92.6 43.4 93
"2 0 13.3 0 9.2
t"3 0 0 0 0
ODE = Ordinary differential equation.
Table 31:1000 days of data, sampled every day, every 10 days, and every 50 days.
ODE
Term Sample every day Sample every 10 days Sample every 50 days
Noise level
0 0.5 0.1 0 0.5 0.1 0 0.5 0.1
1 84.9 97.4 98.7 97.1 98 98.7 98.7 99.1 99
y" 79.2 47.9 51 99.8 98.2 98.3 84.5 100 100
y" 64 72.1 80.2 74.9 72.5 78.6 88.2 79.5 79.5
y"2 0.6 153 222 0.3 115 11.7 0.9 7.3 8.5
y3 0 2.1 0.7 0 0.8 0.1 0.1 0.6 0
t 3.7 7.5 10.8 0.4 9.1 10.5 0 6.4 55
t"2 0 0 0 0 0 0 0 0 0
t"3 0 0 0 0 0 0 0 0 0
ODE = Ordinary differential equation.
Table 32: 1000 days of data sampled every 100 days.
ODE Term l Sample every 100 days
Noise level
| 0 0.5 0.1 0.25 0.5 1 2
1 98.5 99.5 99.3 99.7 99.6 99.7 99.9
y" 88.7 100 100 99.9 99.8 99.9 100
y" 91.9 83.4 82.4 88.7 88.4 87.6 87.6
y2 22 6.1 8.3 43 0.9 0.2 0.1
y3 0.1 0.9 0.1 0 0 0 0
t 0 04 2.6 4.7 16 343 58.9
t"2 0 0 0 0 0 0 0
t"3 0 0 0 0 0 0 0

ODE = Ordinary differential equation.
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Figure 25: 100 days, 0% noise, 1 day sampling.
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Figure 27: 100 days, 5% noise, 10-day sampling.
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Figure 29: 1000 days, 10% noise, 100-day sampling.
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Figure 30: 1000 days, 200% noise, 100-day sampling.
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If using 100 days of data without any noise added, as shown in Table 30, (noise is added by
adding N(0,1)*sigma, where sigma is computed from the user defined coefficient of variation
CV, i.e., CV=sigma/mean, where the mean is the mean of the data for an individual patient: this
is a method of adding noise relative to the size of the data for each patient) the correct equation is

picking up ODE terms where the assumption is that any term that shows up in less than 50% of
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the patients is neglected. Adding even small amounts of noise, for example 5% noise, then the
linear "t" term starts to show up as significant.

If using 1000 days’ worth of data, Table 31 and 32, then the method is very robust with
respect to both sampling and noise. The correct terms show up for most patients when sampling
is reduced to every ~100 days. In fact, sampling more sparsely seems to improve the results
because it counteracts the noisy derivative calculations when you sample more often with noisy
data and compute the spline approximation. Eventually, when adding the 200 percent noise
(CV=2) and sample every ~100 days up to 1000 days, then the "t' term shows up in >50% of
patients.

3.5.4 Non-Linear Mixed Model

A non-linear mixed model is a subject-specific model, an extension of a linear mixed-
effects model, providing the ‘means for users to specify models that may better describe a
measured response whose pattern of change is complex’ fitting the concept behind tumor
dynamics (Blozis, 2019). Using a variety of term combinations, each one was run using SAS
PROC NLMIXED and, as seen in Table 33, Bayesian Information Criterion (BIC) is listed for

each one. Definition of BIC (from SAS/STAT(R) 9.22 User Guide) is:

SSE
nln (T) + 2(p + 2)q — 2¢*

where n is number of observations, p is the number of parameters including the intercept, 62 is
the estimate of variance from fitting the full model, SSE is the error sum of squares and q is
ng?

defined as g = SSE
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Table 33: BIC values for each model formulation.

Model BIC
(yO+bl)*exp(-(kd+b2)*t) 38077
(yO+bl)*exp(-(kd+b2)*t)+k1*t NA
(yO+bl)*exp(-(kd+b2)*t)+k1*t+k2*t**2 NA
(y0+bl)*exp(-(kd+b2)*t)+y1*(1-exp(-kg*t)) 36520
(y0+b1)*exp(-(kd+b2)*t)+y1*(1-exp(-kg*t))+k1*t NA
(y0+bl)*exp(-(kd+b2)*t)+y1*(1-exp(-kg*t))+k1*t+k2*t**2 NA
(y0+b1)*exp(-(kd+b2)*t)+exp(-kg*t) 35764
(y1+b1)*(1-exp(-(kgtb2)*t)) NA
(y1+b1)*(1-exp(-(kg+b2)*t))+y0*exp(-kd*t) 20609
(y1+b1)*(1-exp(-(kg+b2)*t))+k1*t NA
(y1+b1)*(1-exp(-(kg+b2)*t))+k2*t**2 NA
(y1+b1)*(1-exp(-(kg+b2)*t))+exp(-kd*t) 62740
(y1+bl)*(exp(-(kg+b2)*t)) NA

BIC = Bayesian Information Criterion
NA = non-convergence of the NLME optimization.

3.6 Discussion

The central idea in this project was to see if by using a simulated dataset and statistical
approaches, on a population level data, the result would be a model posited in the Gonzalez-
Garcia et al. paper. This was done by using Lasso as well as nonlinear mixed effects model,
looking at the complete dataset as well as sparse dataset. In Figures 18 and 20, the behavior of
the tumor size is mirrored even though Figure 20 has only 10% of the data. The descriptive
statistics are similar across multiple datasets containing different portions of the full dataset as
shown in Table 22.

The results obtained in a clinical data context have the potential to enhance our
comprehension of the effects of long-term data collection. This can be achieved through
simulation of the data and examination of the behavior of the predictors in a controlled setting. It
is important, however, that the datasets used are realistic and built upon accurate assumptions

that align with the research topic.
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For the full dataset, Lasso’s nonzero coefficients picked up the two main components of
the Gonzalez-Garcia et al. model, y, - eka'D) y, |y, - e(“Fa'D as well as k; - t term which was
also the case in the majority of a sample of subjects as shown in Table 26. In the nonlinear mixed
model approach, the model with the lowest BIC was the one containing the two terms from the
Gonzalez-Garcia et al. paper (Table 33) which contained subject specific random intercept for
the steady state tumor burden. By using Matlab and graphing the tumor data, the patients tumor
size is displayed in the same window in Figure 31 and in Figure 32, we can see that as the time
goes on, beyond the 100 days, the trajectories start to converge. It shows that the early data, in
the first 100 days, can provide information soon after the start of the treatment on choosing the

coefficients that are important predictors.

Figure 31 Patients’ tumor size trajectories during the first 100 days.
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Figure 32: Patients’ tumor size trajectories over the course of 2000 days.
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In short, this shows that it is possible early on to tease out the terms that would be influential in
the building of the optimal model for tumor dynamics.
3.7 Contributions

The key idea in this paper was to use the data that was simulated and provide a pathway to
using statistical approaches that would offer an improved and efficient in choosing terms in a
model that could be used for exploratory as well as predictive nature of the therapies, in this case
for the tumor growth. Lasso and usage of the proc nlmixed tool in SAS are powerful steps to
elucidate the terms that would be most useful in a given setting; its application can be utilized to
provide a direction in which research can evolve in trying to find a most parsimonious model
without having to collect a large amount of clinical data which can be both laborsaving and
efficient. SINDy approach was developed for application to systems where every variable can be
observed; for this simulated data, the two-dimensional model was converted to the second order
differential equation system where the SINDy method could be applied. Moreso, this is the first
application of SINDy to a biological scenario where the assumption of “full observability” is not

assumed. By utilizing dummy data, even the sparsest dataset, the approaches above succeeded in
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teasing out the crucial terms needed for the explanation of the tumor dynamics. In future work,
applying this approach to a variety of therapies would allow it to be refined and enhance its

effectiveness and application in real world scenarios of clinical trials.
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CHAPTER 4

4. Conclusion

4.1 Bonobos

The first section focused on the data from the Great Ape Heart Project where we explored
the impact of variables collected on bonobos’ blood pressure values. One of the key inquiries
was on establishing reference ranges by looking at the values obtained from the 42 bonobos
across zoos in the U.S. The blood pressure reference ranges are higher than those compared to
the chimpanzee study, where the animals were sedated, and the standard human reference ranges
which are currently used to establish if a bonobo is hypertensive. For example, in a healthy
sedated adult chimpanzee, hypertensive range is defined as SBP/DBP 154+/89+ (Ely et al.
2011), in humans it is 130+/80+ while here it is 205+/121+ for bonobos overall. For the adult
population (15-24 years old), in particular, it is 207+/121+. The average bonobo blood pressure
across all zoos was 148/83.

The impact of this is noteworthy because depending on the BP measurements, an ape
may be put on one or more cardiac medications. The principal component analysis showed that
by splitting the bonobos into two groups, the younger cluster had higher blood pressure values as
well as higher pulse. No statistical testing was done between these two groups. For both SBP and
DBP, approaches showed consistent trends: for SBP, sex, age, morning/afternoon session when
the blood pressure was assessed, zoo, cardiac medication administration, cuff size and wave form
quality; for DBP, heart rate was added to the list.

Of note, the methods used here, such as Lasso and mixed effects modeling, provided the

opportunity to apply these types of techniques to observational, animal data while carving the
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path to make further improvements in the design of these types of research activities, and
informing the next steps of design for not just animal, but any studies where observational data is

collected.

4.2 Tumor data

The second section concerns the detection of the terms that would provide valuable
information on the set of simulated patients and their data by using tools such as Lasso to rather
quickly provide a path of feature selection by setting certain coefficients to zero and therefore
creating a set of important predictors. With the simulated tumor data, the behavior of the tumors
varied across patients, as shown for a selection of patients where the tumor can grow
exponentially, or it may reach a peak/nadir and either keep growing or start shrinking. As
described, this behavior is termed as tumor dynamics and due to the shape of this behavior, it is
termed as non-linear dynamics since it does not exhibit a linear trajectory for the tumor
growth/shrinkage. Several models have been proposed by researchers, with the focus on the
growth and decay constants in effort to provide a measurement, a biomarker of sorts, so that an
early estimation on the efficaciousness of the study drug being used (examples were given using
oncology trials) can be evaluated at early visits, for example after 8 or 12 weeks of treatment.
The key idea is achieving understanding of the tumor dynamics of the patients being treated by
making use of the sparse dataset. Some work on this has included exponential, linear as well as
quadratic terms to adequately describe the data and see which combination of these terms would
make the best model.

Using the simulated data here, the method was to use Lasso, mixed effects modeling as
well as machine learning SINDy method to pick out the terms that would be significant, without

going through any other model selection derivations prior to utilizing Lasso. Once Lasso
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provided non-zero coefficients, including the two exponential terms from the Gonzalez-Garcia et
al. model as well as adding the linear term, various models were fit to estimate the Bayesian
Information Criterion (BIC). BIC was lowest when the model included only the exponential
terms, showing that this two-step method arrives at the correct model. SINDy approach was
developed for application to systems where every variable can be observed; for this simulated
data, the two-dimensional model was converted to the second order differential equation system
where the SINDy method could be applied. Moreso, this is the first application of SINDy to a
biological scenario where the assumption of “full observability” is not assumed. By extending
the number of days for the modeling of the patient data, it was shown that by using the early
data, the first 100 days, as shown in Figures 36 and 37, it is possible to isolate the important
predictors without having data collected from a longer period.

The significance of these results lies in the applicability of methods used in this thesis to
the broader scope of datasets where the information on the terms useful to the data can be picked
out and checked early in the data collection. There’s a pathway provided for the predictors to
come through without having to have an extensive time period for the data to be collected. There
is an opening for the simulated data to provide information early in the process not just for
oncology but for a myriad of other types of research areas by following the approaches outlined
here.

4.3 Further work

Further work would need to focus on the following two items: having a baseline value for

bonobos prior to starting them on cardiac medication would enable calculation of change from

baseline to assess the effectiveness of these cardiac medications.
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Furthermore, it is not possible to estimate the feasibility and accuracy of the device that
was used in the collection of the data because there was no data collected in a different manner
so that the comparison can be evaluated appropriately.

For the simulated work, it would need to focus on adding more variables to the data that
are typically collected in the clinical trial setting, then running this two-step approach to confirm
that it’s choosing certain terms of interest. By using synthetic data, an avenue opens for potential
for various treatment explorations.

The overall approach for the two sections has been to utilize mathematical and statistical
methodologies to uncover and examine bonobos’ data and the simulated tumor data in a way that
would provide us with the insight of the importance of certain variables from the two datasets
and identifying any patterns that emerge. Given the results in this work, it would be applicable

and expandable to a number of different scenarios where population-level data is collected.

107



10.

1.

12.

13.

14.

15.

REFERENCES

. African Wildlife Foundation. What are bonobos? Bonobo | African Wildlife Foundation

(awf.org)
African Wildlife Foundation (2014). AWF Testifies on Trafficking of Africa’s Great

Apes. AWF Testifies on Trafficking of Africa's Great Apes | African Wildlife
Foundation.

Akerts D.P. Fitzmaurice, G.M, Laird N.M, Ware J.H. Applied Longitudinal Analysis.
Biometrics. Journal of the international biometric society. 06September 2016. Book

review.

Alzahrani E.O., Asiri A., El-Dessoky M.M, Kuang Y. Quiescence as an explanation of
Gompertzian tumor growth revisited. Vol 254. 2014. Pages 76-82.
https://doi.org/10.1016/j.mbs.2014.06.009.

American Cancer Society. Cancer Facts & Figures 2021

André, C., Kamate, C., Mbonzo, P., Morel, D. & Hare, B. (2008) The conservation value
of Lola ya Bonobo sanctuary. The Bonobos. (eds T. Furuichi & J. Thompson), pp. 303-
322. Springer New York.

Arcus Foundation — Great Apes & Gibbons Program. Great Apes & Gibbons
Conservation | Arcus Foundation

Bajaj A., Krousgrill C.M. Nonlinear System Resonance Phenomena. Science Direct.
Nonlinear Model - an overview | ScienceDirect Topics

Beaune, David (November 2012). "The Ecological Role of the Bonobo. Seed Dispersal
Service in Congo Forests". Research Gate. Retrieved May 27, 2021.

Bickford D, Posa MRC, Qie L, Campos-Arceiz A., Kudavidanage EP. (2012) Science
communication for biodiversity conservation, Biological Conservation, Volume 151,
Issue 1. Pages 74-76, ISSN 0006-3207, https://doi.org/10.1016/j.biocon.2011.12.016.
Blozis S. University of California, Davis. Introduction to Nonlinear Mixed-Effects
Models for Longitudinal Data. Paper 3581. 2019. Introduction to Nonlinear Mixed-
Effects Models of Longitudinal Data (sas.com)

Bonate P.L. Suttle B. Modeling tumor growth kinetics after treatment with pazopanib or
placebo in patients with renal cell carcinoma. Cancer Chemother Pharmacol. 2013.
72:231-240.

Bowie A, Krupenye C, Mbonzo P, Minesi F, Hare B. Implicit Measures Help
Demonstrate the Value of Conservation Education in the Democratic Republic of the
Congo. (2020) Front Psychol. 11:386. doi: 10.3389/fpsyg.2020.00386. PMID: 32231617;
PMCID: PMC7083138.

Brunton S.L, Proctor J.L.,Kutz N.J. Discovering governing equations from data by sparse
identification of nonlinear dynamical systems. PNAS. 2016. Vol. 113, no.15.

Cancer Research Institute. What is Cancer Immunotherapy? What is Immunotherapy -
Cancer Research Institute (CRI)

108


https://www.awf.org/wildlife-conservation/bonobo
https://www.awf.org/wildlife-conservation/bonobo
https://www.awf.org/news/awf-testifies-trafficking-africas-great-apes
https://www.awf.org/news/awf-testifies-trafficking-africas-great-apes
https://www.cancer.org/content/dam/cancer-org/research/cancer-facts-and-statistics/annual-cancer-facts-and-figures/2021/cancer-facts-and-figures-2021.pdf
https://www.arcusfoundation.org/our-support/great-apes/
https://www.arcusfoundation.org/our-support/great-apes/
https://www.sciencedirect.com/topics/mathematics/nonlinear-model
https://www.researchgate.net/publication/256303376
https://www.researchgate.net/publication/256303376
https://doi.org/10.1016/j.biocon.2011.12.016
https://www.sas.com/content/dam/SAS/support/en/sas-global-forum-proceedings/2019/3581-2019.pdf
https://www.sas.com/content/dam/SAS/support/en/sas-global-forum-proceedings/2019/3581-2019.pdf
https://www.cancerresearch.org/en-us/immunotherapy/what-is-immunotherapy#:~:text=Cancer%20immunotherapy%2C%20also%20known%20as,%2C%20control%2C%20and%20eliminate%20cancer.
https://www.cancerresearch.org/en-us/immunotherapy/what-is-immunotherapy#:~:text=Cancer%20immunotherapy%2C%20also%20known%20as,%2C%20control%2C%20and%20eliminate%20cancer.

16.

17.

18.

19.

20.

21.

22.

23.

24.

25.

26.

27.

28.

29.

30.

Centers for Disease Control and Prevention (CDC). High Blood Pressure. High Blood
Pressure | cdc.gov
Chu K.H. Fitting the Gompertz equation to asymmetric breakthrough curves, Journal of

Environmental Chemical Engineering, Volume 8, Issue 3, 2020, 103713.

Claret L, Girard P, Hoff PM et al (2009) Model-based prediction of Phase 3 overall
survival in colorectal cancer on the basis of Phase 2 tumor dynamics. J Clin Oncol
27:4103-4108.

Clay, Z., Zuberbiihler, K. (2012) Communication during sex among female bonobos:
effects of dominance, solicitation and audience. Sci. Rep., 2.

Coolidge, H. & Shea, B. (1982) External body dimensions of Pan paniscus and Pan
troglodytes chimpanzees. Primates, 23, 245-251.

Coolidge, H.J. (1933) Pan paniscus. Pigmy chimpanzee from south of the Congo river.
American Journal of Physical Anthropology, 18, 1-59

Djalilian H.R., Tekin M., Hall W.A., Adams G.L. Metastatic head and neck squamous
cell carcinoma to the brain. Aurs Nasus Larynx. Volume 29, Issue 1, January 2002, Pages
47-54.

Driscoll, T. Exponential, logistic and Gompertz growth. Exponential, logistic, and
Gompertz growth » Chebfun

Ely JJ, Zavaskis T, Lammey ML, Rick Lee D. (2011) Blood pressure reference intervals
for healthy adult chimpanzees (Pan troglodytes). J] Med Primatol. 2011 Jun;40(3):171-80.
doi: 10.1111/5.1600-0684.2011.00467.x. Epub. PMID: 21323674.

Fa, J., Currie D., Meeuwig, J. (2003) Bushmeat and food security in the Congo Basic:
Linkages between wildlife and people’s future. Environmental Conservations, 30(1), 71-
78. D0i:10.1017/S0376892903000067.

Franses P.H.. A method to select between Gompertz and logistic trend curves,
Technological Forecasting and Social Change, Volume 46, Issue 1, 1994, Pages 45-49,
ISSN 0040-1625.

Fruth, B., & Hohmann, G. (2006). Social grease for females? Same-sex genital contacts
in wild bonobos. In V. Sommer & P. L. Vasey (Eds.), Homosexual behaviour in animals.
An evolutionary perspective (pp. 294-315). Cambridge University Press.

Furuichi, Takeshi. (2011) Female Contributions to the Peaceful Nature of Bonobo
Society. Evolutionary Anthropology 20: 131-142.

Furuichi, T., Idani, G.i., Ihobe, H., Hashimoto, C., Tashiro, Y., Sakamaki, T., Mulavwa,
M.N., Yangozene, K. & Kuroda, S. (2012) Long-Term Studies on Wild Bonobos at
Wamba, Luo Scientific Reserve, D. R. Congo: Towards the Understanding of Female
Life History in a Male-Philopatric Species. Long-Term Field Studies of Primates. (eds
P.M. Kappeler & D.P. Watts), pp. 413-433. Springer Berlin Heidelberg.

Gettleman, J. (2017). Smuggled, Beaten and Drugged: The Illicit Global Ape Trade. The
New York Times. Smuggled, Beaten and Drugged: The Illicit Global Ape Trade - The
New York Times (nytimes.com)

109


https://www.cdc.gov/bloodpressure/index.htm
https://www.cdc.gov/bloodpressure/index.htm
https://www.chebfun.org/examples/applics/Gompertz.html
https://www.chebfun.org/examples/applics/Gompertz.html
https://www.nytimes.com/2017/11/04/world/africa/ape-trafficking-bonobos-orangutans.html
https://www.nytimes.com/2017/11/04/world/africa/ape-trafficking-bonobos-orangutans.html

31.
32.

33.

34.

35.

36.

37.

38.

39.
40.

41.

42.

43.

44,

45.

46.

47.
48.
49.
50.

Gompertz Equation. Biomathematics- Gompertz Equation (uic.edu)

Gonzélez-Garcia I, Pierre V, Dubois VF, et al. Early predictions of response and survival
from a tumor dynamics model in patients with recurrent, metastatic head and neck
squamous cell carcinoma treated with immunotherapy. CPT Pharmacometrics Syst.
Pharmacol. 2021;00:1-11.

Great Ape Heart Project.

https://greatapeheartproject.org/?msclkid=2350d112cf7cl lecal eacc4dfe4675a5

Great Apes Conservation Fund. Great Apes Conservation Fund | Research Funding
(duke.edu)

Hadeler K.P., Hillen, T., Lewis M.A. Biological Model with Quiescent Phases. August
2009. DOI:10.1201/9781420059861.ch6

Hartigan, J. A.; Wong, M. A. (1979). "Algorithm AS 136: A k-Means Clustering
Algorithm". Journal of the Royal Statistical Society, Series C. 28 (1): 100—108.

Haste T., Qian J., Tay K. An Introduction to glmnet. 01 November 2021. An Introduction
to “glmnet” ¢ glmnet (stanford.edu)

Horne WA. (2001) Primate anesthesia. Vet Clin North Am Exot Anim Pract. 4(1):239-
66, viii-ix. doi: 10.1016/s1094-9194(17)30059-2. PMID: 11217463.

IBM Cloud Learn Hub. Aug 2022. What is Data Science | IBM

Introduction to Mixed Modeling Procedures. Linear Mixed Models. SAS Help Center:
Linear Mixed Models

Introduction to Regression Procedures. Generalized Linear Regression. SAS Help Center:
Generalized Linear Regression

International Union for Conservation of Nature (IUCN) (2008). Extinction threat growing
for mankind’s closest relatives. Extinction threat growing for mankind’s closest relatives |
IUCN

Iliadis, A. & Barbolosi, D. Optimizing drug regimens in cancer chemotherapy by an
efficacy-toxicity mathematical model. Comput. Biomed. Res. 33, 211-226 (2000).
Jolliffe IT, Cadima J.(2016) Principal component analysis: a review and recent
developments. Phil. Trans. R. Soc. A 274: 20150202.
http://doi.org/10.1098/rsta.2015.0202

Knox, M. (2018) Ape’s Rehab Trauma. Shaved orangutan prostitute ‘screamed and
defecated’ in terror when brothel madam visited her. The Sun. Shaved orangutan

prostitute ‘screamed and defected’ in terror when brothel madam visited her

(thesun.co.uk)

Kano T. 1992. The last ape: pygmy chimpanzee behavior and ecology. Stanford, CA:
Stanford University Press.
Logistic Function. Logistic Function - an overview | ScienceDirect Topics

Mayo Clinic. Cancer treatment - Mayo Clinic
Medline Plus. Head and neck squamous cell carcinoma: MedlinePlus Genetics
Mongabay. Great apes and greater challenges: Trafficking in Cameroon (mongabay.com)

110


http://homepages.math.uic.edu/~tier/Math419/Tumor/Notes/gompertz.html
https://greatapeheartproject.org/?msclkid=2350d112cf7c11eca1eacc4dfe4675a5
https://researchfunding.duke.edu/great-apes-conservation-fund?msclkid=b166588ccf8e11ecb5124c6e18fc74a5
https://researchfunding.duke.edu/great-apes-conservation-fund?msclkid=b166588ccf8e11ecb5124c6e18fc74a5
http://dx.doi.org/10.1201/9781420059861.ch6
https://en.wikipedia.org/wiki/Journal_of_the_Royal_Statistical_Society,_Series_C
https://glmnet.stanford.edu/articles/glmnet.html#:~:text=Glmnet%20is%20a%20package%20that%20fits%20generalized%20linear,can%20exploit%20sparsity%20in%20the%20input%20matrix%20x.
https://glmnet.stanford.edu/articles/glmnet.html#:~:text=Glmnet%20is%20a%20package%20that%20fits%20generalized%20linear,can%20exploit%20sparsity%20in%20the%20input%20matrix%20x.
https://www.ibm.com/cloud/learn/data-science-introduction
https://documentation.sas.com/doc/en/statug/15.2/statug_intromix_sect009.htm
https://documentation.sas.com/doc/en/statug/15.2/statug_intromix_sect009.htm
https://documentation.sas.com/doc/en/statug/15.2/statug_introreg_sect010.htm
https://documentation.sas.com/doc/en/statug/15.2/statug_introreg_sect010.htm
https://www.iucn.org/content/extinction-threat-growing-mankinds-closest-relatives
https://www.iucn.org/content/extinction-threat-growing-mankinds-closest-relatives
http://doi.org/10.1098/rsta.2015.0202
https://www.thesun.co.uk/news/7842260/prostitute-orangutan-screamed-defecated-brothel-madam-rehab/
https://www.thesun.co.uk/news/7842260/prostitute-orangutan-screamed-defecated-brothel-madam-rehab/
https://www.thesun.co.uk/news/7842260/prostitute-orangutan-screamed-defecated-brothel-madam-rehab/
https://www.sciencedirect.com/topics/computer-science/logistic-function
https://www.mayoclinic.org/tests-procedures/cancer-treatment/about/pac-20393344
https://medlineplus.gov/genetics/condition/head-and-neck-squamous-cell-carcinoma/#frequency
https://news.mongabay.com/2017/01/great-apes-and-greater-challenges-trafficking-in-cameroon/

51.

52.
53.

54.

55.

56.

57.

58.

59.

60.

61.

62.

63.

64.

65.

66.

67.

68.

Mowbray, S. (2017) Great apes and greater challenges: Trafficking in Cameroon.
Mongabay Series: Great Apes.

National Cancer Institute. What is Cancer? What Is Cancer? - NCI

Ozarda Y. Reference intervals: current status, recent developments and future
considerations. Biochem Med (Zagreb). 2016;26(1):5-16. doi:10.11613/BM.2016.001
Pan African Sanctuary Alliance. PASA. PASA - HOME - PASA

Ribba B, Holford Nh, Magni P, et al. A review of mixed-effects models of tumor growth

and effects of anticancer drug treatment used in population analysis. CPT
Pharmacometrics Syst Pharmacol. 2014;3(5):113

Ridge Regression and the Lasso. Lab 10 - Ridge Regression and the Lasso in R
(smith.edu)

Ripple WJ, Abernethy K, Betts MG. (2016) Bushmeat hunting and extinction risk to the
world's mammals. R Soc Open Sci.3(10):160498. Published 2016 Oct 19.
doi:10.1098/rs0s.160498

Sharma, P. (2021) Understanding K-means Clustering in Machine Learning (With

Examples). Understanding K-Means Clustering Algorithm - Analytics Vidhya

Stein WD, Gulley JL, Schlom J et al (2011) Tumor regression and growth rates
determined in five intramural NCI prostate cancer trials: the growth rate constant as an
indicator of therapeutic efficacy. Clin Cancer Res 17:907-917.

Surbeck, M., Mundry, R. & Hohmann, G. (2011) Mothers matter! Maternal support,
dominance status and mating success in male bonobos (Pan paniscus). Proceedings of the
Royal Society B: Biological Sciences, 278, 590.

Takahata, Y., Thobe, H. & Idani, G.i. (1999) Do bonobos copulate more frequently and
promiscuously than chimpanzees? Human Evolution, 14, 159-167.

Tang J., Shalabi A., Hubbard-Lucey V.M. Comprehensive analysis of the clinical
immuno-oncology landscape. Annals of Oncology. Volume 29 Issue 1. January 2018.
Pages 84-91.

Tibshirani, R. (1996) Regression Shrinkage and Selection via the Lasso. Journal of the
Roya Statistical Society Series B (Methodological), 58, 267-288.

The GLMSELECT Procedure. Group LASSO Selection. Group LASSO Selection
(GROUPLASSO) :: SAS/STAT(R) 14.1 User's Guide

The GLM Procedure. Syntax: GLM Procedure. SAS Help Center: Syntax: GLM
Procedure

The NLMIXED Procedure. SAS/STAT® 9.2 User’s Guide. Second Edition. PROC
NLMIXED: PROC NLMIXED Compared with Other SAS Procedures and Macros ::
SAS/STAT(R) 9.2 User's Guide, Second Edition

The NLIN Procedure. SAS/STAT® 14.1 User’s Guide. Overview: PROC NLIN ::
SAS/STAT(R) 14.1 User's Guide

Urban N., Cheung T.H. Stem Cell quiescence: the challenging path to activation.
Development. 2021. doi: 10.1242/dev.165084

111


https://www.cancer.gov/about-cancer/understanding/what-is-cancer
https://pasa.org/
https://www.science.smith.edu/~jcrouser/SDS293/labs/lab10-r.html
https://www.science.smith.edu/~jcrouser/SDS293/labs/lab10-r.html
https://www.analyticsvidhya.com/blog/2021/11/understanding-k-means-clustering-in-machine-learningwith-examples/
https://support.sas.com/documentation/cdl/en/statug/68162/HTML/default/viewer.htm#statug_glmselect_details13.htm
https://support.sas.com/documentation/cdl/en/statug/68162/HTML/default/viewer.htm#statug_glmselect_details13.htm
https://documentation.sas.com/doc/en/pgmsascdc/9.4_3.3/statug/statug_glm_syntax.htm
https://documentation.sas.com/doc/en/pgmsascdc/9.4_3.3/statug/statug_glm_syntax.htm
https://support.sas.com/documentation/cdl/en/statug/63033/HTML/default/viewer.htm#statug_nlmixed_sect004.htm
https://support.sas.com/documentation/cdl/en/statug/63033/HTML/default/viewer.htm#statug_nlmixed_sect004.htm
https://support.sas.com/documentation/cdl/en/statug/63033/HTML/default/viewer.htm#statug_nlmixed_sect004.htm
https://support.sas.com/documentation/cdl/en/statug/68162/HTML/default/viewer.htm#statug_nlin_overview.htm
https://support.sas.com/documentation/cdl/en/statug/68162/HTML/default/viewer.htm#statug_nlin_overview.htm
https://doi.org/10.1242%2Fdev.165084

69.

70.

71.

72.

73.

74.

75.

76.

77.

Vaghi C, Rodallec A, Fanciullino R, Ciccolini J, Mochel JP, Mastri M, Poignard C, Ebos
JML, Benzekry S. Population modeling of tumor growth curves and the reduced
Gompertz model improve prediction of the age of experimental tumors. PLoS Comput
Biol. 2020 Feb 25;16(2).

Varki N, Anderson D, Herndon JG, Pham T, Gregg CJ, Cheriyan M, Murphy J, Strobert
E, Fritz J, Else JG, Varki A. (2009). Heart disease is common in humans and
chimpanzees, but is caused by different pathological processes. Evol Appl. 2(1):101-12.
doi: 10.1111/j.1752-4571.2008.00064.x. PMID: 25567850; PMCID: PM(C3352420.
Wang Y, Sung C, Dartois C et al (2009) Elucidation of relationship between tumor size
and survival in non-small-cell lung cancer patients can aid early decision making in
clinical drug development. Clin Pharmacol Ther 86:167-174.

World Wildlife Fund. Congo Basin. Bonobo. Bonobo | WWF (wwf-congobasin.org)
World Health Organization. Cancer. https://www.who.int/news-room/fact-
sheets/detail/cancer

Xu, X. The Biological foundation of the Gompertz model. International Journal of Bio-
Medical Computing. Volume 20, Issue 1-2. 1987, Pages 35-39.

Yin A, Moes DJAR, van Hasselt JGC, Swen JJ, Guchelaar HJ. A Review of
mathematical models for tumor dynamics and treatment resistance evolution of solid
tumors. CPT Pharmacometrics Syst Pharmacol. 2019;8(10):720-737.

Yorke ED, Fuks Z, Norton L, Whitmore W, Ling CC (1993) Modeling the Development
of Metastases from Primary and Locally Recurrent Tumors: Comparison with a Clinical
Data Base for Prostatic Cancer. Cancer Res 53: 2987-2993.

Yuan, M., and Lin, L. (2006). “Model Selection and Estimation in Regression with
Grouped Variables.” Journal of the Royal Statistical Society, Series B 68:49—67.

112


https://www.wwf-congobasin.org/bonobo/#:~:text=Habitat%20loss%3A%20only%20part%20of%20the%20bonobo%E2%80%99s%20range,outside%20parks%20at%20risk%20of%20losing%20their%20homes.
https://www.who.int/news-room/fact-sheets/detail/cancer
https://www.who.int/news-room/fact-sheets/detail/cancer

APPENDICES

113



Derivation

Source: Personal communication from Dr. Helen Moore. Based on the tumor compartment
model:

dA,

ar ko1 — k1241 + k2145 — koA
dA,
7 = k1241 — k145

Resulting in:
y = yoe ket +y, (1 — ")

Derivation:
Letting
Then:
di ki + k b
dt a 12Uq 21U Uy
du,
W = k1oUy — kiU
Setting:
du,
Y2 =0t
Then:
du, d*u,
dt  dt?
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T TS
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du,
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dt?
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Characteristic equation:
T2 + k%lr - (klz + k12k21 + k21b) =0
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Roots:

kit VK3, + 4(kiy + kizkay + kpqb)
T2 = >

Roots are always positive: k3, + 4(kyy + ki2kp1 + ky1b) >0

Solution is in the form (general + particular solution):
ul(t) = Clerlt + Czerzt + ulp (t)

. . du1 dzul
Where a particular solution: u,, (t) = A4, so that — = 0, 7 = 0
d2u1 2 1
iz Uy (kqz + ki2kay + kaib) + k34 i —kz a
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du
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Letting:
w () =y,C =y0,C, ==y, = —A,1 = —kgq,1p = —k4
Then:

y = ype kat —y e *at —y,
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Code

SAS

data simulated;

call streaminit(9);

do subject =1 to 400;
yO=rand(&#39;normal&#39;,75,25);
k1=rand(&#39;normal&#39;, 0,1);
k2=rand(&#39;normal&#39;,0,2);

y1=37.9;

y2=-yl;

m = 0.00551;

bsv_kd=1.70;

v=(m*bsv_kd)**2;s
mu=log(m/sqrt((bsv_kd)**2+1));
sigma=sqrt(log((bsv_kd)**2+1));

kd = rand(&#39;lognormal &#39;, mu, sigma);
ml =0.0226;

bsv_kg=1.83;
mul=log(ml/sqrt((bsv_kg)**2+1));
sigmal=sqrt(log((bsv_kg)**2+1));

kg = rand(&#39;lognormal &#39;, mul, sigmal);
dot=1to 100;
size=y0*exp(-kd*t)+y1*(1-exp(-kg*t));
output;

end;

end;

run;

data simulated2;

set simulated;

where size&gt;0;

run;

data simulated3;

set simulated?2;

where y0 &gt;0;

run;

proc means data=simulated3 maxdec=2 mean stddev median min max;
var y0 kd kg k1 k2 size;

run;

/*univariate on size*/

proc univariate data=simulated3 plots normal;
qqplot size/normal;

histogram/normal odstitle=&quot; Tumor size&quot;;
var size ;

label size = &#39;Tumor size&#39;;

run;

/*by subject figures of tumor size by day*/

title &#39; Tumor size by day&#39;;

ods rtf file=&quot;C:\Users\sabina\Desktop\ncsu_work\tumor data\plots.rtf&quot;;
proc sgplot data=simulated3;

by subject;

scatter x=t y=size;

series x=t y=size;

label size= &#39;Tumor size&#39;;

label t=&#39;Day&#39;;

run;

ods rtf close;

title;

/*keeping only 10% of data - repeated 5 times*/

proc surveyselect data=simulated3

method=srs

n=3990

out=tumorl0_1

seed=1

run;

proc means data=tumor10_1 mean median min max stddev maxdec=2 ;
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var kd kg size y0;

run;

proc surveyselect data=simulated3

method=srs

n=3990

out=tumorl0_2

seed=2

run;

proc means data=tumor10_2 n mean median min max stddev maxdec=2 ;
var kd kg y0 size;

run;

proc surveyselect data=simulated3

method=srs

n=3990

out=tumorl10_3

seed=3

run;

proc means data=tumor10_3 n mean median min max stddev maxdec=2 ;
var kd kg size y0;

run;

proc surveyselect data=simulated3

method=srs

n=3990

out=tumorl0_4

seed=4

run;

proc means data=tumor10_4 n mean median min max stddev maxdec=2 ;
var kd kg size y0;

run;

proc surveyselect data=simulated3
method=srs

n=3990

out=tumor10_5

seed=5

run;

proc means data=tumor10_5 n mean median min max stddev maxdec=2 ;
var kd kg size y0;

run;

/*using 20% of data - repeated 5 times*/
proc surveyselect data=simulated3
method=srs

n=7980

out=tumor20_1

seed=1

run;

proc means data=tumor20_1 n mean median min max stddev maxdec=2 ;
var kd kg size y0;

run;

proc surveyselect data=simulated3
method=srs

n=7980

out=tumor20_2

seed=2

run;

proc means data=tumor20 2 n mean median min max stddev maxdec=2 ;
var kd kg size y0;

run;

proc surveyselect data=simulated3
method=srs

n=7980

out=tumor20_3

seed=3

s
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run;
proc means data=tumor20_3 n mean median min max stddev maxdec=2 ;
var kd kg size y0;

run;

proc surveyselect data=simulated3

method=srs

n=7980

out=tumor20_4

seed=4

run;

proc means data=tumor20 4 n mean median min max stddev maxdec=2 ;
var kd kg y0 size;

run;
proc surveyselect data=simulated3

method=srs

n=7980

out=tumor20_5

seed=5

run;

proc means data=tumor20_5 n mean median min max stddev maxdec=2 ;
var kd kg y0 size;

run;

/*keeping 30% of the data - repeated 5 times*/

proc surveyselect data=simulated3

method=srs

n=11970

out=tumor30_1

seed=1

run;

proc means data=tumor30_1 n mean median min max stddev maxdec=2 ;
var kd kg y0 size;

run;

proc surveyselect data=simulated3

method=srs

n=11970

out=tumor30_2

seed=2

run;

proc means data=tumor30_2 n mean median min max stddev maxdec=2 ;
var kd kg size y0 ;

run;

proc surveyselect data=simulated3

method=srs

n=11970

out=tumor30 3

seed=3

run;

proc means data=tumor30_3 n mean median min max stddev maxdec=2 ;
var kd kg size y0;

run;

proc surveyselect data=simulated3

method=srs

n=11970

out=tumor30_4

seed=4

run;

proc means data=tumor30_4 n mean median min max stddev maxdec=2 ;

var kd kg size y0;

run;

proc surveyselect data=simulated3
method=srs

n=11970
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out=tumor30_5

seed=5

run;

proc means data=tumor30_5 n mean median min max stddev maxdec=2 ;
var kd kg size y0 ;

run;

/*plots of 10 percent of full data*/

title &#39;Tumor size by day by subject - using 10% of data&#39;;
ods rtf file=&quot;C:\Users\sabina\Desktop\ncsu_work\tumor
data\plots_partiall0.rtf&quot;;

proc sgplot data=tumor10_1;

by subject;

scatter x=t y=size;

series x=t y=size;

xaxis values=(0 to 100 by 20);

label size= &#39;Tumor size&#39;;

label t=&#39;Day&#39;;

run;

ods rtf close;

title;

/*to get estimates for kd and kg using proc nlin*/

data simulated4;

set simulated3;

drop kd;

drop kg;

run;

proc nlin data=simulated4 best=10 method=gauss;

parms kd=0 to 1 by 0.01 kg=0 to 1 by .01;

model size=y0*exp(-kd*t)+y1*(1-exp(-kg*t))+k1*t-+k2*t**2;
output out=new p=pred r=resid,

run;

/*using bic3 based on simulated dataset where k1,k2>0%/
proc nlmixed data=bic3 method=firo ;

parms kd=0.05 s2b1=0.01 cb12=0.02 s2b2=0.03 delta=0.05 s2=2;
pred=(y0+b1)*exp(-(kd+b2)*t);

model size~normal(pred,pred**(2*delta)*s2);

random b1 b2 ~ normal([0,0],[s2b1,cb12,s2b2])
subject=subject;

run;

proc nlmixed data=bic3 method=firo ;

parms kd=0.05 s2b1=0.01 cb12=0.02 s2b2=0.03 delta=0.05 s2=2;
pred=(y0+b1)*exp(-(kd+b2)*t)+k1*t;

model size~normal(pred,pred**(2*delta)*s2);

random b1l b2 ~ normal([0,0],[s2b1,cb12,s2b2])

subject=subject;

run;

proc nlmixed data=bic3 method=firo ;/*method=gauss doesn&#39;t converge,
error®/

parms kd=0.05 s2b1=0.01 cb12=0.02 s2b2=0.03 delta=0.05 s2=2;
pred=(y0+b1)*exp(-(kd+b2)*t)+k 1 *t+k2*t**2;

model size~normal(pred,pred**(2*delta)*s2);

random b1 b2 ~ normal([0,0],[s2b1,cb12,s2b2])

subject=subject;

run;

proc nlmixed data=bic3 method=firo ;/*method=gauss doesn&#39;t converge,
error®/

parms kd=0.05 s2b1=0.01 cb12=0.02 s2b2=0.03 delta=0.05 s2=2;
pred=(y0+b1)+k2*t**2;

model size~normal(pred,pred**(2*delta)*s2);

random b1 ~ normal([0],[s2b1])

subject=subject;

run;

proc nlmixed data=bic3 method=firo ;/*method=gauss doesn&#39;t converge,
error*/

parms kd=0.05 s2b1=0.01 cb12=0.02 s2b2=0.03 delta=0.05 s2=2;
pred=(y0+b1)+k1*t;

model size~normal(pred,pred**(2*delta)*s2);
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random b1 ~ normal([0],[s2b1])
subject=subject;

run;

proc nlmixed data=bic3 method=firo ;

parms kd=0.05 kg=0.02 s2b1=0.01 cb12=0.02 s2b2=0.03 delta=0.05 s2=2;

pred=(y0+b1)*exp(-(kd+b2)*t)+y1*(1-exp(-kg*t));
model size~normal(pred,pred**(2*delta)*s2);
random b1 b2 ~ normal([0,0],[s2b1,cb12,s2b2])
subject=subject;

run;

proc nlmixed data=bic3 method=firo ;

parms kd=0.05 kg=0.02 s2b1=0.01 cb12=0.02 s2b2=0.03 delta=0.05 s2=2;

pred=(y0+b1l)*exp(-(kd+b2)*t)+y1*(1-exp(-kg*t))+k1*t;
model size~normal(pred,pred**(2*delta)*s2);

random bl b2 ~ normal([0,0],[s2b1,cb12,52b2])
subject=subject;

run;

proc nlmixed data=bic3 method=firo ;

parms kd=0.05 kg=0.02 s2b1=0.01 cb12=0.02 s2b2=0.03 delta=0.05 s2=2;

pred=(y0+b1)*exp(-(kd+b2)*t)+y1*(1-exp(-kg*t))+k1 *t+k2*t**2;
model size~normal(pred,pred**(2*delta)*s2);
random b1 b2 ~ normal([0,0],[s2b1,cb12,s2b2])

subject=subject;
run;
proc nlmixed data=bic3 method=firo ;

parms kd=0.05 kg=0.02 s2b1=0.01 cb12=0.02 s2b2=0.03 delta=0.05 s2=2;

pred=(y0+b1)*exp(-(kd+b2)*t)+y1;

model size~normal(pred,pred**(2*delta)*s2);
random b1 b2 ~ normal([0,0],[s2b1,cb12,s2b2])
subject=subject;

run;

proc nlmixed data=bic3 method=firo ;

parms kd=0.05 kg=0.02 s2b1=0.01 cb12=0.02 s2b2=0.03 delta=0.05 s2=2;

pred=(y0+b1)*exp(-(kd+b2)*t)+y 1 *exp(-kg*t);
model size~normal(pred,pred**(2*delta)*s2);
random b1 b2 ~ normal([0,0],[s2b1,cb12,s2b2])
subject=subject;

run;

proc nlmixed data=bic3 method=firo ;

parms kd=0.05 kg=0.02 s2b1=0.01 cb12=0.02 s2b2=0.03 delta=0.05 s2=2;

pred=(y0+b1)*exp(-(kd+b2)*t)+exp(-kg*t);
model size~normal(pred,pred**(2*delta)*s2);
random b1 b2 ~ normal([0,0],[s2b1,cb12,s2b2])
subject=subject;

run;

proc nlmixed data=bic3 method=firo ;

parms kd=0.05 kg=0.02 s2b1=0.01 cb12=0.02 s2b2=0.03 delta=0.05 s2=2;

pred=(y1+b1)*(1-exp(-(kg+b2)*t));

model size~normal(pred,pred**(2*delta)*s2);
random b1 b2 ~ normal([0,0],[s2b1,cb12,s2b2])
subject=subject;

run;

proc nlmixed data=bic3 method=firo ;

parms kd=0.05 kg=0.02 s2b1=0.01 cb12=0.02 s2b2=0.03 delta=0.05 s2=2;

pred=y0*exp(-kd*t)+(y1+b1)*(1-exp(-(kg+b2)*t));
model size~normal(pred,pred**(2*delta)*s2);
random b1 b2 ~ normal([0,0],[s2b1,cb12,s2b2])
subject=subject;

run;

proc nlmixed data=bic3 method=firo ;

parms kd=0.05 kg=0.02 s2b1=0.01 cb12=0.02 s2b2=0.03 delta=0.05 s2=2;

pred=(y1+b1)*(1-exp(-(kg+b2)*t))+k1*t;
model size~normal(pred,pred**(2*delta)*s2);
random b1 b2 ~ normal([0,0],[s2b1,cb12,s2b2])
subject=subject;

run;

proc nlmixed data=bic3 method=firo ;

parms kd=0.05 kg=0.02 s2b1=0.01 cb12=0.02 s2b2=0.03 delta=0.05 s2=2;
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pred=(y1+b1)*(1-exp(-(kg+b2)*t))+exp(-kd*t);

model size~normal(pred,pred**(2*delta)*s2);
random b1 b2 ~ normal([0,0],[s2b1,cb12,s2b2])
subject=subject;

run;

proc nlmixed data=bic3 method=firo ;

parms kd=0.05 kg=0.02 s2b1=0.01 cb12=0.02 s2b2=0.03 delta=0.05 s2=2;
pred=(y1+b1)*(exp(-(kg+b2)*));

model size~normal(pred,pred**(2*delta)*s2);
random b1 b2 ~ normal([0,0],[s2b1,cb12,s2b2])
subject=subject;

run;

R

install.packages(&quot;glmnet&quot;)
library(glmnet)

library(caret)

library(dplyr)
install.packages(&quot;plotmo&quot;)
library(plotmo)

data&lt;-simulated

datal 0&lIt;-simulated10

x&lt;-model.matrix(size~y0*exp(-kd*t)+y1+y2*exp(-kg*t)+k1 *t+k2*c(t*t), simulated)[,-1]
x2&lt;-x[, ¢(3, 10, 11,12,13)]
y&It;-simulated$size

#splitting the data into training and validation

set.seed(9)

ind&lt;-sample(2,nrow(data),replace=T, prob=c(0.7, 0.3))
train&lt;-data[ind==1,]

test&lt;-data[ind==2,]

#including ALL terms/parts of terms

x_train = model. matrix(size~y0*exp(-kd*t)+y1+y2*exp(-kg*t)+k1*t+k2*c(t*t), train)[,-1]
x_test = model.matrix(size~y0*exp(-kd*t)+y 1 +y2*exp(-kg*t)+k1*t+k2*c(t*t), test)[,-1]
y_train=train$size

y_test=test$size

# Fit lasso model on training data
lasso_train = glmnet(x_train,
y_train,

alpha =1,

intercept=F,

lambda = seq(0.0001, 1, length=5))

# Draw plot of coefficients
print(lasso_train)
plot(lasso_train)
plotres(lasso_train)
plot_glmnet(lasso_train)

plot_glmnet(lasso_train, ,ylim=c(-2, 2),label=TRUE)

# Fit lasso model on training data

set.seed(9)

cv.out = cv.glmnet(x_train, y_train,intercept=F, alpha = 1)
# Draw plot of training MSE as a function of lambda
plot(cv.out)

# Select lamda that minimizes training MSE

bestlam = cv.out$lambda.min

bestlam

bestlam1se = cv.out$lambda.1se

bestlam1se

# Use best lambda to predict test data
lasso_pred = predict(lasso_train, s = bestlam, newx = x_test)
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# Calculate test MSE
mean((lasso_pred - y_test)"2)

# Fit lasso model on full dataset

full = glmnet(x, y, alpha = 1, intercept=F, lambda = seq(0.0001, 1, length=5))
lasso_coef = predict(full, type = &quot;coefficients&quot;, s = bestlam)[1:13,]
lasso_coef[lasso_coef = 0]

#including only the terms in the model

x_train = model.matrix(size~y0*exp(-kd*t)+y1+y2*exp(-kg*t)+k1*t+k2*c(t*t), train)[,-1]
x_train2&lt;-x_train[, ¢(3, 10, 11,12,13)]

x_test = model.matrix(size~y0*exp(-kd*t)+yl+y2*exp(-kg*t)+k1*t+k2*c(t*t), test)[,-1]
x_test2&lt;-x_test[, ¢(3, 10, 11,12,13)]

y_train=train$size

y_test=test$size

lasso_train2 = glmnet(x_train2,
y_train,

alpha=1,

intercept = F,

lambda = seq(0.0001, 1, length=5))

# Draw plot of coefficients
print (lasso_train2)

plot(lasso_train2)

plotres(lasso_train2)
plot_glmnet(lasso_train2)
plot_glmnet(lasso_train2, label=TRUE)

plot(lasso_train2, xvar=&#39;lambda&#39;,ylim=c(-0.3, 1.6), label=T)
plot(lasso2, xvar=&#39;dev&#39;,label=T)

# Fit lasso model : cross validation

set.seed(9)

cv.out2 = cv.glmnet(x_train2, y_train,intercept=F, alpha = 1)
# Draw plot of training MSE as a function of lambda
plot(cv.out2)

# Select lamda that minimizes training MSE

bestlam2 = cv.out2$lambda.min

bestlam2

bestlam2se = cv.out2$lambda.1se

bestlam2se

# Use best lambda to predict test data

lasso_pred2 = predict(lasso_train2, s = bestlam2, newx = x_test2)
# Calculate test MSE

mean((lasso_pred2 -y _test)"2)

# Fit lasso model on full dataset

full2 = glmnet(x2, y, alpha = 1, intercept=F, lambda = seq(0.0001, 1, length=5))
lasso_coef2 = predict(full2, type = &quot;coefficients&quot;, s = bestlam)[1:6,]
# Display only non-zero coefficients

lasso_coef2[lasso_coef2 !=0]

#using the sparsest dataset

x10&lt;-model. matrix(size~y0*exp(-kd*t)+y 1+y2 *exp(-kg*t)+k 1 *t+k2*c(t*t), simulated10)[,-1]
x20&1t;-x10[, ¢(3, 10, 11,12,13)]

y10&lt;-simulated10$size

#splitting the data into training and validation

set.seed(9)

ind&lt;-sample(2,nrow(datal0),replace=T, prob=c(0.7, 0.3))
train10&lt;-datal0[ind==1,]

test10&lt;-datalO[ind==2,]

x_train10 = model.matrix(size~y0*exp(-kd*t)+y [ +y2*exp(-kg*t)+k1*t+k2*c(t*t), train)[,-1]
x_train20&lt;-x_trainl0[, ¢(3, 10, 11,12,13)]

x_test10 = model.matrix(size~y0*exp(-kd*t)+y1+y2*exp(-kg*t)+k 1 *t+k2*c(t*t), test)[,-1]
x_test20&lt;-x_test10[, ¢(3, 10, 11,12,13)]

y_trainl0=train$size
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y_testl0=test$size

# Fit lasso model on training data
lasso_train10 = glmnet(x_train20,
y_trainl0,

alpha =1,

intercept=F,

lambda = seq(0.0001, 1, length=5))

# Draw plot of coefficients
print(lasso_train10)
plot(lasso_trainl0)
plotres(lasso_trainl0)
plot_glmnet(lasso_train10)

# Fit lasso model : cross validation

set.seed(9)

cv.outl0 = cv.glmnet(x_train20, y_trainl0,intercept=F, alpha = 1)
# Draw plot of training MSE as a function of lambda
plot(cv.out10)

# Select lamda that minimizes training MSE

bestlam10 = cv.outl0$lambda.min

bestlam10

bestlam10se = cv.out10$lambda.1se

bestlam10se

# Use best lambda to predict test data

lasso_pred10 = predict(lasso_trainl0, s = bestlam10, newx = x_test2)
# Calculate test MSE

mean((lasso_pred10 -y test10)*2)

# Fit lasso model on full dataset

full10 = glmnet(x20, y10, alpha = 1, intercept=F, lambda = seq(0.0001, 1, length=5))
lasso_coef10 = predict(fulll0, type = &quot;coefficients&quot;, s = bestlam10)[1:6,]
# Display only non-zero coefficients

lasso_coefl10[lasso_coef10 !=0]

#by subject

#subject 25

tumor1 &lt;-simulated[which(simulated$subject==25),]

yone &lt;- tumorl $size

x_one = model.matrix(size~y0*exp(-kd*t)+y1+y2*exp(-kg*t)+k1*t+k2*c(t*t), tumorl)[,-1]
xone&lt;-x_one[, ¢(3, 10, 11,12,13)]

# Fit lasso model on training data
lasso_trainone = glmnet(xone,

yone,
alpha=1,
intercept=F,

lambda = seq(0.0001, 1, length=5))

# Draw plot of coefficients
print(lasso_trainone)
plot(lasso_trainone)
plotres(lasso_trainone)
plot_glmnet(lasso_trainone)

# Fit lasso model : cross validation

set.seed(9)

cv.outone = cv.glmnet(xone, yone,intercept=F, alpha = 1)
# Draw plot of training MSE as a function of lambda
plot(cv.outone)

#lambdas

bestlamone = cv.outone$lambda.min
bestlamone

bestlamonese = cv.outone$lambda. 1se
bestlamonese

# Fit lasso model on full dataset
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fullone = glmnet(xone, yone, alpha = 1, intercept=F, lambda = seq(0.0001, 1, length=5))
lasso_coefone = predict(fullone, type = &quot;coefficients&quot;, s = bestlamone)[1:6,]
# Display only non-zero coefficients

lasso_coefone[lasso_coefone != 0]

#subject 36

tumor1&lt;-simulated[which(simulated$subject==36),]

yone &lt;- tumorl $size

x_one = model.matrix(size~y0*exp(-kd*t)+yl+y2*exp(-kg*t)+k1 *t+k2*c(t*t), tumorl)[,-1]
xone&lt;-x_one[, ¢(3, 10, 11,12,13)]

# Fit lasso model on training data
lasso_trainone = glmnet(xone,
yone,

alpha =1,

intercept=F,

lambda = seq(0.0001, 1, length=5))

# Draw plot of coefficients
print(lasso_trainone)

plot(lasso_trainone)
plotres(lasso_trainone)
plot_glmnet(lasso_trainone)

# Fit lasso model : cross validation

set.seed(9)

cv.outone = cv.glmnet(xone, yone,intercept=F, alpha = 1)
# Draw plot of training MSE as a function of lambda
plot(cv.outone)

#lambdas

bestlamone = cv.outone$lambda.min
bestlamone

bestlamonese = cv.outone$lambda.1se
bestlamonese

# Fit lasso model on full dataset

fullone = glmnet(xone, yone, alpha = 1, intercept=F, lambda = seq(0.0001, 1, length=5))
lasso_coefone = predict(fullone, type = &quot;coefficients&quot;, s = bestlamone)[1:6,]
# Display only non-zero coefficients

lasso_coefone[lasso_coefone !=0]

#subject 39

tumor1 &lt;-simulated[which(simulated$subject==39),]

yone &lt;- tumorl $size

x_one = model.matrix(size~y0*exp(-kd*t)+y1+y2*exp(-kg*t)+k1*t+k2*c(t*t), tumorl)[,-1]
xone&lt;-x_one[, ¢(3, 10, 11,12,13)]

# Fit lasso model on training data
lasso_trainone = glmnet(xone,

yone,
alpha =1,
intercept=F,

lambda = seq(0.0001, 1, length=5))

# Draw plot of coefficients
print(lasso_trainone)
plot(lasso_trainone)
plotres(lasso_trainone)
plot_glmnet(lasso_trainone)

# Fit lasso model : cross validation

set.seed(9)

cv.outone = cv.glmnet(xone, yone,intercept=F, alpha = 1)
# Draw plot of training MSE as a function of lambda
plot(cv.outone)

#lambdas
bestlamone = cv.outone$lambda.min
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bestlamone

bestlamonese = cv.outone$lambda. 1se

bestlamonese

# Fit lasso model on full dataset

fullone = glmnet(xone, yone, alpha = 1, intercept=F, lambda = seq(0.0001, 1, length=5))

lasso_coefone = predict(fullone, type = &quot;coefficients&quot;, s = bestlamone)[1:6,]

# Display only non-zero coefficients
lasso_coefone[lasso_coefone != 0]

#subject 46

tumor1&lt;-simulated[which(simulated$subject==46),]

yone &lt;- tumorl $size

x_one = model.matrix(size~y0*exp(-kd*t)+yl+y2*exp(-kg*t)+k1 *t+k2*c(t*t), tumorl)[,-1]

xone&lt;-x_one[, ¢(3, 10, 11,12,13)]

# Fit lasso model on training data
lasso_trainone = glmnet(xone,
yone,

alpha=1,

intercept=F,

lambda = seq(0.0001, 1, length=5))

# Draw plot of coefficients
print(lasso_trainone)
plot(lasso_trainone)
plotres(lasso_trainone)
plot_glmnet(lasso_trainone)

# Fit lasso model : cross validation
set.seed(9)

cv.outone = cv.glmnet(xone, yone,intercept=F, alpha = 1)
# Draw plot of training MSE as a function of lambda

plot(cv.outone)

#lambdas
bestlamone = cv.outone$lambda.min
bestlamone

bestlamonese = cv.outone$lambda. 1se

bestlamonese

# Fit lasso model on full dataset

fullone = glmnet(xone, yone, alpha = 1, intercept=F, lambda = seq(0.0001, 1, length=5))
lasso_coefone = predict(fullone, type = &quot;coefficients&quot;, s = bestlamone)[1:6,]

# Display only non-zero coefficients
lasso_coefone[lasso_coefone != 0]

#subject 53

tumorl &lt;-simulated[which(simulated$subject==53),]

yone &lt;- tumorl $size

x_one = model.matrix(size~y0*exp(-kd*t)+y1+y2*exp(-kg*t)+k1 *t+k2*c(t*t), tumorl)[,-1]

xone&lt;-x_one[, ¢(3, 10, 11,12,13)]

# Fit lasso model on training data
lasso_trainone = glmnet(xone,
yone,

alpha=1,

intercept=F,

lambda = seq(0.0001, 1, length=5))

# Draw plot of coefficients
print(lasso_trainone)
plot(lasso_trainone)
plotres(lasso_trainone)
plot_glmnet(lasso_trainone)

# Fit lasso model : cross validation
set.seed(9)

cv.outone = cv.glmnet(xone, yone,intercept=F, alpha = 1)
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# Draw plot of training MSE as a function of lambda
plot(cv.outone)

#lambdas

bestlamone = cv.outone$lambda.min
bestlamone

bestlamonese = cv.outone$lambda.1se
bestlamonese

# Fit lasso model on full dataset

fullone = glmnet(xone, yone, alpha = 1, intercept=F, lambda = seq(0.0001, 1, length=5))
lasso_coefone = predict(fullone, type = &quot;coefficients&quot;, s = bestlamone)[1:6,]
# Display only non-zero coefficients

lasso_coefone[lasso_coefone != 0]

#subject 197
tumorl &lt;-simulated[which(simulated$subject==197),]

yone &lt;- tumorl $size
x_one = model.matrix(size~y0*exp(-kd*t)+y1+y2*exp(-kg*t)+k1*t+k2*c(t*t), tumorl)[,-1]
xone&lt;-x_one[, ¢(3, 10, 11,12,13)]

# Fit lasso model on training data
lasso_trainone = glmnet(xone,
yone,

alpha=1,

intercept=F,

lambda = seq(0.0001, 1, length=5))

# Draw plot of coefficients
print(lasso_trainone)
plot(lasso_trainone)
plotres(lasso_trainone)
plot_glmnet(lasso_trainone)

# Fit lasso model : cross validation

set.seed(9)

cv.outone = cv.glmnet(xone, yone,intercept=F, alpha = 1)
# Draw plot of training MSE as a function of lambda
plot(cv.outone)

#lambdas

bestlamone = cv.outone$lambda.min
bestlamone

bestlamonese = cv.outone$lambda. 1se
bestlamonese

# Fit lasso model on full dataset

fullone = glmnet(xone, yone, alpha = 1, intercept=F, lambda = seq(0.0001, 1, length=5))
lasso_coefone = predict(fullone, type = &quot;coefficients&quot;, s = bestlamone)[1:6,]
# Display only non-zero coefficients

lasso_coefone[lasso_coefone != 0]

#subject 283

tumor1 &lt;-simulated[which(simulated$subject==283),]

yone &lt;- tumorl$size

x_one = model.matrix(size~y0*exp(-kd*t)+y1+y2*exp(-kg*t)+k1 *t+k2*c(t*t), tumorl)[,-1]
xone&lt;-x_one[, ¢(3, 10, 11,12,13)]

# Fit lasso model on training data
lasso_trainone = glmnet(xone,
yone,

alpha=1,

intercept=F,

lambda = seq(0.0001, 1, length=5))

# Draw plot of coefficients
print(lasso_trainone)
plot(lasso_trainone)
plotres(lasso_trainone)
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plot_glmnet(lasso_trainone)
# Fit lasso model : cross validation

set.seed(9)

cv.outone = cv.glmnet(xone, yone,intercept=F, alpha = 1)
# Draw plot of training MSE as a function of lambda
plot(cv.outone)

#lambdas

bestlamone = cv.outone$lambda.min
bestlamone

bestlamonese = cv.outone$lambda.1se
bestlamonese

# Fit lasso model on full dataset

fullone = glmnet(xone, yone, alpha = 1, intercept=F, lambda = seq(0.0001, 1, length=5))
lasso_coefone = predict(fullone, type = &quot;coefficients&quot;, s = bestlamone)[1:6,]
# Display only non-zero coefficients

lasso_coefone[lasso_coefone != 0]

#subject 357
tumorl &lt;-simulated[which(simulated$subject==357),]
yone &lt;- tumorl $size

x_one = model.matrix(size~y0*exp(-kd*t)+y1+y2*exp(-kg*t)+k1*t+k2*c(t*t), tumorl)[,-1]

xone&lt;-x_one[, ¢(3, 10, 11,12,13)]

# Fit lasso model on training data
lasso_trainone = glmnet(xone,

yone,
alpha=1,

intercept=F,

lambda = seq(0.0001, 1, length=5))

# Draw plot of coefficients
print(lasso_trainone)
plot(lasso_trainone)
plotres(lasso_trainone)
plot_glmnet(lasso_trainone)

# Fit lasso model : cross validation

set.seed(9)

cv.outone = cv.glmnet(xone, yone,intercept=F, alpha = 1)
# Draw plot of training MSE as a function of lambda
plot(cv.outone)

#lambdas

bestlamone = cv.outone$lambda.min
bestlamone

bestlamonese = c¢v.outone$lambda. 1se
bestlamonese

# Fit lasso model on full dataset

fullone = glmnet(xone, yone, alpha = 1, intercept=F, lambda = seq(0.0001, 1, length=5))
lasso_coefone = predict(fullone, type = &quot;coefficients&quot;, s = bestlamone)[1:6,]
# Display only non-zero coefficients

lasso_coefone[lasso_coefone != 0]

MatLab

close all; clear all;

%population size

pop_size = 1000;

%sample YO parameters

YO0 _pop =normrnd(75,25,1,pop_size);
Y%fixed Y1

Y1=3709;

Y%sample kd parameters
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kd =.00551;

bsv_kd =1.70;

mu_kd = log(kd/sqrt(bsv_kd"2+1));

omega_kd = sqrt(log(bsv_kd"2+1));

kd pop = lognrnd(mu_kd,omega kd,1,pop_size);
Y%sample kg parameters

kg =.0226;

bsv_kg=1.83;

mu_kg = log(kg/sqrt(bsv_kg"2+1));

omega kg = sqrt(log(bsv_kg"2+1));

kg pop = lognrnd(mu_kg,omega kg,1,pop_size);

%time goes from 0 to 2000 days

time = linspace(0,2000,2001);

Y%initialize all_data matrix

all_data = zeros(pop_size,15);

%fill all_data matrix with simulated model

col_num=1;

for t = time
disp(t);
new_col = YO0 _pop.*exp(-kd_pop*t)+Y1.*(1-exp(-kg_pop*t));
all_data(:,col num)=new_col;
col_num=col num+1;

end

%make a figure of all patient data from 0 to 2000 days
figure;

for 1=1:1000

plot(time,all_data(i,:));hold on;

end

xlabel('Time (days)','Fontsize',24)

ylabel("Tumor size (mm)','Fontsize',24)
xline(100,'k--',{'100 days'},'Fontsize',24);
xline(1000,'k--',{'1000 days'},'Fontsize',24);

%make a figure of all patient data from 0 to 100 days
figure;

for 1=1:1000
plot(time(1:101),all_data(i,1:101));hold on;

end

xlabel('Time (days)','Fontsize',24)

ylabel('Tumor size (mm)','Fontsize',24)

%save the simulated data and population parameters
csvwrite(‘alldata.csv',all_data)
csvwrite('kd_pop.csv',kd pop)
csvwrite('kg_pop.csv',kg_pop)
csvwrite("YO_pop.csv', YO pop)

Equation learning:
clear all;close all;

%define the number of time points, note that the first entry is day 0

num_tp =1001;

%amount of noise to add in terms of coefficient of variation (CV=sigma/mu)
CV =0.00;

Y%ratio to cut down number of time points by sampling every tp_ratio days
tp_ratio = 100;

%index of representative patient to use for plotting
rep_pat=10;

%load all patient data

M = csvread(‘alldata.csv');

%only use the first num_tp time points
M =M(,l:num_tp);

%initialize a matrix to save sparse regression parameters for each patient
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Xi all=1];

%loop over all patients
for pat_num = 1:1000

%calculate sigma for noise based on the mean

sigma = mean(M(pat_num,:))*CV;

Y%create noisy patient data

pat_data = M(pat_num,:) + randn(1,length(M(pat_num,:)))*sigma;
%time mesh for data

time = fix(linspace(0,num_tp-1,fix(num_tp/tp_ratio)));
Y%calculate spline approximation of data
pat_data_spline = spline(time,pat_data(time+1));
Y%take derivative of spline, y'

pat_data_spline dt = fnder(pat_data_spline,1);

%take second derivative of spline, y"

pat_data spline dt2 = fnder(pat_data_spline,2);

Y%calculate noisy approximations for y' and y" based on data
pat_data spline data = ppval(pat_data_spline,time);
pat_data spline dt data = ppval(pat_data spline_dt.time);
pat_data spline dt2 data = ppval(pat_data_spline dt2,time);

%plot data approximation and derivatives for representative patient

if pat num ==rep_pat
Y%finer mesh and values of splines for plotting
fine_mesh_plot = linspace(0,num_tp,num_tp*10);
pat_data_spline plot = ppval(pat data_spline,fine_mesh_plot);
pat_data spline dt plot = ppval(pat_data_spline dt,fine_mesh_plot);
pat_data spline dt2 plot = ppval(pat_data_spline_dt2,fine_mesh_plot);

%plot spline approximations of data for y' and y"
figure;
subplot(3,1,1)
plot(time,pat_data_spline data,'o',fine_mesh_plot,pat data_spline plot)
xlabel('Time (days)',Fontsize=24)
ylabel('y',Fontsize=24)
axis tight
subplot(3,1,2)
plot(time,pat_data_spline dt data,'o',fine_mesh_plot,pat data_spline dt plot)
xlabel('Time (days)',Fontsize=24)
ylabel('dy/dt',Fontsize=24)
axis tight
subplot(3,1,3)
plot(time,pat_data_spline dt2 data,'o',fine_mesh_plot,pat data_spline dt2 plot)
xlabel('Time (days)',Fontsize=24)
ylabel('d"2 y/dt"2',Fontsize=24)
axis tight
end

Y%perform sparse regression for y' = [1,y",y,y"2,y"3,t,t"2,t"3]*Xi
dydt = pat_data spline dt data';
theta =
[ones(length(time),1),pat_data_spline dt2 data',pat data(time+1)',(pat_data(time+1)."2)',(pat_data(time+1)."3)',time',time."2",time."3'];

%sequential least squares thresholding algorithm from Brunton et al.

%2016, PNAS

Xi = theta\dydt;

lambda = le-3;

for k=1:10
smallinds = (abs(Xi)<lambda); % find small coefficients
Xi(smallinds)=0; % and threshold
biginds = ~smallinds(:,1);
% Regress dynamics onto remaining terms to find sparse Xi
Xi(biginds, 1) = theta(:,biginds)\dydt(:,1);

end

Xi_all=[Xi_all,Xi];

end
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disp('Percent of patients with ODE term:')

terms = {'1,'y",'y",'y"2",'y"3"'t 't"2",'t"3'};
percents = 100*sum(Xi_all ~= 0,2)/size(Xi_all,2);
disp(terms)

disp(percents')
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