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Abstract

Introduction—The purpose of this study is to explore 13 cytokine predictors of chemotherapy-
related cognitive impairment (CRCI) in breast cancer survivors (BCS) 6 months to 10 years after
chemotherapy completion using a multivariate, non-parametric approach.

Methods—cCross sectional data collection included completion of a survey, cognitive testing, and
non-fasting blood from 66 participants. Data were analyzed using random forest regression to
identify the most significant predictors for each of the cognitive test scores.

Results—A different cytokine profile predicted each cognitive test. Adjusted /2 for each model
ranged from 0.71-0.77 (¢’s < 9.50710). The relationships between all the cytokine predictors and
cognitive test scores were non-linear.

Conclusions—Our findings are unique to the field of CRCI and suggest non-linear cytokine
specificity to neural networks underlying cognitive functions assessed in this study.
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1.0 Introduction

As many as 78% of breast cancer survivors (BCS) report ongoing cognitive changes after
breast cancer treatment is completed (Janelsins et al., 2014, Wefel et al., 2015). For some
BCS, these changes can last decades after treatment (Koppelmans et al., 2012, Amidi et al.,
2015). Typically, cognitive dysfunction occurs in the domains of memory, attention,
processing speed, and executive function (Janelsins et al., 2014, Ono et al., 2015, Wefel et
al., 2015). Collectively, dysfunction in these domains will be referred to in this article as
chemotherapy-related cognitive impairments (CRCI). CRCI are most often attributed to
chemotherapy toxicity, however, several other mechanisms have been proposed, including
the indirect neurotoxic effects of cytokine dysregulation initiated by cancer pathologies and
perpetuated by cancer treatments (Ahles and Saykin, 2007, Janelsins et al., 2014, Vardy et
al., 2008).

Both the pathology of cancer and cancer treatment can elevate peripheral pro-inflammatory
cytokines in women with breast cancer (Patel et al., 2015, Seruga et al., 2008, Kesler et al.,
2013a, Cheung et al., 2013). Evidence from animal and human research indicate that high
levels of circulating inflammatory cytokines can access the brain and cause damage,
resulting in behavioral symptoms including depression, sleep problems, fatigue, and
cognitive dysfunction (Cheung et al., 2013, Miller et al., 2008, Pomykala et al., 2013,
Seruga et al., 2008, Palesh et al., 2012). Prolonged exposure to such cytokines can have
neurodegenerative effects on the brain. A link between inflammatory cytokines and CRCI
has been made in BCS (Cheung et al., 2015, Pomykala et al., 2013, Kesler et al., 2013a,
Janelsins et al., 2012, Patel et al., 2015, Vardy et al., 2017, Ganz et al., 2013, Williams et al.,
2018); but the evidence is heterogeneous in regards to specific cytokines and cognitive
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outcomes being measured, and the magnitude and directions of the relationships between
inflammatory and cognitive variables in these studies.

This heterogeneity of study findings could be a result of the limitations in the methods that
have been employed to understand the complex relationships between cytokines and
behaviors. Cytokines are involved in many aspects of the innate and adaptive immune
systems, and their concentrations are influenced by both upstream and downstream factors
such as other chemokines, circulating hormones, circadian rhythms, and receptor inhibition
(Hunter and Jones, 2015). Furthermore, evidence suggests that relationships between
biological factors and cognitive function in cancer survivors are not linear (Kesler et al.,
2016), therefore; statistical methods that do not assume linearity are preferable for studying
these relationships. The vast majority of research conducted in this area have utilized
univariate methods (e.g. linear modeling) to examine cytokine predictors of CRCI. We know
that CRCI likely arise from a large number of varying and interacting factors that require
multivariate statistical methods (Kesler et al., 2017a). Additionally, if the true relationships
between cytokines and cognitive outcomes is in fact complex, multivariate, and non-linear,
then an alternative mathematical approach is necessary to identify predictors of CRCI.

Our group was among the first to employ machine learning to the study of neuroimaging
biomarkers of CRCI in cancer survivors (D'Agata et al., 2013, Kesler et al., 2013b, Hosseini
and Kesler, 2014, Kesler et al., 2017a, Kesler et al., 2017d) and survivors of ALL (Kesler et
al., 2016). Multivariate random forest regression (RFR) is a non-linear/non-parametric
machine learning approach that inherently models complex interactions among predictors
(Breiman, 2001). We have demonstrated that RFR is superior to traditional linear modeling
in predicting CRCI from neuroimaging biomarkers in BCS (Kesler et al., 2017b), but to our
knowledge, RFR has not been utilized to evaluate cytokine predictors of CRCI in BCS. This
study aims to explore cytokine predictors of CRCI in BCS 6 months to 10 years after
chemotherapy completion using non-parametric modeling. We hypothesized that cytokines
would be significant predictors of cognitive performance and that the relationships between
the various cytokines and cognitive outcomes would be non-linear.

2.0 Materials and Methods

2.1 Participants

BCS who completed chemotherapy 6 months to 10 years prior were recruited through
community oncology centers, a breast cancer patient and survivor navigation center, the
local chapter of the Oncology Nursing Society, and the Army of Women (Dr. Susan Love
Research Foundation). All participants were female, had a history of nonmetastatic breast
cancer, and had been without cancer recurrence or secondary cancers for six months to 10
years prior to study enrollment. Women between the ages of 21 to 65 years old, able to read
and write in English, and of any ethnic or racial group were included. Women over age 65
were excluded to control for age related cognitive decline (Aartsen et al., 2002). Women on
systemic steroids, and/or with a history of inflammatory comorbidities (i.e. arthritis, DM I,
autoimmune diseases) which can impact cytokine concentrations, were excluded. Women
with a pre-cancer history of sleep apnea, severe insomnia, severe cognitive impairments
(diagnosed by a physician), a verbal learning disability, or other neurological or psychiatric
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disorders that can impact cognition or emotions and interfere with completion of surveys
and cognitive testing were excluded. Women currently receiving hormonal therapy for their
breast cancer were not excluded. This study was approved by the Institutional Review Board
at the University of Texas at Austin and in accordance with the Declaration of Helsinki. All
participants provided written, informed consent.

2.2 Demographics and Clinical Measures

A self-report questionnaire was used to collect demographic information (age, education,
race, ethnicity, marital status, income, employment) and disease and treatment information
(type of breast cancer, type of cancer treatments, date of chemotherapy completion, current
medications, comorbidities, menopausal status, and genetic testing information). BMI was
measured because cytokines such as IL- 6, TNF-a, IL-8, IL-18, and IL-1ra are consistently
associated with obesity indices in large samples (O'Connor et al., 2009). Height was
measured to the nearest 0.5 cm with participants’ back to the wall, without shoes, looking
straight ahead. All participants were weighed with the same digital scale (Tanita Model
WB-300 Plus Arlington Heights, Illinois) to the nearest 100 g, wearing no shoes and light
clothing. BMI was calculated using weight in kilograms and height in cm.

2.3 Self Report Measures

Psychosocial Factors—Several psychosocial factors that have been linked to CRCI in
BCS including depressive symptoms, fatigue, anxiety (Bower and Lamkin, 2013, Cheung et
al., 2013, Shilling et al., 2006, Vardy, 2009) perceived stress, sleep quality, and loneliness
(Henneghan et al., 2017, Reid-Arndt and Cox, 2012) were evaluated with various self-report
measures. Emotional distress was measured using two Patient-Reported Outcomes
Measurement Information System (PROMIS) scales, the Emotional Distress — Anxiety —
Short Form 8a and Emotional Distress — Depression—-Short Form 8a (Cella et al., 2010).
Fatigue was measured using the PROMIS Fatigue Short form 8a, an 8 item scale that asks
how frequently a person experienced fatigue related feelings in the past seven days. Answer
choices for all 3 PROMIS scales range from 1 (“never”) to 5 (“always™) and total scores can
range from 8-40 with higher scores indicated more depressive, anxiety, or fatigue related
symptoms.

Perceived stress was measured using the Perceived Stress Scale (Cohen et al., 1983), a 10-
item scale measuring the degree that life circumstances are appraised as having been
stressful in the previous week. Responses for each item range from 0 (“never”) to 4 (“very
often”). Loneliness was measured using the UCLA-R Loneliness Scale version 3 Survey
(Russell, 1996). This 20-item instrument quantifies how people experience their loneliness.
Each item asks how often each feeling is experienced— answer choices are “never”,
“rarely”, “sometimes”, and “always” (Russell, 1996). Higher scores indicate more loneliness
and perceived isolation. Sleep quality was measured using the Pittsburgh Sleep Quality
Index (Buysse et al., 1989), a self-administered 19-item questionnaire that evaluates 7
components of sleep: subjective sleep quality, sleep latency, sleep duration, sleep efficiency,
sleep disturbance, use of sleep medication, and daytime dysfunction. Scores can range from
0 to 21 with higher scores indicating worse sleep quality. Daytime sleepiness was also
measured with the Epworth Sleepiness Scale, an 8-item instrument, with each item response
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choices are 0 to 3, with higher scores indicating greater daytime sleepiness (Enderlin et al.,
2011).

Perceived Cognitive Function—Perceived cognitive function was measured with the
Functional Assessment of Cancer Therapy-Cognitive Function Instrument version 3 (FACT-
Cog), a 34-item self-administered questionnaire that measures how often specific
dysfunctions have been experienced in the last 7 days (Von Ah and Tallman, 2015, Cheung
et al., 2014). Total scores can range from 0 to 148; higher scores indicate better cognitive
function and quality of life.

2.4 Cognitive Function Assessment

The International Cognition and Cancer Task Force recommends that the following well-
established, valid, and reliable cognitive measures be used in CRCI research-- Hopkins
Verbal Learning Test Revised (a measure of immediate, [HVLT-I], and delayed verbal
memory,[HVLT-D], (Benedict et al., 1998)), Trail Making Test A (Trails A) and Trail
Making Test B (Trails B, measures of processing speed, executive function, attention, and
cognitive flexibility (Tombaugh, 2004)), and Controlled Oral Word Association Test
(COWA, a measure of verbal fluency and word finding (Benton et al., 1983)). Standardized
testing protocols were used when administering these measures. Two trained research staff
scored tests separately. Raw test scores were used in the analyses.

2.5 Data Collection Procedures

Potential participants were screened for eligibility via telephone and those who were eligible
provided verbal consent. Written consent forms were then mailed or emailed to participants
along with a link to the online survey and scheduled for in-person data collection. Data
collected for this study included survey responses, anthropometric measures, standardized
cognitive tests, and blood samples. Twenty-four to 48 hours prior to the data collection
appointments, participants were emailed a link to the structured questionnaire including
demographic and clinical questions and all self-report instruments. Face-to-face data
collection included anthropometric assessment, standardized cognitive testing, and a blood
draw. Appointments were scheduled between 1 and 4 hours of participants waking in the
morning. Cognitive tests were administered according to standard procedures and blood
draws completed at the end of the appointment.

2.6 Blood Collection and Assay Procedures

Non-fasting blood samples (10 ml) were drawn for all participants between 1-4 hours of
waking. Blood was collected into serum separator tubes (BD Franklin Lakes, New Jersey)
and allowed to clot at room temperature for 30 min — 2 hr, then transported (in a portable
cooler that maintained room temperature) to the University of Texas at Austin School of
Nursing BioBehavioral lab. In the lab, the samples were centrifuged at 3,330 rpm for 15
min, then serum was aliquoted using filtered pipettes into 1ml polypropylene tubes and
stored at —80°C until subsequent batch analyses. The inflammatory cytokines in this study
were chosen based on evidence supporting their associations with CRCI in BCS, especially
Interleukin 6 (IL-6) and Tumor Necrosis Factor alpha (TNF-a)(Kesler et al., 2013a, Ganz et
al., 2013, Pomykala et al., 2013, Lyon et al., 2016).

J Neuroimmunol. Author manuscript; available in PMC 2019 July 15.



1duosnuen Joyiny 1duosnuey Joyiny 1duosnuen Joyiny

1duosnuep Joyiny

Henneghan et al.

Page 6

Human high sensitivity T cell magnetic, premixed, multiplex assays were purchased from
EMD Millipore (EMD Millipore; Darmstadt, Germany). The assay kits included 13
analytes, including IL-6 and TNF-a, and others involved in different aspects of the
inflammatory process. The cytokines included in the analyses for this manuscript were the
only ones evaluated. The HSTCMAG28SPMX13 multiplex assay kits used for this study
were purchased with reagents pre-mixed for the 13 cytokines measured. These cytokines are
key components representative of multiple aspects of the inflammatory response in that
some are pro-inflammatory (IL-6, TNF-a, IL-1B), while others are anti-inflammatory
(IL-10, IL-4), or chemokines (IFN-y, GM-CSF). The availability of multiplex technology
allows for multiple analytes to be assayed simultaneously, which saves significant time,
money, and sample relative to the more traditional approach using ELISA Kits.

Since this was an exploratory study using a distinct data analysis approach, we chose to
include all 13 analytes in the analyses— including I1L-6, TNF-a, Interferon gamma (IFN-g),
Granulocyte-macrophage colony-stimulating factor (GM-CSF), Interleukin 10 (IL-10),
Interleukin 12 (1L-12p10), Interleukin 13 (IL-13), Interleukin 1 beta (IL-1B), Interleukin 2
(IL-2), Interleukin 4 (IL-4), Interleukin 5 (IL-5), Interleukin 7 (IL-7), and Interleukin 8
(IL-8). Standards, controls, and samples were added, in duplicate, to 96-well plates and
analyzed according to manufacturer’s recommendations. Plates were then read using a
Luminex 200 (Luminex Corporation; Austin, TX) to determine mean fluorescent intensity
for each well. Five-parameter logistic regression was used to construct a standard curve,
which was then used to calculate control and sample unknown concentrations. R for the
standard curves ranged from 0.998 — 1, all controls were within the range supplied by the
manufacturer, and coefficient of variation between sample duplicates averaged 6%.

2.7 Data Analysis Plan

Data were analyzed with SPSS 23.0 (IBM) and R Studio (R Foundation). Continuous
variables are presented as mean and standard deviation (SD), and discreet variables as
frequencies and percentages. The primary analysis for this study began with examining
relationships between the cytokines and cognitive outcomes using simple scatter plots and
lines of best fit functions, which revealed non-linear patterns. Therefore, we conducted RFR
(Breiman, 2001) to predict cognitive test scores. RFR uses random subsets of features (i.e.
independent variables) to create an ensemble of decision trees that predict a continuous
outcome (Breiman, 2001, Breiman et al., 1984). The outcome is predicted at each bootstrap
iteration using data not included in that bootstrap sample (i.e. “out-of-bag” sample) and
therefore, random forest models include an intrinsic cross-validation. The out-of-bag
predictions are aggregated to determine an error rate (Liaw and Wiener, 2002) and model
accuracies based on out-of-bag cross-validation have been shown to be comparable to those
derived from cross-validation methods using separate test samples (Breiman, 1996, Kesler et
al., 2017c). RFR is relevantly robust to over-fitting, and an appropriate choice when the
sample size is small and/or there are a large number of predictors (Breiman, 2001).

All of the cytokines, self-reported psychosocial variables, BMI, years of education, age, and
time since chemotherapy were used as RFR features. The psychosocial variables were
combined using Principal Component Analysis (Henderson et al., 1990) consisting of the
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total scores for PROMIS scales, Perceived Stress Scale, UCLA-R Loneliness Scale, and
Pittsburgh Sleep Quality Index, Epworth Sleepiness Scale. The first component score from
the within class pooled variance-covariance matrix was chosen to establish the coefficients
for the composite scores, and this component accounted for 54% of the total variance of the
7 self-report measures.

Separate models were tested with each of the cognitive outcomes as dependent variables
(Table 1). A Bonfereroni adjustment was made to the p values for the RFR model testing
(0.05/5= p<.01) to limit Type I error. All models remained significant after the adjustment
was made. Feature importance was determined using the increase in mean squared error
which reflects the increase in error of the model if the feature was randomized. Therefore,
higher values indicate greater importance of that variable to the model. The ability to
quantify feature importance is another advantage of random forest models compared to
alternate machine learning approaches. Partial dependence plots were created for the most
important predictors to illustrate the shape of the relationship between the feature and the
outcome. All RFR data analyses were performed in the R Statistical Package (R Foundation)

including the “randomForest”, “caret” and "Hmisc" libraries.

3.0 Results

3.1 Sociodemographics and treatment characteristics

One hundred and nine women were screened for this study. Of these, 21 did not meet study
inclusion criteria due to the following factors (stage IV breast cancer, chemotherapy outside
of outlined timeframe, history of inflammatory comorbidities or other comorbidities that
interfere with normal cognitive processes, older than 65 years, and systemic steroid
treatment) and 13 either lived too far away or were unable to be scheduled for appointments.
Seventy-five women were enrolled in the study from April 2016— January 2017, and blood
samples were obtained from 66 participants. The final sample used for this study consisted
of 66 women. The sample was on average 49 years of age (50 8.77). The majority were
white (93.4%), non-Hispanic (95.5%), college educated (80.3%), partnered (69.7%), and
working full or part time (86.4%). The majority had a history of stage Il or 111 (81.8%)
invasive ductal carcinoma breast cancer (69.7%) that was hormone receptor positive
(84.8%). Almost all were treated with surgery (98.5%); the majority had radiation therapy
(60.6%) in addition to anthracycline-based chemotherapy (56.1%) and some type of
hormonal therapy (84.6%) and 66.7% were currently on hormonal therapy. Approximately
71.2% were post-menopausal. On average, the women in the sample had completed
chemotherapy three years prior (37 months + 27.67 months).

3.2 Inflammatory and cognitive characteristics

The raw scores for cytokine concentrations (pg/ml) were skewed and unevenly distributed,
however, RFR modeling is non-parametric; therefore, raw scores were utilized in the
multivariate modeling. Similarly, raw cognitive test scores were used in data analyses.
Descriptive statistics for the key study variables are displayed in Table 2.
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3.3 Cytokine Predictors of Cognitive Function

Bivariate Analyses—Initially we approached this analysis by looking at linear
relationships between the individual cytokines and cognitive outcomes. Some small
correlations were seen between Trails A, HVLT-I and FACT-Cog and some of the cytokines;
however, these relationships were not significant after a Bonferroni adjustment was made to
the p values to control for Type 1 error. Bivariate correlations are displayed in
Supplementary Table 1. Next, scatter plots and lines of best fit were used to visualize the
nature of the relationships between each of the cytokines and the cognitive outcomes. These
plots illustrated that the relationships between the cytokines and cognitive outcomes were
non-linear. Examples of 2 of these plots are displayed in Supplementary Figure 1.

Random Forest Regression Models—We found a different profile of cytokine
predictors for each of the cognitive tests and no cytokine predictors for FACT-Cog scores
(Figures 1-6). In terms of COWA performance, the RFR adjusted R squared = 0.72, F =
10.07, and p = 1.17720, The most important variables in descending order were IL-10, IL-7,
and IL-4 (Figure 1, panel A). Favorable performance on COWA (greater number of words)
were associated with levels of 1L-10 <0.1 pg/ml, IL-7 levels less than 0.18 pg/ml, and IL-4
levels < 0.14 and > 0.6 pg/ml (Figure.1, panels B-D). RFR for HVLT-I performance, the
adjusted R squared=0.71, F= 10.02, and p=1.27710. The most important variables in
descending order were IL-1p, IL-2, and years of education (Figure 2, panel A). Favorable
performance on HVLT-1 (more recalled words) was associated with IL-1p levels between
0.1- 0.25 pg/ml and IL-2 < 0.2 pg/ml, and there was a linear relationship between years of
education and HVLT-I (Figure 2, panel B-D). For HVLT-D performance, the RFR adjusted
R squared=0.75, F=11.80, and p=7.34712, The most important variables in descending order
were IL-4, IL-1B, TNF-a (Figure 3, panel A) Favorable performance on HVLT-D (more
recalled words) was associated with IL-4 < 0.6 pg/ml, IL-1p < 0.1 pg/ml, and TNF-a levels
between 0.2 — 0.7 pg/ml (Figure 3, panels B-D).

For Trails A performance, the RFR adjusted R squared = 0.72, F = 10.43, p =6.44711, The
most important variables in descending order were GM-CSF, IL-8, and IL-2 (Figure 4, panel
A). Favorable performance on Trails A (less time to complete test) was associated with GM-
CSF < 0.5 pg/ml, IL-2 < 0.1 pg/ml, and IL-8 > 0.8 pg/ml (Figure 4, panels B-D). For Trails
B performance, the RFR adjusted R squared = 0.77, F = 8.89 p = 9.50710, The most
important variables in descending order were IL-1f and IL-2 (Figure 5, panel A). Favorable
performance on Trails B (less time to complete test) was associated with IL-1beta < 0.1
pg/ml and IL-2 > 0.1 pg/ml (Figure 5, panels B and C). For FACT-Cog scores, the RFR
adjusted R squared = 0.86, F = 23.68, p < 0.0001 and the psychosocial composite score
identified as the most important feature to the model (Figure 6,). Individual relationships
were examined between the instruments originally used for the PCA analyses to produce the
psychosocial composite scores and FACT-Cog scores. These moderate to strong inverse
relationships (/s —0.43-0.67, p’s <0.0001) suggest favorable FACT-Cog scores are
associated with lower levels of psychosocial symptoms.
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4.0 Discussion

We conducted exploratory analyses using preliminary data in an observational study
evaluating serum based cytokine predictors of neuropsychological functioning in 66 BCS.
Interesting patterns emerged from the data suggesting that unique cytokine algorithms are
associated with each of the cognitive domains in this population (measured by cognitive test
performance) and that the relationships between the individual cytokines and cognitive test
scores were non-linear. Our findings support a growing body of research that links pro-
inflammatory cytokines to both cognitive performance (Ganz et al., 2013, Lyon et al., 2016,
Patel et al., 2015, Janelsins et al., 2012, Williams et al., 2018) and neuroimaging changes
(Kesler et al., 2013a, Pomykala et al., 2013) in BCS with CRCI.

Our findings suggest that specific cytokines are the most important predictors of cognitive
performance and vary depending on cognitive domain assessed, even when entering BMI,
age, psychological variables, and time since end of chemotherapy into the models. We found
associations between IL-2, IL-4, IL-1B, TNF-a and verbal memory, both immediate and
delayed recall, expanding on findings reported in other studies linking TNF-a (Cheung,
2014, Kesler et al., 2013a), IL-7 and IL-5 (Lyon et al., 2016) to memory performance in
BCS and sTNFRI and sTNFRII to visual memory in breast cancer patients(Williams et al.,
2018). Our findings suggest that IL-2, IL-4, IL-18 may also be important to memory
performance in BCS and that specific concentrations of these cytokines are optimal.

We also found links between GM-CSF, IL-2, IL-8, IL-1p and executive functioning in this
sample of women expanding on other study findings linking IL-6, IL-4, and IL-8 to
executive attention and IL-1p to processing speed in BCS (Cheung, 2014, Janelsins et al.,
2012). Furthermore, our findings suggested that lower levels of GM-CSF, IL-2, IL-1p, and
higher levels of IL-8 are optimal for executive functioning. We also observed unique
associations between lower levels of IL-10, IL-7, and IL-4 and better verbal fluency in this
sample. Cognitive domains are associated with various brain regions in the brain. It is
possible that cytokine concentrations vary across brain regions, or that cytokine receptors are
specific to different brain regions.

In animal models, cytokine receptors have been found in discrete brain regions (Arisi, 2014,
Scheinert et al., 2015). The hippocampus and temporal lobes are integral regions of memory
networks and hippocampal neurons possess IL-1p receptors in adult mice (Arisi, 2014).
Additionally, specific cytokines, including IL-1, IL-10, IL-6, and IL-4, have been shown to
circulate in the frontal cortex (part of the executive function networks) in rats (Scheinert et
al., 2015). In animal models, IL-4 accumulation in the meninges has been linked to
performance on memory tasks, suggesting that IL-4 impacts cognitive function through
meningeal cells specifically (Derecki et al., 2010, Gadani et al., 2012).

The mechanisms by which peripheral inflammation interferes with neural processing in
humans are not fully established (Thomson et al., 2014), but there is a body of research that
suggests ongoing cross talk between the peripheral immune system and the brain (Patterson,
2015). It is possible that the neural impact of cytokines is more local rather than global, and
that certain cytokines interfere with specific functional networks in the brain. More
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neurogenesis occurs in the hippocampus compared to other areas of the brain possibly
making this area and the associated functional networks vulnerable to the neurotoxic effects
of inflammation. Links have been established between IL-1p and neuronal death in the
hippocampus (Ryan et al., 2013). A study conducted on postmortem brains of persons with
various dementia types revealed regional variations in cytokines and chemokines in the
brains of those who had a history of neurodegeneration compared to controls suggesting
region specific concentrations of various cytokines including C-reactive protein, IL-1p, IL-6,
IL-7, IL-8, and IL-16 (Chen et al., 2016). Together, these findings suggest that there are
cytokine-specific neural pathways in the brain that interfere with cognitive functional
networks, but more research is needed.

Contrary to findings by Ganz and colleagues (Ganz et al., 2013) and Janelsins et al.
(Janelsins et al., 2012) we did not find any significant cytokine predictors of perceived
cognitive functioning in our sample. As an ad hoc analysis, we tested linear models of self-
report cognitive function and cytokines and found no significant effects. Our RFR model
indicated that psychosocial functioning was the most important variable associated with
perceived cognitive functioning, congruent with previous work (Bower and Lamkin, 2013,
Cheung et al., 2014, Janelsins et al., 2016, Reid-Arndt and Cox, 2012). These finding have
important implications for CRCI research. Cognitive test performance has been the gold
standard for measuring CRCI (Nelson and Suls, 2013), but more recently the sensitivity and
ecological validity of these standardized tests for detecting CRCI have been called into
question (Janelsins et al., 2016). Some argue that investigators should focus on perceived
cognitive function as patients’ self-report is a more accurate representation of functioning in
everyday lives (Janelsins et al., 2016, Henneghan et al., 2017). However, there is a well-
documented and important confounding relationship between psychological distress and
self-report (Shilling et al., 2006, Wefel et al., 2015, Vardy, 2009) and our findings further
emphasize that psychosocial factors must be accounted for when considering perceived
cognitive functioning as an outcome in BCS research. Even though the relationship between
psychological distress and perceived cognitive functioning is well-established, researchers
do not always covary for or fully consider these factors.

Study Limitations

Although this study has several strengths and our approach to evaluating the relationships
between cytokines and CRCI is distinct, it is not without limitations. We included 17
predictors in our models so it is possible that the associations identified in this study are
spurious, however RFR is appropriate to model a large number of predictors (Breiman,
2001) and we adjusted p values to control for Type | error. One of the disadvantages to
machine learning is that the models can "overfit" the data, especially when small samples
and/or a large number of features are involved. We used random forest out-of-bag cross-
validation in this study but further validation with a new and larger sample is required. There
are also many other machine learning approaches that could be used and future studies
should compare them to see if another is better than RFR as this is beyond the scope of this
paper. We used a limited number of peripheral inflammatory cytokines as a proxy for
neuroinflammation. It is possible that other cytokines, neurotransmitters, and/or cytokine
polymorphisms are contributing to neural network functioning, but these were not measured
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in this study. We did not include chemo naive or healthy control groups in this cross-
sectional study so no conclusions can be made regarding specific treatment or disease
effects. Additionally, our neuropsychological test battery was limited, so it is possible that
we did not comprehensively capture cognitive performance within this sample.

Research Implications

In the current study we identified cytokine correlates of cognitive function in BCS using
RFR, a multivariate non-parametric analysis. Since this was an exploratory study, the models
were not evaluated for their accuracy at predicting categorical cognitive impairment on the
various neurocognitive tests. Future research should not only validate the features identified
with the RFR in another larger sample, but also evaluate the accuracy of the algorithm at
predicting categorical impairment status. Future studies should also utilize network analyses
to determine the overall patterns of cytokines identified in this study. Identifying biological
predictors of CRCI has potential broader utility and may lead to identifying those most at
risk for the development of CRCI, but first these methods need to be employed in a
prospective study with baseline data. The current study was cross sectional, focusing on
persistent CRCI in survivors 6 months to 10 years post chemotherapy. It is possible that a
combination of serum biomarkers and neuroimaging biomarkers will significantly improve
the prediction of impairment and likelihood of future neurodegeneration in BC populations,
and our group is working on this possibility.

CRCl is a common and persistent effect of breast cancer treatment. The etiology of this
adverse treatment effect is likely multifactorial. Evidence from the current study suggests
neurotoxic effects of cytokine dysregulation are contributing to ongoing CRCI in BCS 6
months to 10 years after chemotherapy completion. Our findings also suggest that specific
cytokines are associated with individual cognitive test performance and that the relationships
between these cytokines and cognitive test performance are non-linear. Although this study
is exploratory, the approach is distinct in the field of CRCI research, and the preliminary
findings prompt further inquiry.

Supplementary Material

Refer to Web version on PubMed Central for supplementary material.
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Highlights
. Unique proinflammatory cytokine profiles associated with each cognitive test
. Cytokines were more important predictors of CRCI than clinical/demographic
variables
. Machine learning models of cytokines explained large variances in cognitive
performance
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Figure 1. Random Forest Regression with COWA as Dependent Variable
The Variable importance plot (A) for COWA scores illustrates that IL-10, IL-7, and IL-4

have the highest Increased Mean Squared Error in the model and therefore are the most
important features for the model predicting COWA scores. The red line represents the a prior
threshold (1 SD above the mean) for determining the most important model features. The
partial dependence plots for COWA scores on IL-10 levels (B), on IL-7 (C), and on IL-4 (D)
illustrate the marginal effect of the these cytokines on COWA scores after partialling out the
influence of all other variables in the model (Y-axis in pane "A").
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Figure 2. Random Forest Regression with HVLT-Immediate as Dependent Variable
The Variable importance plot (A) for HVLT-1 scores illustrates that IL-1beta has the highest

Increased Mean Squared Error in the model, followed by IL-2, IL-1beta, and years of
education. The red line represents the a priorthreshold (1 SD above the mean) for
determining the most important model features. The partial dependence plot for HVLT-I
scores on IL-1beta levels (B) and IL-2 levels (C) illustrate the marginal effect of the these
cytokines on HVLT-1 scores after partialling out the influence of all other variables in the
model. Years of education and HVLT-1 are linearly related (d) between 0.2 and 0.8 years of
education.
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Figure 3. Random Forest Regression with HVLT-Delayed as Dependent Variable
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The Variable importance plot (A) for HVLT-D scores illustrates that IL4 IL-1beta and TNF-
alpha have the highest Increased Mean Squared Error in the model and therefore the most
important predictors of HVLT-D scores. The red line represents the a priorthreshold (1 SD
above the mean) for determining the most important model features. The partial dependence
plot for HVLT-D scores on IL-4 levels (B), IL-1beta (C), and TNF-a (D) illustrate the
marginal effect of the these cytokines on HVLT-D scores after partialling out the influence
of all other variables in the model.
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Figure 4. Random Forest Regression with Trails A as Dependent Variable
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The Variable importance plot (A) for Trails A scores illustrates that GM-CSF, IL-8, and IL-2
have the highest Increased Mean Squared Error in the model and therefore the most
important predictors of Trails A scores. The red line represents the a priorthreshold (1 SD
above the mean) for determining the most important model features. The partial dependence
plot for Trails A scores on GM-CSF levels (B), IL-8 levels (C), IL-2 levels (D) illustrate the
marginal effect of these cytokines on Trails A scores after partialling out the influence of all
other variables in the model.
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Figure 5. Random Forest Regression Trails B as Dependent Variable
The Variable importance plot (A) for Trails B scores illustrates that 1L-1 beta and I1L-2 have

the highest Increased Mean Squared Error in the model and therefore the most important
predictors of Trails B scores. The red line represents the a priorthreshold (1 SD above the
mean) for determining the most important model features. The partial dependence plot for
Trails B scores on 1L-1 beta levels (B) IL-2 levels (C) illustrate the marginal effect of these
cytokines on Trails B scores after partialling out the influence of all other variables in the
model.
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Figure 6. Random Forest Regression with FACT-Cog as Dependent Variable
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The Variable importance plot (A) for Fact-Cog total scores illustrates that none of the
cytokine features were important variables in predicting FACT-Cog scores. The red line
represents the a priorthreshold (1 SD above the mean) for determining the most important
model features. The psychosocial composite score was the most important feature in this

model. A partial dependence plot for Psych composite scores (B).
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Defined Features for each Random Forest Classification Model and Dependent Variables
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Dependent Variables

Defined Variables

HVLT_i Hopkins Verbal Learning Test Immediate Recall
HVLT_d Hopkins Verbal Learning Test Delayed Recall
COWAT Controlled Oral Word Association Test
TrailA Trail Making Test A
TrailB Trail Making Test B
Factcog FACT-Cog Version 3 total score
Features Defined Variable
Age Age in years
Ed Years of completed formal education
TimeTx Time in months since completion of chemotherapy treatment
BMI Body mass index
IL_6 Interleukin 6
TNF-a Tumor Necrosis Factor alpha
GM_CSF Granulocyte-macrophage colony-stimulating factor
IFN_g Interferon gamma
IL_10 Interleukin 10
IL_12p70 Interleukin 12
IL_13 Interleukin 13
IL_1B Interleukin 1 beta
IL_2 Interleukin 2
IL_4 Interleukin 4
IL_5 Interleukin 5
IL_7 Interleukin 7
IL_8 Interleukin 8
Psych Composite score for all self-report measures (PROMIS Anx, PROMIS Dep, PROMIS Fat, PSS, UCLA-R, PSQI,

ESS)

Abbreviations. PROMIS Anx: PROMIS Emotional Distress — Anxiety — Short Form 8a, PROMIS dep: PROMIS Emotional Distress — Depression—
Short Form 8a, PROMIS fat: PROMIS Fatigue Short form 8a, PSS: Perceived Stress Scale, UCLAR: UCLA-R Loneliness Scale, PSQI: Pittsburgh
Sleep Quality Index, ESS: Epworth Sleepiness Scale
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Table 2

Descriptive Statistics for all Study Variables (N=66)

Variable Mean (SD) Min, Max
Age 49 (8.77) 27,65
Years of Education 16.7 (2.16) 12,22
Months since Chemotherapy | 35.7 (27.12) 6.83, 120.84
BMI 27.36 (5.46) 18.62, 42.46
IL-6 (pg/mL) 2.25 (1,80) 0.05, 7.62
TNF- a (pg/mL) 5.91 (1.40) 2.98, 10.09
GM-CSF (pg/mL) 129.54 (182.97) | 4.13,1000.00
IFN-g (pg/mL) 7.80 (6.21) 0.49, 28.23
IL-10 (pg/mL) 10.15 (9.34) 1.22, 48.40
IL-12p70 (pg/mL) 2.77 (1.77) 0.21, 9.00
IL-13 (pg/mL) 11.40 (29.72) 0.11,214.63
IL-1B (pg/mL) 1.02 (0.60) 0.24, 4.52
IL-2 (pg/mL) 1.21 (0.87) 0.21,4.52
IL-4 (pg/mL) 21.15 (13.93) 7.32,81.51
IL-5 (pg/mL) 2.93 (7.40) 0.10, 55.36
IL-7 (pg/mL) 7.69 (2.71) 2.85, 14.39
IL-8 (pg/mL) 5.75 (6.51) 0.20, 48.70
HVLT Immediate Recall 29.80 (3.60) 21,36
HVLT Delayed Recall 10.61 (1.47) 6,12
COWAT 40.18 (11.29) 16, 71

Trail Making Test A 26.36 (9.17) 115,54
Trail Making Test B 56.72 (23.03) 26.5,179.5
FACT- Cog Total” 94.99 (34.87) 19, 147

A
= Fact Cog Total: lower scores indicate lower overall functioning

Page 24

Abbreviations. IL-6: Interleukin 6, TNF-a: Tumor Necrosis Factor alpha, GM-CSF: Granulocytemacrophage colony-stimulating factor, IFN-g:
Interferon gamma, 1L-10: Interleukin 10, IL-12p10: Interleukin 12 p 10, IL-13: Interleukin 13, IL-1p: Interleukin 1 beta, IL-2 Interleukin 2, IL-4:
Interleukin 4, IL-5: Interleukin 5, IL-7: Interleukin 7, IL-8: Interleukin 8; FACT-Cog Total: Functional Assessment of Cancer Treatment- Cognition

\ersion 3, HVLT: Hopkins Verbal Learning Test, COWA: Controlled Oral Word Association
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