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Abstract.

BACKGROUND: Although advances have been made in cancer immunotherapy, patient benefits remain elusive. For non-small
cell lung cancer (NSCLC), monoclonal antibodies targeting programmed death-1 (PD-1) and programmed death ligand-1 (PD-L1)
have shown survival benefit compared to chemotherapy. Personalization of treatment would be facilitated by a priori identification
of patients likely to benefit.

OBJECTIVE: This pilot study applied a suite of machine learning methods to analyze mass cytometry data of immune cell lineage
and surface markers from blood samples of a small cohort (n = 13) treated with Pembrolizumab, Atezolizumab, Durvalumab, or
Nivolumab as monotherapy.

METHODS: Four different comparisons were evaluated between data collected at an initial visit (baseline), after 12-weeks of
immunotherapy, and from healthy (control) samples: healthy vs patients at baseline, Responders vs Non-Responders at baseline,
Healthy vs 12-week Responders, and Responders vs Non-Responders at 12-weeks. The algorithms Random Forest, Partial Least
Squares Discriminant Analysis, Multi-Layer Perceptron, and Elastic Net were applied to find features differentiating between
these groups and provide for the capability to predict outcomes.

RESULTS: Particular combinations and proportions of immune cell lineage and surface markers were sufficient to accurately
discriminate between the groups without overfitting the data. In particular, markers associated with the B-cell phenotype were
identified as key features.

CONCLUSIONS: This study illustrates a comprehensive machine learning analysis of circulating immune cell characteristics of
NSCLC patients with the potential to predict response to immunotherapy. Upon further evaluation in a larger cohort, the proposed
methodology could help guide personalized treatment selection in clinical practice.

Keywords: lung cancer, immunotherapy, machine learning, immune cells, cell markers

*Corresponding authors: Jun Yan, Department of Surgery, CTRB Hermann B. Frieboes, Department of Bioengineering, Lutz Hall 419,
319, University of Louisville. Louisville, KY 40202, USA. Tel.: University of Louisville, Louisville, KY 40292, USA. Tel.: +502 852
+502 852 3628; Fax: +502 852 2123; E-mail: jun.yan@Iouisville.edu. 3302; Fax: +502 852 6806; E-mail: hbfrie01 @louisville.edu.

ISSN 1574-0153/$35.00 © 2022 — IOS Press. All rights reserved.



682 A.N. Mueller et al. / Lung cancer immunotherapy response via machine learning of immune cell lineage and surface markers

1. Introduction

Challenges facing immunocheckpoint blockade ther-
apy were recently reviewed [1]. In particular for non-
small cell lung cancer (NSCLC), monoclonal antibodies
Pembrolizumab and Nivolumab targeting programmed
death-1 (PD1) and Atezolizumab and Durvalumab tar-
geting programmed death ligand-1 (PD-L1) [2—4]. have
shown limited but effective objective response rates
(ORR) of ~ 20% [5-8]. Treatment options could be
improved if responding patients could be identified a
priori to a particular treatment [9]. However, therapeu-
tic indication of approved checkpoint inhibitors remains
limited. PD-1 or PD-L1 expression by itself cannot ac-
curately predict patient response [10]. Similarly, PD-1
mRNA expression is not predictive of outcomes while
patients are on anti-PD-1 medication [11]. To address
these shortcomings, an analysis of effective predictive
biomarkers is indicated [12].

Evaluation of immune cell lineage and surface mark-
ers may provide a better understanding of the effects
of anti-PD-1 and anti-PD-L1 therapy in NSCLC pa-
tients. However, these molecular data are often large
and complex to analyze. Mathematical models based
on statistics and machine learning algorithms applied
to intricate datasets may allow for detection of com-
plex associations that may not be identifiable by simpler
analyses such as correlations and linear regressions.
Different methods have been employed to build such
predictive models for application to NSCLC computed
tomography (CT) imaging [13], oral cancer [14], and
coronary heart disease [15], among others [16—19]. Re-
cently, we applied machine learning to metabolomic
profiles of NSCLC patient tissue samples to predict dis-
ease control and progressive disease groups as response
to first-line therapy [20].

This pilot study applies a suite of machine learn-
ing models to analyze immune cell surface and lin-
eage expression data from a small set of NSCLC pa-
tients treated with monoclonal antibodies at both initial
and 12-week visit timepoints. The primary study goal
is to determine which patients will respond to treat-
ment based on their relative immune cell numbers and
proportions of cell surface and lineage marker expres-
sion. Secondary goals include identifying which fea-
tures are potentially important in prediction and to help
elucidate immune cell response changes post therapy.
Longer term, differences between responders and non-
responders could lead to evaluation of potential thera-
peutic targets.

2. Materials and methods
2.1. Sample collection

All specimens were collected following approved
Internal Review Board protocols at University of
Louisville Hospital IRB 15.0273) from patients with
known NSCLC. The samples were obtained with the
understanding and written consent of each subject. The
study conforms with the Code of Ethics of the World
Medical Association (Declaration of Helsinki), printed
in the British Medical Journal (18 July 1964). Demo-
graphic information, including age, sex, race, smoking
history, personal history of malignancy, and relevant
family history were recorded. Samples were collected
by the clinical team, blinded to the research analysis.

2.2. Patient characteristics

Patient data were collected at the UofL. Health —
Brown Cancer Center. There were six healthy controls,
thirteen NSCLC patients, four of which did not respond
to treatment, and nine who had no cancer growth after
12-weeks of treatment. Further classifying the NSCLC,
eleven of the patients had adenocarcinoma and two had
squamous cell carcinoma. One patient had a previous
history of cancer, which was successfully treated. Mean
patient age was 66 with most patients lying in 53—
78 range; only patients of white and African American
races were represented.

2.3. Evaluation of response

Data were collected at an initial visit and after 12-
weeks at follow-up. Output variable was a two-level fac-
tor on whether the cancer progressed (non-responders)
or stabilized/regressed (responders), determined via
computed tomography (CT).

2.4. Human PBMC isolation

Whole blood samples were centrifuged at 1600 rpm
for 10 min. Plasma was aspirated and aliquoted
into 1 mL Eppendorf tubes and immediately stored
at —80°C until future use. Remaining cell layers
were diluted with an equal volume of complete
RPMI1640. Blood suspension was layered over 5 mL
of Ficoll-Paque (Cedarlane Labs, Burlington, ON) in a
15 mL conical tube. Samples were then centrifuged at
2,000 rpm for 30 min at room temperature (RT) without
brake. Mononuclear cell layer was then transferred to
anew 15 mL conical tubes and washed with complete
RPMI 1640. Cell pellet was resuspended in 3 mL of
RPMI1640 and counted for sample processing.
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2.5. Mass cytometry sample preparation and data
collection

Cell expression and lineage markers were col-
lected using Maxpar Direct Immune Profiling kit (Flu-
idigm, SKU 201325) and time-of-flight mass cytome-
try (cyTOF) techniques. PBMCs were isolated as de-
scribed above. Cells were stained according to manu-
facturer’s instructions. Briefly, 0.8—1.5 x 106 cells per
patient sample were washed twice with Maxpar Cell
Staining Buffer. They were incubated with 5 ul Hu-
man Fc block (Human TruStain FcX, Biolegend) for
10 min. Cells were then directly transferred to prepared
tubes containing antibody pellet and stained for 30 min.
Cells were washed and fixed in 1.6% formaldehyde for
10 min at RT, and then incubated overnight in 125 nM
of Intercalator-Ir (Fluidigm) at 4°C.

Prior to acquisition, samples were washed twice with
Cell Staining Buffer and kept on ice until acquisition.
Cells were resuspended at a concentration of 1 million
cells/mL in Cell Acquisition Solution containing a 1/9
dilution of EQ 4 Element Beads (Fluidigm). Samples
were acquired on a Helios (Fluidigm) at an event rate
of < 500 events/sec. After acquisition, data were nor-
malized using bead-based normalization in the CyTOF
software. Data were gated to exclude residual normal-
ization beads, debris, dead cells and doublets, leaving
DNA*CD45* Cisplatin'®* events for subsequent clus-
tering and high dimensional analyses.

The study was limited to the markers provided in this
kit, and because a kit was used, determining that some
markers are not useful in outcome prediction may not
reduce the materials, time, or cost of testing a sample.
This differentiation will, however, provide insight to
the downstream effects of immunotherapy treatment.
Markers collected are shown in Supplementary Table 1.
Maxpar changed their kit during the course of the study,
so only samples detected by both versions of the kit
were considered for analysis. Supplementary Table 2
and Supplementary Table 3 summarize the roles and
cell populations affiliated with each of the markers used.

2.6. R cytometry libraries

R packages flowCore, FlowWorkspace, openCyto,
ggCyto, and flowTrans were downloaded from Bio-
conductor open-source software for bioinformatics and
were instrumental in performing storage, handling, gat-
ing, and transformation of the mass cytometry data.

2.7. Preprocessing: Mass cytometry normalization

Median calibration bead expression was computed
for each set of data collected by CyTOF. The variance

among the calibration bead expression was found to be
insignificant, so no normalization based on calibration
beads was performed.

2.8. Data transformation for improved gating

To better identify distributions in the data collected
from mass cytometry, hyperbolic arcsin transform was
performed on the data. flowTrans was used to optimize
the parameters @ and b in the formula a sinh(data x b +
a) to achieve more distinct separations that help with
automated gating [21].

2.9. Gating strategy to identify immune cells

Several layers of gating are required to attain useable
data by removing doublets and dead cells so their ex-
pression does not influence later determination of cell
types [22]. Approach is summarized in Supplementary
Fig. 1:

1. Determine intact cells by gating cells with high

DNA 191Ir and low signal in an empty channel
(in this case 140Ce) Calibration beads should be
visible in empty channels only — data with high
DNA 191Ir and high bead signal should not be
used.

2. DNA 191Ir and 193Ir should be strongly corre-
lated — upper right is left off because those are
likely cell doublets; this will not remove them all,
but limits them.

3. Cells with lots of metal (and doublets) show
higher event length, so filter those out; cell size
may correlate with event length, but it is not
causative.

4. High Rh indicates cell was dead before the test so
it should not be used; CD45 marks immune cells.

2.10. Gating for immune cells

Gating was automated by specifying minimum and
maximum thresholds for trough detection. This sepa-
rated little to no expression from high expression of a
given marker. Examples are shown in Supplementary
Fig. 2 for 1D and 2D gating. In initial analysis, B-cell
markers commonly good predictive features, so B-cells
were chosen as the predominant cell investigated. Fol-
lowing initial gating to isolate immune cells, rest of the
gating was performed as specified by Supplementary
Table 4 on hyperbolic arcsin transformed data.

2.11. Forming input variables

Gating was automated by specifying minimum and
maximum thresholds for trough detection. This sepa-
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rated little to no expression from high expression of a
given marker. Examples are shown in Supplementary
Fig. 2 for 1D and 2D gating. In initial analysis, B-cell
markers commonly good predictive features, so B-cells
were chosen as the predominant cell investigated. Fol-
lowing initial gating to isolate immune cells, rest of the
gating was performed as specified by Supplementary
Table 4 on hyperbolic arcsin transformed data.

2.12. Model type and parameters

The models chosen for analysis include Multilayer
Perceptron (MLP), Elastic Net (EN), Random Forest
(RF), and Partial Least Squares Discriminant Analysis
(PLSDA). These models represent machine learning
algorithms that have been successfully applied to two-
class outcome prediction problems. Logistic regression
models were made using one feature at a time. Each
type of model has parameters built into its architecture
that can be varied as part of the optimization process.
Every parameter setting was chosen via experimenta-
tion using a range of values. Models were trained using
the caret R package [23]. Some settings and reporting
measures were adjusted for incompatibility with model

types.

2.13. Model validation

0.632 Bootstrapping was chosen as validation me-
thod. It involves many iterations of sampling the data
with replacement to create a large group of sets. Each it-
eration has data that was not selected, and these samples
are known as out-of-bag samples used for validation.
Set of samples from each iteration is used to train the
models and validate the results. Number of sampling
iterations used for the validation was determined by
experimentation. When model coefficients stabilized,
the lower limit on iterations was found. Ten thousand
iterations were found to be sufficient for each dataset.
Some of these iterations were discarded when out-of-
bag samples did not have at least one sample from each
of the two outcome variables.

2.14. Assessing model performance

Performance metrics including AUROC (area under
the receiver operating characteristic (ROC) curve), sen-
sitivity, sensitivity, balanced accuracy, and kappa were
recorded for every trained model, while AUROC was
used as metric for validation. Pracma R package func-
tion frapz was used to compute AUROC trapezoidal

estimate. The trainControl function of caret, which sets
up many parameters for the train function, has a pa-
rameter called selectionFunction. It was set to “oneSE”
so that the selected model after training was with the
AUROC within one squared error of the best. This was
done to avoid model overfitting.

2.15. Feature importance

The varImp function from caret R package was used
to determine which variables were most important in
making the prediction for each model. With a large set
of features, each model could select a different set and
still have great performance. To add another metric for
identifying important variables, Spearman’s rho statistic
was used to determine rank-based association. Features
that have low p-value for Spearman’s rho, are selected
by multiple models, and have high variable importance
from the varlmp function were marked as key features.

The varlmp function from caret R package was used
to determine which variables were most important in
making the prediction for each model. PLSDA weights
are a function of the reduction of the sums of squares
across the number of PLS component. Elastic Net vari-
able importance is the absolute value of the coefficients
of the tuned model. For Random Forest varlmp calcu-
lates the mean of the (scaled) class-specific decreases
in accuracy and reports it for each of the classes. MLP
and other models that do not have a predefined method
use a filtering approach where an ROC curve analysis
is conducted on each feature [23].

2.16. Feature selection

Regularized Random Forest (RRF) and Partial Least
Squares (PLS) methods were used for feature selec-
tion with the RF and MLP models. The models were
made with an increasing number of top variables until a
peak model performance was found. The other models
did not require feature selection because it is intrinsic
to them. Accordingly, the six models used for predic-
tive analysis were: RF, RRF-RF, RRF-MLP, PLSDA,
PLS-MLP, and EN, where models with two names (e.g.,
RRF-RF) denote first the feature selection method hy-
phenated with the predictive model. Corresponding op-
timal model parameters are in Supplementary Table 5.

3. Results
Patient characteristics are summarized in Table 1. A

flow diagram of study workflow is in Fig. 1, describing
the training of the models and their validation.
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Table 1
Patient characteristics

Patient# Sex Age NSCLC subtype Stage T N M Therapy Treatment Naive
1 M 62  Adenocarcinoma-Bronchioloalveolar Carcinoma 1 b 0 —  Pembrolizumab Y
2 F 53 Adenocarcinoma — NOS 4 3 2 1b  Pembrolizumab Y
3 F 73 Squamous cell carcimoma 3 4 3 0 Atezolizumab N
4 F 78 Adenocarcinoma — NOS 4 2 2 la Pembrolizumab N
5 F 56 Adenocarcinoma — NOS 4 3 2 la  Pembrolizumab Y
6 F 72 Adenocarcinoma — NOS 4 1 2 1b Atezolizumab N
7 F 56 Adenocarcinoma — NOS 4 - - 1b Atezolizumab N
8 M 95 Adenocarcinoma — NOS 4 4 0 1 Pembrolizumab Y
9 F 37 Adenocarcinoma — NOS 1 2a 0 0 Nivolumab N
10 M 69 Squamous cell carcimoma 4 2a. 0 la Pembrolizumab N
11 F 63 Adenocarcinoma — NOS 4 b 0 la  Pembrolizumab Y
12 F 71 Adenocarcinoma — NOS 3a 3 1 - Durvalumab Unknown
13 F 78 Adenocarcinoma — NOS 4 la 3 1 Pembrolizumab Unknown
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Fig. 1. Study Workflow. (A) Study profile. Of 13 patients eligible for the study and placed on anti-PD-1 therapy, 9 patients had regressed or
stable disease, and 4 had disease progression at a twelve-week follow-up. 3 non-responders were on Pembrolizumab and 1 was on atezolizumab.
(B) Maxpar Direct Immune Profiling Kit for mass cytometry was used to determine cell expression and lineage markers. Variable importance
was used to select feature subsets before training PLS-DA, RF and MLP models. (C) Visual example of model training and validation. For
bootstrapping validation, n randomly selected samples are drawn with replacement from a population with n samples. Samples that are drawn are
known as in-bag samples and are used as the training data for the models. Any unselected data is known as out-of-bag and is used for model
validation. This process is repeated k iterations. Results of each model are the averages of the validations across all iterations. Colour figure online.
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The following four patient comparisons were evalu-

(D) Responders vs Non-Responders at 12 weeks. Each classification shows AUROC for highest performing model and variable importance graph
ated between data collected at an initial visit (baseline),

Fig. 2. Classification model results: (A) Healthy; (B) Baseline Responders vs Non-Responders at baseline; (C) Healthy vs 12-week Responders;
ranking. Darker bars indicate subset of features needed for the best model to perform as shown in ROC plots. Colour figure online.

after 12-weeks of immunotherapy, and from healthy

(control) samples: healthy vs patients at baseline, Re-
sponders vs Non-Responders at baseline, Healthy vs 12-
week Responders, and Responders vs Non-Responders
at 12-weeks. The algorithms Random Forest (RF), Par-
tial Least Squares Discriminant Analysis (PLS-DA),
Multi-Layer Perceptron (MLP), and Elastic Net (EN)
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Model outcome summaries. Features used to build the best performing models are indicated in the selected features column

Comparison Best model

Selected features

Healthy vs baseline PLS-DA

IgD on CD20+ CD27+ B-cells

IL-7Ra on CD20+ CD27+ B-cells
IL-7Ra on CD20+ CD38+ B-cells

Responders vs non-responders at baseline RRF-RF

Abundance of CD20+ CD27+ B-cells

Abundance of Natural Killer (NK) Cells

Abundance of CD4+ T-cells

CD123 on CD20+ CD27+4 B-cells/CD45RA on CD8+ T-cells

CD27 on CD20+ CD27+ B-cells/IL-7Ra on CD20+ CD38+ B-cells
CD38 on CD20+ CD27+4 B-cells/IgD on CD20+ CD27+ B-cells
CD45RA on CD8+ T-cells/IgD on CD20+ CD27+ B-cells

CXCRS on CD20+ CD38+ B-cells/IgD on CD204- CD27+ B-cells
IgD on CD20+ CD27+ B-cells/IgD on CD20+ CD38+ B-cells

IgD on CD20+ CD27+ B-cells/IL-7Ra on CD20+ CD38+ B-cells

Healthy vs 12-week responders PLS-DA

CXCRS on CD20+ CD27+ B-cells

CD27 on CD20+ CD38+ B-cells

Responders vs non-responders at 12-weeks RRF-RF

CD123 on CD20+ CD27+4 B-cells/CD123 on CD20+ CD38+ B-cells

CD123 on CD20+ CD27+4 B-cells/CD38 on CD204- CD274 B-cells

Responders vs. Non-Responders at 12 weeks with RRF-
RF (AUC = 0.867 (0.866—0.868) 95% CI). Supple-
mentary Fig. 3 summarizes the performance measures
(AUC, balanced accuracy, and kappa) as a function of
features retained for each classification for the super-
vised learning methods (PLS-DA, RRF-RF, RRF-MLP,
PLS-MLP). ROC curves for all models evaluated are in
Supplementary Fig. 4. Figure 2 further shows highest
ranking features for the best performing models, while
Fig. 3 shows features with a significant effect of group
in terms of relative abundance (Wilcoxon rank-sum test,
p < 0.05). Ranking of features for all evaluated mod-
els based on variable importance is in Supplementary
Table 6 through Supplementary Table 21.

For Healthy vs Baseline comparison (Figs 2A and
3A), PLS-DA was the best performing model, and
it only needed the three features of IgD on B-cells
that are CD20+ CD27+, IL-7Ra on B-cells that
are CD20+ CD27+, and IL-7Ra on B-cells that are
CD20+ CD38+4 to make accurate predictions. These
features were statistically significant when comparing
their correlations to the outcome.

Comparison of Responders vs Non-Responders at
baseline (Figs 2B and 3B) evaluated all samples be-
fore immunotherapy. RRF-RF was the best perform-
ing model with 10 features selected as important. Five
of these were significant with Wilcoxon rank-sum test
in addition to being selected by variable importance:
amount of CD20+4 CD27+ B-cells, Natural Killer cells,
CD4+ T-cells, CD123 on B-cells that are CD20-+
CD27+/CD45RA expression on CD8+ T-cells, and
IgD on B-cells that are CD20+ CD274-/IgD on B-cells
that are CD20+ CD38+.

Healthy subjects and 12-week Responders were best
predicted by the PLS-DA model (Figs 2C and 3C),
with only two features: CXCRS5 on B-cells that are
CD20+ CD27+ and CD27 on B-cells that are CD20+
CD38+. Lastly, comparison of Responders vs Non-
Responders at 12-weeks required only two features
with RRF-RF (Figs 2D and 3D): CD123 expression on
CD20+ CD27+4 B-cells/CD123 expression on CD20-+
CD38+ B-cells and CD123 on CD20+ CD27+ B-
cells/CD38 on CD20+ CD27+ B-cells were the only
important features selected by the model. The most
important features selected by various models between
group comparisons are summarized in Table 2.

4. Discussion

This proof-of-concept study applied a variety of ma-
chine learning approaches and feature selection meth-
ods to predict response of NSCLC patients to any one
of nivolumab, pembrolizumab, atezolizumab, and dur-
valumab immunotherapies based on mass cytometry
data of blood-borne immune cell lineage and surface
markers. Four different patient comparisons were evalu-
ated: healthy vs baseline, responders vs non-responders
at baseline, healthy vs 12-week responders, and re-
sponders vs non-responders at 12-weeks. Homogeniz-
ing the groups based on the immunotherapy is another
route for analysis that could provide essential informa-
tion to better understand how each treatment affects
the immune system differently, but there were insuf-
ficient samples to perform that analysis in this study.
Some research has been done comparing each of the
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Fig. 3. Relative abundance of key features for each comparison. Each box represents 15' and 3" quartiles. Bands within represent the median
and x is the mean. Ends of whiskers are maximum and minimum, with points outside being outliers. P-values found by Wilcoxon rank-sum test
(*p < 0.05). (A) Healthy (Blue) vs. Patient (Red) at baseline; (B) Responder (Blue) vs. Non-Responder at baseline (Red); (C) Healthy (Blue) vs.
12-week Responder (Red); (D) Responder (Blue) vs. Non-Responder (Red) at 12 weeks. Colour figure online.

PD-1/PD-L1 inhibitors, and in many ways, there is no
significant difference in NSCLC progression between
nivolumab, pembrolizumab, atezolizumab, and durval-
umab [24,25]. One difference that was noted is that
durvalumab had a better overall response rate than ate-
zolizumab [24]. The 95% confidence interval on the

hazard ratio, however, nearly expanded to 1 by reaching
0.98, so further investigation may be warranted. The
differences in the side effect profiles of each treatment
certainly prove that they affect the immune system dif-
ferently, but since the cancers do not progress differ-
ently, we suspect these features of the immune system
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were insignificant to the model predictions. For this rea-
son and because they all affect the same receptor/ligand
combination, the four immunotherapies were consid-
ered interchangeable in this analysis. The study adhered
to CHARMS checklist [26] to ensure the integrity of
the prediction models. Although the number of samples
was small, the number of features obtained through the
study methodology was sufficient to accurately differ-
entiate between the samples without overfitting to the
data. A traditional method of validation, k-fold cross-
validation, was unable to be used because its limitations
with small sample sizes. Bootstrapping validation, as
used in this study does not have the same restrictions,
and with high enough iterations, simulates outcomes
comparable to k-fold cross-validation. More samples
would be needed for an additional layer of external
validation.

Regularized Random Forest feature selection fol-
lowed by a Random Forest model (RRF-RF) and par-
tial least squares discriminant analysis (PLSDA) had
the highest AUC (> 0.99) when predicting whether a
sample was from a NSCLC patient or a healthy control.
They also had AUC > 0.85 when separating cancer
patients from each other based on who responded to
treatment. Further, this study implemented proportions
of expressions of immune cell markers as features and
found that some of these proportions provided for sta-
tistically significant separation between groups. Inter-
estingly, several proportion features were found to be
in the top ten predictor variables for each model. To our
knowledge, proportions of immune cell markers have
not been previously considered as a feature to predict
patient outcomes. Further exploration of these propor-
tions may elucidate interactions between immune and
cancer cells in the immunotherapy response of NSCLC.

The cell types chosen for evaluation this study (Sup-
plementary Table 4) represent fundamental cells that
make up the innate and adaptive immune systems. The
role of cytotoxic CD8+ T-cells in the adaptive immune
response against cancer has been extensively studied,
and advances have been done to modify these cells to
better target specific cancers [27]. Interestingly, many of
the features used to build the best performing models in
this study were related to CD20+- B-cells, suggesting a
fundamental role for these cells in the response to mon-
oclonal antibody therapy. These results are consistent
with recent findings highlighting the potential function
of these cells in lung cancer immunobiology [28,29].
CD20+ B-cells include most types of B-cells except for
normal plasma B-cells. Proliferation of CD20+ B-cells
serves many purposes in the adaptive immune response

such as antigen presentation and eventually antibody
creation. Recently, CD20+ B-cells were found to help
predict prognosis in colorectal cancer [30]. In contrast,
features based on antigen presenting cells (APCs) such
as dendritic cells, monocytes, and macrophages did not
become part of the best performing models. Antigen
presenting cells help transport foreign antigens to sec-
ondary lymphoid centers and trigger T-cells to initi-
ate the adaptive response. Like cytotoxic T-cells, some
studies have focused on modifying these cells as part
of cancer immunotherapy [31].

Higher IL-7Ra expressions on CD27+ and CD38+
B-cells were important features that separated healthy
from patients at baseline (Fig. 3A). IL-7 is a key ele-
ment in B cell development, including specification and
commitment of lymphoid stem cells to the B lineage,
survival and proliferation of B cell progenitors, and
maturation during the pro-B to pre-B transition [32].
Binding of IL-7R by IL-7 has been shown to increase
IL-6 secretion [33], which promotes antibody produc-
tion by B cells [34]. Our study examined IL-7R on
some B-cell populations and found expression was di-
minished in NSCLC in comparison to healthy samples.
Less IL-7R expression suggests that these B-cells are
less able to proliferate [35]. and to mount a humoral
defense against the cancer.

One of the highest ranked features in the Baseline
Responders vs Baseline Non-Responders comparison
was the abundance of NK cells (Fig. 3B). Patients who
saw improvement with immunotherapy had more NK
cells than those who had cancer progression. It is known
that the NSCLC tumor microenvironment suppresses
NK cell function [36]. Higher abundance of NK cells
prior to treatment suggests that immune cell function
may be less altered by the tumor and thus immunother-
apy is able to trigger an effective response. Another
highly ranked feature in this patient comparison was
the abundance of CD4+- T cells, which was also higher
in Baseline Responders. The multifaceted role of these
cells in the anti-cancer immune response was recently
reviewed [37], highlighting their potential in the ratio-
nal design of immunotherapies. Further evaluation of
the surface and lineage expression markers on this cell
type could help target CD4+ T-cells to improve patient
outcomes.

Several proportions of surface markers between im-
mune cells were found to be significantly higher in Re-
sponders than in Non-Responders at baseline (Fig. 3B),
including CD123 on CD20+ CD27+ B-cells/CD45RA
on CD8+ T-cells and IgD on CD20+ CD27+ B-
cells/IgD on CD20+ CD38+ B-cells. Other propor-
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tions that were essential for prediction include CD27 on
CD20+ CD27+ B-cells/IL-7Ra on CD20+ CD38+ B-
cells, CD38 on CD20+ CD27+ B-cells/IgD on CD20+
CD27+ B-cells, CD45RA on CD8+ T-cells/IgD on
CD20+ CD27+ B-cells, CXCRS on CD20+ CD38+
B-cells/IgD on CD20+ CD27+4 B-cells, IgD on CD20+
CD27+ B-cells/IL-7Ra. on CD20+ CD38+ B-cells.
Achieving an immunological understanding of the
mechanisms underlying these interactions requires fur-
ther investigation.

CXCRS5 on CD20+ CD27+4 B-cells was found to be
higher in healthy patients in comparison to 12-week
Responders (Fig. 3C). CXCRS is a chemoattractant
that guides B-cells to secondary lymphoid organs [38].
It was previously reported that CXCRS expression in
NSCLC patients was often elevated, and the cancer ex-
presses the ligand for its receptor [39]. Since patients in
this study had low expression of CXCRS after respond-
ing to treatment, it is possible that Pembrolizumab in-
fluences this interaction between B-cells and NSCLC.
CD27 on CD20+ CD38+ B-cells was also found to
be higher in healthy compared to 12-week Responders
(Fig. 3C). CD27 is involved in the co-stimulation of B
and T-cells, which is why it has been recently inves-
tigated as a potential immunotherapy target for can-
cers [40]. Varlilumab is a CD27 agonist and has been
studied for the treatment of many solid tumors in com-
bination to PD-1 targeted therapies. Evidence was pre-
viously provided for this treatment while concluding
that further trials may be needed [40]. Further investiga-
tion of CD27 signaling could provide more information
about the mechanisms underlying an immune response
to NSCLC.

The proportion of CD123 on CD20+ CD27+ B-
cells to CD123 on CD20+ CD38+ B-cells and CD123
on CD20+ CD27+ B-cells to CD38 on CD20+
CD27+ B-cells was higher in Responders than in Non-
Responders at 12 weeks (Fig. 3D). CD123 is the IL3
receptor, and it is known to be upregulated in prolifer-
ating B-cells and induce inflammatory cytokine secre-
tion [41]. It has been studied for its role in dendritic cell
response to NSCLC [42], but its expression on B-cells
has not. Studies have also shown that CD123 expression
on B-cells is related to certain subtypes of leukemias
and lymphomas.[43, 44], but further investigation is
now warranted for its role in B-cell response to NSCLC.

Combinations of immunotherapy with radiotherapy
have been studied, but it remains unclear which pa-
tients would benefit from combination treatment [45].
Chemotherapy options have been compared to antibody
treatments for determination of which would be a more

successful first line treatment. Docetaxel has been stud-
ied as an alternative to Pembrolizumab in NSCLC, and
it was concluded that Pembrolizumab offered overall
longer survival [46]. Although combination therapies
have become standard of care, this study focused on pa-
tients on monoclonal antibody monotherapies to isolate
relevant features for analysis.

The features highlighted in this study should be in-
vestigated further to assess their involvement in NSCLC
immunotherapy response and prediction of patient out-
comes. Variables other than immune cell lineage and
surface markers may also contribute to these outcomes.
Of note, some features found in this study may have
no clinical significance, and their importance to pre-
diction might be accredited to random chance based
on the small sample size or to unknown mechanisms
of interaction in the immune response. Limitations of
this study include the small number of samples and the
existence of potential confounding factors such as age,
ethnicity, and type of immunotherapy. These limitations
could cause the models to have poor generalization to
patient populations with dissimilar characteristics, and
because of this, the models should be validated with ad-
ditional data sets. This validation would strengthen the
argument for use of monoclonal antibody monotherapy
on NSCLC patients based on particular immune profile
characteristics.
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