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Features of tumor-microenvironment images predict
targeted therapy survival benefit in patients with

EGFR-mutant lung cancer
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Tyrosine kinase inhibitors (TKIs) targeting epidermal growth factor receptor (EGFR) are effective for many patients with lung
cancer with EGFR mutations. However, not all patients are responsive to EGFR TKls, including even those harboring EGFR-
sensitizing mutations. In this study, we quantified the cells and cellular interaction features of the tumor microenvironment
(TME) using routine H&E-stained biopsy sections. These TME features were used to develop a prediction model for survival
benefit from EGFR TKI therapy in patients with lung adenocarcinoma and EGFR-sensitizing mutations in the Lung Cancer
Mutation Consortium 1 (LCMC1) and validated in an independent LCMC2 cohort. In the validation data set, EGFR TKI treatment
prolonged survival in the predicted-to-benefit group but not in the predicted-not-to-benefit group. Among patients treated
with EGFR TKlIs, the predicted-to-benefit group had prolonged survival outcomes compared with the predicted not-to-benefit
group. The EGFR TKI survival benefit positively correlated with tumor-tumor interaction image features and negatively
correlated with tumor-stroma interaction. Moreover, the tumor-stroma interaction was associated with higher activation of
the hepatocyte growth factor/MET-mediated PI3K/AKT signaling pathway and epithelial-mesenchymal transition process,
supporting the hypothesis of fibroblast-involved resistance to EGFR TKI treatment.

Introduction

Tyrosine kinase inhibitors (TKIs) of the epidermal growth fac-
tor receptor (EGFR) have shown survival improvements in the
treatment of patients with EGFR-mutant lung cancer as first
line therapy. Erlotinib, an EGFR TKI, was also the first global-
ly approved targeted therapy for locally advanced or metastat-
ic non-small cell lung cancer (NSCLC) (1, 2). Response rates
for EGFR TKI therapy range from 60%-80% in patients with
NSCLC carrying sensitizing EGFR mutations (3-5). This leaves a
substantial portion of unresponsive cancers, making it clinically
important to prospectively identify predictors of response and
resistance to EGFR TKIs.

As aroutine clinical procedure, H&E-stained pathology tissue
slides provide detailed tumor morphological characterization at
high resolution. Multiple studies have explored the relationship
between clinically defined pathological subtypes and targeted
therapy response. Kim et al. reported the dominant papillary sub-
type as predictive for EGFR TKI sensitivity in patients with lung
adenocarcinoma (LUAD) (6); Miller et al. reported the bronchi-
oloalveolar pathologic subtype — which may represent several
different growth patterns today — as associated with EGFR TKI
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Figure 1. Flowchart of developing and validating computational staining-based model to predict EGFR TKI survival benefit. HD-staining is a previously
described image analysis pipeline (11). CoxPH, Cox proportional hazards; LCMC, Lung Cancer Mutation Consortium; TCGA, The Cancer Genome Atlas.

efficacy in patients with NSCLC (7); and Yatabe et al. observed
the overlapping characteristics between the bronchioloalveolar
subtype and terminal-respiratory-unit type LUAD, for which the
EGFR mutation is specific (8). However, there is a lack of objective
quantification, independent validation, and biological character-
ization of histopathological features and their predictive value in
the context of response to EGFR TKI. With the development of
whole-slide image scanning techniques and deep-learning based
image analysis methods, (9) computational analysis of pathology
images has tremendous potential to assist pathologists with cancer
diagnosis and prognosis (10). Therefore, there is a need to inves-
tigate the potential use of sophisticated pathology image analysis
approaches to predict response to EGFR TKIs.

In this study, we first applied a published deep-learning based
analysis algorithm, histology-based digital-staining (HD-staining)
method (11), to classify cell types in standard H&E-stained pathol-
ogy images. Then, we characterized and quantified the tumor
microenvironment (TME) based on cell-type densities and cellu-
lar interactions, which are attributes associated with survival and
genomic features of patients with LUAD (11). Next, the extract-
ed image features were used to develop and validate a predic-
tion model for survival benefit from EGFR TKIs in patients with
EGFR-mutant LUAD using 2 independent clinical trial cohorts.
Gene expression analysis was used in a third independent cohort
to examine potential molecular mechanisms of resistance sug-
gested by the risk prediction model.

Results

TME image features predict EGFR TKI survival benefit. A training
set of pretreatment H&E-stained pathology images was derived
from 168 patients with sensitizing EGFR mutations enrolled in the
multi-institutional Lung Cancer Mutation Consortium 1 (LCMC1)
(12). Corresponding clinical data for 150 patients with EGFR-mu-

tant metastatic LUAD who received EGFR TKI treatment were
also collected. The TME was characterized using 12 image features
representing densities of different cell types and their established
interactions with tumor cells via a previously described patholo-
gy image analysis pipeline (11) (Figure 1). Image features included
tumor nuclei density, stroma nuclei density, lymphocyte density,
red blood cell density, macrophage density, karyorrhexis density,
tumor-tumor interaction, tumor-stroma interaction, tumor-lym-
phocyte interaction, tumor-red blood cell interaction, tumor-mac-
rophage interaction, and tumor-karyorrhexis interaction, where
the interaction between tumor and a specific cell type was defined
as the proportion of the cell type in all cells surrounding tumor
cells (Supplemental Table 1; supplemental material available
online with this article; https://doi.org/10.1172/JCI160330DS1).
A penalized Cox proportional hazards prediction model (13) was
used to select image features associated with overall survival (OS)
of patients with EGFR-mutant LUAD who received EGFR TKI
treatment from the LCMC1 training set. Of the 12 image features,
2 showed tumor-tumor interaction and tumor-stroma interaction
correlated with survival benefit from TKI therapy in the LCMC1
training set and were selected by the model (Supplemental Table
1 and Supplemental Figure 1). Tumor-tumor interaction correlat-
ed with prolonged OS following EGFR TKI therapy (lower risk
score; per 10%, HR = 0.73, 95% CI 0.58-0.90, P = 0.004), while
tumor-stroma interaction negatively correlated with OS (higher
risk score; per 10%, HR = 1.53,95% CI 1.11-2.10, P= 0.009).
Validation of the EGFR TKI survival benefit prediction model.
The prediction model was then validated using an independent
data set from the LCMC2 cohort including 122 patients with
EGFR-mutant metastatic LUAD, comprising both sensitizing
and other EGFR mutation types; 88 were treated with EGFR TKI,
and 34 did not receive an EGFR TKI treatment. The same penal-
ized Cox prediction model developed from the LCMC1 training
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Figure 2. Validation of image feature-based EGFR TKI survival benefit
prediction model. All patients carried sensitizing EGFR mutations. Sur-
vival curves of predicted-to-benefit and predicted-not-to-benefit groups
in the EGFR TKI treated LCMC2 validation data set were plotted using the
Kaplan-Meier method with the log-rank test.

cohort was applied to the LCMC2 cohort to calculate risk scores
for each patient — a higher risk score indicated nonbenefit from
TKI treatment. Then, patients in the LCMC2 cohort were divided
into 2 groups using a median split of risk scores, EGFR TKI pre-
dicted-to-benefit or predicted-not-to-benefit groups. Among the
87 patients who received EGFR TKI therapy and had available OS,
the 42 patients in the predicted-to-benefit group showed signifi-
cantly better OS than the 45 patients in the predicted-not-to-ben-
efit group (Figure 2, P = 0.024).
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To further investigate predictive performance, the Cox pre-
diction model was applied to 118 patients with both EGFR muta-
tions and available OS in the LCMC2 cohort. Among the predict-
ed-to-benefit group, 16 patients who did not receive EGFR TKI
therapy showed significantly worse OS than the 42 patients who
received EGFR TKI therapy (Figure 3A, P< 0.001; HR = 9.05,95%
CI 2.57-31.93). In contrast, EGFR TKI treatment did not affect
OS within the predicted-not-to-benefit group (Figure 3B, n = 60
[45 received EGFR TKI therapy and 15 did not], P = 0.70; HR =
1.26, 95% CI 0.44-3.57). Furthermore, after adjusting for poten-
tial clinical confounders, including age, sex, smoking status, and
surgery, the interaction between EGFR TKI therapy and predict-
ed group was still significant (Table 1, P = 0.046). The predictive
value of the risk prediction models was still observed in patients
with EGFR-sensitizing mutations by further stratifying patient
groups according to EGFR mutation type (Supplemental Figure
2; did-not-receive versus received EGFR TKI therapy among the
predicted-to-benefit group with sensitizing-EGFR (sEGFR) muta-
tions, P < 0.001, HR =18.33, 95% CI 3.30-101.73; among predict-
ed-not-to-benefit group with sEGFR mutations, P = 0.80, HR =
1.19,95% CI 0.26-5.40).

Consistent with the coefficients from the prediction model
(Supplemental Table 1 and Supplemental Figure 1), pathologi-
cal images show that there were more proliferative tumor cells
(tumor-tumor interactions) from patients in the predicted-to-ben-
efit group (Figure 4A), while there were more tumor-stroma inter-
actions in the predicted-not-to-benefit group (Figure 4B). More-
over, the association between predicted group and LUAD subtypes
annotated by pathologists shows significant correlation between
lack of survival benefits from EGFR TKI therapy and solid subtype
(Supplemental Table 2, P < 0.001 in both the training set from the
LCMC1 cohort and validation set from the LCMC2 cohort). The
observation is also consistent with a recent report of correlation
between high-grade patterns and EGFR TKI resistance in patients
with relapsed lung cancer (14). The image features extracted from
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Figure 3. Predictive value of image feature-based EGFR TKI survival benefit prediction model. Kaplan-Meier (KM) plots of patients with tumors harbor-
ing EGFR mutations in the predicted-to-benefit group (A) or predicted-not-to-benefit group (B) to EGFR TKI treatment in the LCMC2 data set. P values

were estimated with the log-rank test.
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Table 1. Multivariate Cox analysis of interaction between predicted
groups and EGFR TKI therapy adjusted by potential confounders
in the LCMC2 validation data set

HR (35% C1) Pvalue
0.75 (0.24-149) 0.60
217(0.73-8.57) 0.20
022(0.05-096)  0.046
1.00 (0.96-1.03) 0.82
0.36 (0.09-2.74) 0.22
0.25 (0.06-1.75) 0.0
0.95 (0.46-2.07) 0.89
0.61(0.26-135) 0.24

Feature

EGFRTKI therapy (with versus without)
Predicted-to-benefit versus predicted-not-to benefit groups
Interaction between EGFR TKI therapy and predicted groups
Age (year)

Smoking (former versus current at diagnosis)

Smoking (never versus current)

Sex (male versus female)

Surgery (with versus without)

digital pathology image analysis have captured more information
than LUAD subtypes annotated by pathologists. To connect the
predictive image features with additional prior pathology knowl-
edge, closer inspection of images together with predictive features
and outcomes (Supplemental Table 3) found that predictive image
features are related to the tumor/stroma ratios (TSR), which has
been shown to correlate with poor outcomes in solid tumors (15).
We then calculated TSR by calculating the number of tumor cells
divided by the number of stroma cells within the tumor region of
interest for each individual slide. Additional analysis shows that
TSR correlated with the risk scores and the predicted groups for
EGFR TKI therapy calculated by predictive image features (P <
0.001, Supplemental Figure 3, A and B). However, TSR is not sig-
nificantly associated with survival outcome in the multivariate
analysis (Supplemental Figure 3C).

Pathological image features correlate with biological pathway activa-
tion. To investigate whether molecular mechanisms underlie the pre-
dictive value of image-based features for EGFR TKI therapy survival
benefit, association analysis between image features and mRNA
expression was performed for patients with LUAD (n = 53) harbor-
ing EGFR mutations in The Cancer Genome Atlas (TCGA) data set.
Baseline pathological images and genome-wide transcriptome data
were available for these 53 patients. Analyses were focused on iden-
tifying which biological pathway activations were associated with
image features that were shown to correlate with survival benefit
from EGFR TKI therapy, specifically, tumor-tumor and tumor-stro-
ma interactions. Gene set enrichment analysis (GSEA) in the Reac-
tome database identified multiple biological pathways whose mRNA
expression profiles correlated with tumor-tumor interaction (Figure
5A; similar findings for KEGG and GO analysis in Supplemental
Figure 4). The results showed that transcriptional activation of the
cell cycle pathway positively correlated with increased tumor-tu-
mor interactions and, by extension, improved survival benefit from
EGFR TKI treatment. This correlation confirmed that the increased
tumor-tumor interaction, as defined by image features, reflected
increased tumor-cell proliferation based on molecular analysis.
Interestingly, the activation of transcription regulation pathway
by TP53 was also positively associated with tumor-tumor interac-
tion. Therefore, the tumor-tumor interaction could indicate activa-
tion of TP53, a tumor suppressor whose mutation or inactivation is

The Journal of Clinical Investigation

linked to decreased responsiveness to EGFR TKI (16). Our results of
increased tumor-tumor interaction in the predicted-to-benefit group
also supported the potential mechanism that proper TP53 function
is required for EGFR TKI responsiveness. In summary, the GSEA
results suggested image-derived tumor-tumor interaction as a bio-
marker for EGFR TKI responsiveness.

In contrast, transcriptional activation of extracellular organi-
zation, the PD-1 signaling pathway, and the PI3K/AKT signaling
in cancer pathway positively correlated with increased tumor-stro-
ma interactions and, by extension, EGFR TKI resistance (Figure
5B and Supplemental Figure 4). The enrichment in the extracellu-
lar organization pathway, attributed to stromal cells (17), confirms
stromal infiltration into the TME for patients resistant to EGFR
TKI treatment. Previous studies showed that activation of PD-1
signaling, indicative of immunosuppression, and the PI3K/AKT
pathway correlates with EGFR TKI resistance (18), consistent with
our observation of increased tumor-stroma interaction in the pre-
dicted-not-to benefit group.

Interestingly, EGFR signaling in cancer pathways was not
enriched with either tumor-tumor interaction or tumor-stroma
interaction, consistent with previous observations showing that
EGFR expression is not predictive of EGFR TKI response (19). As a
negative control, we randomly shuffled the patient IDs and repeated
the same EGFR analysis, and the enrichment of the aforementioned
pathways with either tumor-tumor interaction or tumor-stroma
interaction was no longer observed (Supplemental Figure 5).

Tumor-stroma interaction corrvelated with hepatocyte growth
factor-phosphatidylinositol-3, 4, 5-triphosphate activation. We
next examined the individual genes contributing to the relation-
ship between increased tumor-stroma interaction and EGFR TKI
resistance. First, we hypothesized that image-derived tumor-stro-
ma interaction could reflect molecular crosstalk between tumor
cells and fibroblasts. To explore this hypothesis, we investigated
the relationship between tumor-stroma interaction as quantified
by our model and the expression of the stromal markers ACTA2
— using a-smooth muscle actin (aSMA), a marker for activated
fibroblast — and PECAMI — using CD31, a marker for angiogene-
sis (20). Consistent with this hypothesis, increased tumor-stroma
interactions were associated with increased mRNA expression of
both ACTA2 and PECAMI (Figure 5C).

Next, we looked for genes upstream of the PI3K/AKT path-
way, which was associated with tumor-stroma interactions (Fig-
ure 5B) and could be activated through phosphatidylinositol (3, 4,
5)-triphosphate (PIP3) activation by hepatocyte growth factor-like
(HGF-like) and epidermal growth factor-like (EGF-like) ligands in
parallel. Specifically, we compared expression of genes involved
in HGF-mediated PIP3 activation (HGF and its receptor, MET)
with EGFR-mediated PIP3 activation (EGFR and ERBB3 (21), Sup-
plemental Figure 6); we also included GABI, GRB2, PIK3R1, and
PIK3CA that are involved in both pathways. Consistent with our
observation that tumor-stroma interactions reflected activation of
fibroblast cells and prior reports demonstrating that HGF secre-
tion is predominantly attributed to stromal cells (22), HGF tran-
scription was significantly correlated with tumor-stroma inter-
action (Figure 5C). In contrast, tumor-stroma interactions were
not correlated with expression levels of EGFR or EGBB3, which
are solely engaged in EGFR-mediated PIP3 activation (Figure
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;- tant to EGFR TKIs (23), and that ERBB3 activated the
PI3K/AKT pathway in EGFR TKI sensitive — rather
than resistant — NSCLC cell lines (21).

Tumor-stroma interaction and epithelial-mesen-
chymal transition. Fibroblasts are also associated

with epithelial-mesenchymal transition (EMT) (24),

a predictor and mechanism of EGFR TKI resistance
(25-28). Therefore, we further investigated the rela-
tionship between tumor-stroma interaction and
expression of genes involved in EMT. Tumor-stroma
interaction correlated with expression of classic mes-

enchymal markers, vimentin (VIM), TGFBI, FGFRI
(27), and ZEBI, a driver gene of the EMT process (29)
(Figure 5D). As a comparison, we observed no signif-
icant correlation between tumor-stroma interaction
and classic epithelial markers E-cadherin (CDHI),
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5C). DNA methylation analysis also showed significant negative
correlation between methylation of transcriptional start site and
tumor-stroma interaction, whereas the genes within the EGFR
pathway have a trend of positive correlation (Supplemental Fig-
ure 7). These data suggest that activation of the PI3K/AKT path-
way in EGFR TKI resistant tumors is more likely caused by HGF
secretion from fibroblasts as the level of tumor-stroma interac-
tion increased. Because EGFR TKI treatment could only suppress
EGFR-mediated PI3K/AKT activation rather than HGF-medi-
ated PI3K/AKT activation, increased HGF secretion may enable
tumors to escape the inhibitory effect of EGFR TKIs and lead to
drug resistance. These findings were consistent with previous cell
line studies indicating that coculturing with HGF-secreting fibro-

J Clin Invest. 2023;133(2):e16033

group (B) from o} yyas validated in an independent cohort, in which

the predicted-to-benefit group showed significantly

improved OS after EGFR TKI treatment, while the pre-

dicted-not-to-benefit group did not. Although several
studies have reported pathological subtypes of LUAD potentially
associated with EGFR TKI sensitivity (2), to our knowledge, this
is the first predictive model based on quantification of pathology
images. Furthermore, to understand the biological mechanisms of
EGFR TKI resistance, whether intrinsic (31) or acquired, (32) mul-
tiple studies have compared the genetic and proteomic difference
among patients, cell lines, or xenografts with different sensitivities
to EGFR TKIs. Providing an additional tool, our deep learning-aid-
ed quantification strategy enables unbiased analysis to associate
phenotypic tumor morphology with underlying biological mecha-
nisms. Since pathological evaluation is the standard of care for most
LUAD, our model is universally applicable and thus has the poten-
tial to inform treatment decisions as well as drug development.
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Figure 5. Correlation between EGFR TKI survival benefit-predictive image features and mRNA expression in tumors with EGFR mutation. (A and B)
Volcano plots of gene set enrichment analysis results correlating mRNA expression level with tumor-tumor interaction (A) and tumor-stroma interaction
(B). Colored open circles represent 15 reactome gene sets of interest. Filled circles depict mRNA expression levels. Black, nonsignificant; red, significant. (C
and D) Gene-expression heatmap depicting relationships between tumor-stroma interactions and mRNA expression of genes of interest based on GSEA
analysis. Patients with EGFR mutations in the TCGA data set were grouped and sorted according to tumor-stroma interaction, as each column depicts 1
patient group. (C) Markers for fibroblast cells (light blue in side bar), genes involved in HGF-induced PIP3 activation (light yellow), and genes involved in
EGFR-induced PIP3 activation (light green) were selected. (D) Classic EMT marker genes were selected. Side bar: yellow, mesenchymal markers; green,

epithelial markers. HGF, hepatocyte growth factor.

Although pathology evaluation is part of routine clinical
care, digital image analysis is not currently widespread in this
setting. In order to translate the proposed image signals into
clinical practice, in addition to our effort in facilitating pathol-
ogy-image analysis through a user-friendly web portal (https://
Ice.biohpc.swmed.edu/maskrcnn/), we also correlated the
image-derived signatures with well acknowledged LUAD sub-
types. The finding of correlation between predicted-not-to-ben-
efit group and high-grade subtypes is consistent with a recent
observation of prevalence of high-grade subtypes in patients
with cancers resistant to EGFR TKI (14).

Crosstalk between tumor cells and fibroblasts has been
investigated in vitro (22, 33) and in vivo (24) as a potential thera-
peutic target and source of EGFR TKI resistance. Our study sup-
ports these studies and clinical observations; crosstalk between
tumor and fibroblasts cell played role in EGFR TKI resistance.
The validity of using increased tumor-stroma interactions as
assessed on H&E slides to represent crosstalk between tumor

cells and fibroblasts was supported both genetically and phe-
notypically. Our findings suggest that under the inhibitory
effect of an EGFR TKI, HGF-mediated PIP3 activation may
bypass EGFR-mediated PIP3 activation, an observation further
supported by elevated HGF expression in tumors with higher
tumor-stroma interactions. HGF secretion is predominantly
attributed to stromal cells (22), but tumor-derived HGF has also
been reported in EGFR TKI-resistant tumor cells (28). While it is
unclear whether HGF activates MET in a paracrine or autocrine
way, elevated tumor-stroma interactions were associated with
unfavorable responses to EGFR TKI in clinical practice. Thus,
for patients with both sensitizing EGFR mutations and extensive
tumor-stroma interactions, additionally targeting HGF/MET
may restore the response to EGFR TKIs.

In addition, it is interesting to notice that the PD-1 signaling
pathway is activated in EGFR TKI-resistant tumors with increased
tumor-stroma interaction. This implies that this subgroup of
EGFR-mutant, TKI resistant patients with LUAD will likely
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respond to immunotherapy. Since immunotherapy alone is inef-
fective for EGFR-mutant patients with LUAD (34), it will be inter-
esting to further study the potential combination and relationship
between TKIs and immunotherapies for patients with activated
PD-1 signaling pathway.

Limitations. There are some limitations of this study. First,
our training and validation LCMC data sets only enrolled
patients with EGFR-mutant metastatic LUAD, and EGFR TKI
therapy was limited to patients with sensitizing EGFR muta-
tions. The sample size is relatively small, and mRNA expres-
sion data were not available for the LCMC1 or LCMC2 data
set, which prevented direct comparison between EGFR TKI
survival benefit and transcriptional activities. The cohorts for
survival benefitting prediction in the LCMC data sets and bio-
logical pathway analysis in the TCGA data set also have dif-
ferent characteristics such as tumor stage distributions. Thus,
validation of the proposed model in a larger clinical trial with
comprehensive pathological imaging and molecular profil-
ing data would be important. It would confirm the proposed
biological mechanism underlying EGFR-TKI resistance and
whether PI3K pathway activation predicts a lack of survival
benefit from EGFR TKI therapy. Second, due to the nature of
retrospective study, some information is not available for more
comprehensive evaluations. For example, when and how long
EGFR TKIs were administered, and the time of biopsy were
not available; therefore, we cannot study how the biopsy time
affects the results. Third, this research focuses on inter- rath-
er than intra-tumor heterogeneity and the image features were
calculated at the level of the slide and averaged into patient lev-
el when 2 or more slides were available for 1 patient. Although
the predicted-to-benefit group on the level of the slide mostly
agreed with the patient level (Supplemental Figure 8), it would
be of interest to study the intra-tumor heterogeneity and how it
affects the clinical outcome in future studies.

Conclusions. Our prediction model leverages existing routine
clinical pathology images to identify patients with EGFR-mu-
tant LUAD who are most and least likely to benefit from EGFR
TKI therapy. Further, patients likely to be nonbenefitting from
EGFR TKI therapy had increased tumor-stroma interactions and
showed evidence that the crosstalk between tumor cells and fibro-
blasts was a source of EGFR TKI resistance. Validation in patients
without sensitizing EGFR mutations and in larger data sets could
inform clinical trials and translate into better outcomes for the
overall patient population with LUAD.

Methods

Cohorts. A training cohort was derived from patients who enrolled
in the multi-institutional LCMC1 between 2009 and 2012 (12).
The training cohort included 168 patients with metastatic LUAD
with sensitizing EGFR mutations treated with EGFR TKI therapy
with available clinical and pathology imaging data. Patients whose
pathology images only contained blood (n = 12) or stroma (1 = 6)
tissue without tumor cells according to the HD-staining analysis
(11) were excluded from the analysis. In total, 177 H&E-stained
preEGFR TKI treatment pathology slides from 150 patients — of
whom 22 had 2 or more slides available — with EGFR-mutant
LUAD were used as the training data set to develop a penalized
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Cox model distinguishing benefitting and nonbenefitting from
EGFR TKI treatment. These patients received EGFR TKI treat-
ment, 95.3% were treated with erlotinib, and the corresponding
clinical information was available.

A validation cohort was derived from patients enrolled in the
multi-institutional LCMC2 between January 1, 2013 and December
1, 2015 (35). Among all patients enrolled in the LCMC2 study, 127
metastatic patients with LUAD had an EGFR mutation detected and
had both clinical information and pathology image data available.
As with the training cohort, patients whose pathology images only
contained blood (n = 3) or stroma (n = 2) tissue were excluded from
the analysis. In total, 131 H&E-stained pathology slides and the cor-
responding clinical information for 122 patients — of whom 7 had
2 or more slides available — with EGFR-mutant LUAD were used
as the independent validation data set. Of these, 88 patients car-
ried sensitizing EGFR mutations and were treated with EGFR TKI,
88.6% were treated with erlotinib, while the remaining 34 patients
did not receive an EGFR TKI treatment. Additionally, 16 patients
carried sensitizing EGFR mutations and 18 carried other EGFR
mutations. Although patients with sensitizing EGFR mutations typ-
ically receive targeted therapy, a variety of factors, including rapid
clinical decline after enrollment and loss of follow-up, may have
prevented therapeutic intervention. However, the reduced survival
of untreated patients was not clearly attributable to early death after
enrollment (35). Clinical characteristics of the LCMC1 and LCMC2
data sets were similar, though the LCMC2 cohort had a lower pro-
portion of women and enrolled patients who tended to have more
advanced-stage disease relative to the LCMCI1 cohort; however,
such differences were marginal or not statistically significant (Sup-
plemental Table 4). In both LCMC1 and LCMC2 cohorts, definitive
surgery was only done following initial diagnosis and never after the
diagnosis of metastatic disease.

An additional 431 40x H&E-stained pathology images for 372
patients with LUAD were acquired from TCGA LUAD data set (https://
wiki.cancerimagingarchive.net/display/Public/TCGA-LUAD). Cor-
responding mutation data and mRNA expression data were collected
from the NIH genomic data commons data portal (https://portal.gdc.
cancer.gov/projects/TCGA-LUAD). In the TCGA LUAD cohort, 53
patients with EGFR mutations were included in the genomic analysis
(Supplemental Table 4). The TCGA LUAD cohort was not used for val-
idation, but rather to investigate the relationship between image fea-
tures and genomics for biological understanding.

Characterizing the TME. We used the published HD-staining
(11) model, an instance segmentation, deep neural network that was
trained to analyze lung cancer pathology images to identify 6 dif-
ferent cell types: tumor cells, stromal cells, lymphocytes, red blood
cells, macrophages, and karyorrhexis from H&E-stained images. The
HD-staining model was applied to whole pathology slides under 40x
magnification (Supplemental Figure 9) and identified the cell type
and centroid location of each identified cell nuclei for the purpose
of characterizing cell-cell interactions. Pathology images from the
LCMC1 and LCMC2 data sets were a mixture of slides captured at
20x and 40x; the images captured at 20x were resized to 40x using a
fine-tuned super-resolution generative adversarial network (SR-GAN)
(36), after which the HD-staining model was applied. Image regions
with tumor nuclei density of at least 10 per 500 x 500 pixel image
were classified as tumors (Supplemental Figure 10). Up to one hun-
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dred 1,024 x 1,024 pixel-image patch (on average, 83.7 + 2.6 and 82.6
* 3.0 patches per slide for the LCMC1 and LCMC2 data sets, respec-
tively), with spatial resolution of 0.25 um per pixel, were randomly
selected from tumor regions of each slide. The cell density, defined
as the number of tumor cells detected per one hundred 1,024 x 1,024
pixel-image patch, of each cell type and interactions between tumor
cells and their neighbors were extracted for each image patch. Since
6 cell categories were identified by HD-staining in this study, the den-
sity of each type of cell was calculated (yielding 6 image features). To
quantify the interactions between tumor cells and their neighbors,
the cell organization in each image patch was characterized using a
Delaunay triangle graph, as previously described (30), which yielded
connections between spatially neighboring cells. Cellular interaction
between tumor and a specific cell type was defined as the fraction of
the cell type neighboring tumor cells among all tumor cell neighbors
and calculated using the equation:

# tumor — X connection

tumor — X interaction =

Vi all cell I # tumor — k connection

(Equation 1)

where X and k refer to 1 of the following cell types: tumor, stroma,
lymphocyte, red blood cell, macrophage, or karyorrhexis. For exam-
ple, the equation quantified tumor-stroma interaction as the ratio of
tumor cell-stroma cell connection numbers to the number of connec-
tions between tumor cells and all their neighbors; the tumor-stroma
interaction was a numeric value that ranged from 0-1 and denoted the
percent interaction with stroma cells. The image features were aver-
aged across all image patches extracted from the tumor region; aver-
age values were calculated for patients with multiple slides (yielding
another 6 image features). In total, 12 image features were extracted
for each patient (Supplemental Table 1).

Development and validation of the EGFR TKI survival benefit pre-
diction model. OS, defined as the date of diagnosis of metastatic dis-
ease till death or last contact, was used to evaluate the benefit from
EGFR TKI treatment for survival analyses. A penalized Cox propor-
tional hazards (CoxPH) model (13) for OS was developed using the
LCMCI data set to correlate benefits form EGFR TKI treatment with
image features. Since there are correlations among the image features
(Supplemental Figure 11), an elastic net penalty was used to avoid
overfitting and to select the final 2 most predictive features from the
12 input image features (Supplemental Table 1). The survival benefit
prediction model calculated a risk score for 1 patient by summing the
products between features and corresponding coefficients; a higher
risk score indicated that the individual was predicted-not-to-benefit
from TKI treatment. To validate the survival benefit prediction model,
risk scores were calculated for the LCMC2 cohort based on the pre-
diction model derived from the LCMC1 cohort. Patients in LCMC2
were divided into 2 groups using a median split, EGFR TKI predict-
ed-to-benefit or predicted-not-to-benefit groups.

Association analysis between image features and gene expression
of biological pathways. To identify potential biological mechanisms
underlying relationships between image features and EGFR TKI
treatment benefit, gene expression data of 53 patients with EGFR
mutant LUAD from the TCGA data set were collected and pre-
processed: genes whose mRNA expression levels were O in more
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than 20% of patient samples were removed. Correlations between
mRNA expression levels and image-derived cellular interactions
were evaluated using Spearman’s rank correlations. GSEA was per-
formed based on the Spearman’s rank correlation coefficients for
each image-derived cellular interaction as determined by the pre-
diction model, with gene sets derived from the Reactome, KEGG,
and GO databases (37).

Data availability. Pathology images that support the findings of
this study were available online in TCGA LUAD (https://wiki.cancer-
imagingarchive.net/display/Public/TCGA-LUAD). mRNA expression
data for the TCGA data set were available online from TGCA LUAD
(https://portal.gdc.cancer.gov/projects/TCGA-LUAD).

Statistics. Survival differences were visualized using the
Kaplan-Meier method and estimated using log-rank test. HRs and CIs
were estimated using Cox proportional hazards models. The inter-
action between the predicted groups and EGFR TKI treatment was
evaluated using a multivariate Cox proportional hazards model after
adjusting for other clinical variables, including age, sex, smoking sta-
tus, and surgical resection. R software, version 3.4.2, and R packag-
es (survival, version 2.41-3; glmnet, version 2.0-13; spatstat, version
1.55-1) were used for the survival analysis (38, 39). GSEA P values were
adjusted using the Benjamini-Hochberg procedure. Two-sided P val-
ues of less than 0.05 were considered significant. R packages Hmisc
(version 4.1-1), fgsea (version 1.4.1), and gplots (version 3.0.1) were
used for the image-genomic association analysis (40).

Study approval. IRB approval was obtained from all institutions
enrolling patients in LCMC1, LCMC2, and TCGA (12, 35, 41).
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