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Decoding the dynamic tumor microenvironment
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An opportunity to improve cancer outcomes with machine learning.

Tumors change in response to therapies, but
why and how these changes lead to therapy
resistance is not well understood, especially
when the changes involve the surrounding
tissues and conditions called the tumor
microenvironment (TME). Powerful machine
learning techniques to decode the complex
interplay of tumors and the effects of anti-
cancer therapies (e.g., chemotherapy) promise
to transform our understanding of therapy-
induced tumor remodeling, to develop new
targetable pathways for therapy maintenance,
and to improve patient outcomes.

By coupling machine learning techniques
with new ways to measure the TME at the
biomolecular level and changes in clinical
cancer management, we will markedly
strengthen our understanding of the role
that the TME plays in directing tumor re-
sponse to therapies. New biomolecule mea-
surement technologies, such as multispectral
immunohistochemistry (IHC), and high-
quality gene expression data from archived
tissues will enable deeper views into TME
biology. Changes to clinical cancer manage-
ment, such as the use of neoadjuvant chemo-
therapy, allow data to be collected from the
tumor compartment before and after therapy.
Advanced machine learning tools will sift
new and biologically important “signals” out
of these high-dimensional datasets.

SEEKING OUT FUTURE TUMOR RESPONSE
Clinical perturbations, such as chemo- or
radiotherapy, are often based on a simple
model of biological causality. For example,
a chemotherapy-sensitive tumor will
shrink in proportion to the intensity of the

chemotherapy it receives. However, the
dynamics of complex biological systems are
rarely truly linear. Instead, a tumor’s re-
sponse to therapy can induce remodeling of
the TME that drives future responses, in-
cluding disease progression or therapy re-
sistance. Circumventing or managing these
adverse responses requires a systematic view
of the interaction dynamics of a tumor, its
microenvironment, and clinical perturbations.
Despite some progress in this direction, the
TME’s great therapeutic and scientific poten-
tial remains unrealized because of two lim-
iting factors.

RATE-LIMITING FACTORS

First, the datasets we can now produce using
tumor sequencing and imaging technologies
are expansive and high-dimensional, a rich-
ness that tends to confound current linear
thought and analyses. For example, integrat-
ing transcriptomic and multispectral IHC
data for a pair of patient-matched tumors
pre- and post-chemotherapy—at only two
time points—presents millions of potential
interactions among the transcriptional changes
of hundreds to thousands of genes, in addi-
tion to composition and spatial information
on the microenvironment dynamics of
multiple cellular markers. The sheer breadth
and complexity of such data has so far in-
hibited their full use in identifying biologi-
cally meaningful and actionable differences.
Second, the TME and its response are likely
patient and cancer specific. Despite these
challenges, we now have newer technology
to aid in understanding the nuanced under-
lying dynamics of the TME.
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UNDERSTANDING THE DATA
Modern machine learning techniques pro-
vide the foundation to solve these issues,
allowing us to simplify complex datasets and
to identify biologically meaningful hypothe-
ses about the TME’s response kinetics and
its relationship to disease progression (Fig. 1).
Unsupervised machine learning and network
analysis are powerful tools for reducing the
dimensionality and complexity of these data-
sets so that researchers can explore them to
generate new hypotheses. Supervised tech-
niques can then be used to convert high-
dimensional measurements into accurate
predictions of outcomes or sharp tests of
particular mechanistic hypotheses. However,
the ultimate utility of these techniques de-
pends critically on the quality and integrity
of their data and on the clinical validation of
the patterns and predictions they produce.
The recently announced Tumor Pro-
filer Study (1) is an exciting new effort in this
direction, with substantial potential to ad-
vance our understanding of the TME’s role
in disease. Three aspects of its design make
it a model study for the TME: (i) integrating
machine learning methods with detailed
multiomic TME and kinetic data for a large
and diverse population; (ii) developing a
sustainable model of the translatability of
costs, technical expertise, assay limitations,
data platform integration, and required
infrastructure; and (iii) using profiling and
machine learning results to change clinical
practice by identifying patient- and tumor-
specific vulnerabilities, i.e., precision medicine,
through complex datasets.

UNTANGLING TUMOR REMODELING

More concretely, two recent studies—one
on pancreatic cancer and one on ovarian
cancer, both among the deadliest of human
cancers—demonstrate the vast potential of
new measurement platforms, and the
new insights produced by straightforward
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Fig. 1. Decoding cancer therapy-induced remodeling via machine learning. Anticancer therapy significant-
ly remodels the tumor microenvironment (TME). The extent of remodeling can be quantified through multiple
biomolecular techniques. Applying machine learning and network analysis to clinical data and complex multio-
mic datasets has the potential to reshape our ability to anticipate clinical and therapeutic outcomes. Credit:

Kellie Holoski/Science Advances.

machine learning techniques suggest vast
untapped potential for more advanced tech-
niques to untangle the underlying dynamics
of therapy-induced remodeling of the TME.

A key challenge with treating pancreatic
cancers is their general unresponsiveness to
immunotherapy. Farren and colleagues (2)
used transcriptomic and proteomic analysis
to study the effect of surgery, chemotherapy,
or chemotherapy plus radiotherapy on the
TME of pancreatic cancer. Farren et al. found
that radiotherapy treatment profoundly re-
shapes the TME’s immune characteristics—
seen in changes to both transcripts and
proteins—while chemotherapy and surgery
treatments do not. In particular, tumors
treated with radiotherapy showed significant
decreases in immune-suppressive factors,
including regulatory T cells and an immune
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checkpoint receptor, which suggests that the
immunoresistance of pancreatic tumors may
be mediated by the TME. The team also
found promising leads for identifying the
molecular mechanisms of that connection:
therapy-induced expression changes in the
RUNXI1 and SND1 transcription factors.
Although the functional roles of these fac-
tors in pancreatic cancer progression and
therapeutic response are yet unknown,
multiomic techniques indicate an associa-
tion between RUNX1 and SND1 and critical
regulatory nodes.

In our own work on advanced ovarian
cancer, we used multiomic techniques to
characterize the ovarian TME before and
after chemotherapy in patients (3), thereby
measuring individual therapy-induced changes.
Unlike pancreatic cancer chemotherapy,

ovarian cancer chemotherapy had a pro-
found but variable remodeling effect on the
TME. Across patient-matched samples, we
found significant treatment-induced expres-
sion of proinflammatory cytokines, which is
consistent with past results. Protein analysis
indicated that chemotherapy “activated” pro-
oncogenic signaling pathways such as MAPK
and JAK/STAT. These findings suggest that
chemotherapy alters the TME in a way that
drives subsequent disease recurrence and re-
sponse to second-line therapies. Analyzing
the network of transcription factors gener-
ated two specific leads for molecular mecha-
nisms that underpin this connection: the
activation of the CEBP/B-transcriptional
program and the induction of a target gene
IER3. As in the pancreatic cancer study,
simple machine learning and network anal-
ysis identified RUNX1 and SND3, much
as they helped identify the novel role of
CEBP/f and IER3 in ovarian cancer TME
remodeling. The function of these factors in
reshaping the TME is largely unknown but
provides a valuable direction for future
investigation.

TARGETING DIFFICULT CANCERS

This pair of studies are early examples of the
potentially transformational utility of com-
bining new measurement and gene tran-
script technologies with patient-matched
pre- and post-treatment tumor samples and
using advanced machine learning tech-
niques to uncover new and possibly targe-
table biology in difficult-to-treat cancers.
However, far more can and must be done to
exploit the enormous richness and com-
plexity of such multiomic pre- and post-
therapy datasets. Decoding the dynamic
TME will require a full embrace of machine
learning and networks analysis techniques,
which we believe will ultimately transform
our understanding of tumor biology, thera-
peutic response, and precision medicine.
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