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Abstract

Background Elevated microRNA-155 (miR-155) expression in non-small-cell lung cancer (NSCLC) promotes cisplatin
resistance and negatively impacts treatment outcomes. However, miR-155 can also boost anti-tumor immunity by
suppressing PD-L1 expression. Therapeutic targeting of miR-155 through its antagonist, anti-miR-155, has proven
challenging due to its dual molecular effects.

Methods We developed a multiscale mechanistic model, calibrated with in vivo data and then extrapolated
to humans, to investigate the therapeutic effects of nanoparticle-delivered anti-miR-155 in NSCLC, alone or in
combination with standard-of-care drugs.

Results Model simulations and analyses of the clinical scenario revealed that monotherapy with anti-miR-155 at

a dose of 2.5 mg/kg administered once every three weeks has substantial anti-cancer activity. It led to a median
progression-free survival (PFS) of 6.7 months, which compared favorably to cisplatin and immune checkpoint
inhibitors. Further, we explored the combinations of anti-miR-155 with standard-of-care drugs, and found

strongly synergistic two- and three-drug combinations. A three-drug combination of anti-miR-155, cisplatin, and
pembrolizumab resulted in a median PFS of 13.1 months, while a two-drug combination of anti-miR-155 and cisplatin
resulted in a median PFS of 11.3 months, which emerged as a more practical option due to its simple design and
cost-effectiveness. Our analyses also provided valuable insights into unfavorable dose ratios for drug combinations,
highlighting the need for optimizing dose regimens to prevent antagonistic effects.

Conclusions This work bridges the gap between preclinical development and clinical translation of anti-miR-155 and
unravels the potential of anti-miR-155 combination therapies in NSCLC.

*Correspondence:

Prashant Dogra
pdogra@houstonmethodist.org
Zhihui Wang
zwang@houstonmethodist.org

Full list of author information is available at the end of the article

©The Author(s) 2024. Open Access This article is licensed under a Creative Commons Attribution 4.0 International License, which permits use,
sharing, adaptation, distribution and reproduction in any medium or format, as long as you give appropriate credit to the original author(s) and
the source, provide a link to the Creative Commons licence, and indicate if changes were made. The images or other third party material in this

article are included in the article’s Creative Commons licence, unless indicated otherwise in a credit line to the material. If material is not included
in the article’s Creative Commons licence and your intended use is not permitted by statutory regulation or exceeds the permitted use, you will
need to obtain permission directly from the copyright holder. To view a copy of this licence, visit http://creativecommons.org/licenses/by/4.0/. The
Creative Commons Public Domain Dedication waiver (http://creativecommons.org/publicdomain/zero/1.0/) applies to the data made available
in this article, unless otherwise stated in a credit line to the data.


http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/publicdomain/zero/1.0/
http://crossmark.crossref.org/dialog/?doi=10.1186/s12943-024-02060-5&domain=pdf&date_stamp=2024-7-31

Dogra et al. Molecular Cancer (2024) 23:156

Page 2 of 19

Keywords Non-small-cell lung cancer, microRNA, Nanomedicine, Mathematical modeling, Pharmacokinetics,
Pharmacodynamics, RECIST 1.1, Drug synergism, Survival analysis

Introduction

Non-small-cell lung cancer (NSCLC) is responsible for
more than 80% of lung cancer cases [1], and remains a
formidable challenge, predominantly due to the develop-
ment of resistance to platinum-based chemotherapies,
resulting in relapse and patient mortality [2]. Nota-
bly, the overexpression of microRNA-155 (miR-155) in
tumor cells has emerged as a key contributor to chemo-
resistance and is associated with increased tumor aggres-
siveness and unfavorable prognoses in NSCLC [3-5].
Our group previously identified a novel mechanism by
which miR-155 induces resistance to cisplatin in NSCLC
through a TP53-mediated feedback loop [3]. Beyond
NSCLC, miR-155 overexpression has been implicated
in resistance to various chemotherapies across multiple
cancers, including gemcitabine in pancreatic cancer,
doxorubicin in osteosarcoma, and cisplatin in colon can-
cer [6—10]. These findings highlight the pervasive role of
miR-155 in promoting chemoresistance, underscoring
the need for targeted strategies to overcome this issue in
cancer treatment.

In vivo therapeutic targeting of miR-155 through its
antagonist, anti-miR-155, using nanoparticle (NP)-
mediated delivery, has shown considerable potential in
controlling NSCLC growth and enhancing the efficacy
of cisplatin [3]. However, there are challenges associated
with the translation of anti-miR-155 therapy. The high
expression of miR-155 in tumor-associated macrophages
(TAMs) and their secreted exosomes contributes to addi-
tional miR-155 levels in cancer cells [11, 12]. Further,
given the suppressive effect of miR-155 on PD-L1 expres-
sion [13, 14], there is an anticipated negative impact of
anti-miR-155 on anti-cancer immunity through enhanced
expression of the immune checkpoint programmed death
ligand 1 (PD-L1). While this could pose a challenge to the
development of anti-miR-155 therapy;, it also presents an
opportunity, as elevated PD-L1 expression often posi-
tively correlates with the prognosis of patients receiving
immune checkpoint inhibitors (ICIs) in NSCLC [15, 16].
We thus hypothesized that combining anti-miR-155 with
ICIs may vyield synergistic effects, mutually enhancing
their efficacy in NSCLC. The optimal dose ratios for this
combination to prevent antagonistic effects will require
careful evaluation. Furthermore, incorporating cisplatin
into a three-drug combination holds the potential to fur-
ther enhance the efficacy of the therapy. Addressing these
questions necessitates an in-depth exploration of dose-
response relationships and performing drug combination
studies.

To this end, we have taken a modeling and simulation-
based approach. Mathematical modeling has previously
been shown to be a useful tool to investigate the mecha-
nisms relevant to tumor response to miRNA-based treat-
ments. For instance, Aguda et al. developed a system of
ordinary differential equations (ODEs) with a delay term
to study feedback loops between the oncogenes Myc,
EF2, and miR-17-92 [17]. This model was then expanded
by integrating 9 different mechanisms, aiming to explain
how miRNAs regulate translation [18], and to study how
the inactivation of a transcription factor is involved in
cancer and cardiac dysfunction [19]. In another notable
study [20], an energy availability pathway involving miR-
451 was analyzed in order to elucidate the difference
between invasion and proliferation regimes in cancer
cells. The model provided an explanation for the growth-
invasion cycling patterns of glioma cells in response to
high/low glucose uptake in the tumor microenvironment,
and suggested new targets for drugs, associated with
miR-451 upregulation. In addition to these examples, a
signaling pathway relating miR-21, miR-155, and miR-
205 to the proliferation and apoptosis of NSCLC cells has
been investigated with a series of modeling studies [21,
22]. The authors identified a positive correlation between
expression of these miRNAs in tumor tissue and blood,
thereby establishing these miRNAs as potential serum
biomarkers for early detection of NSCLC.

While previous modeling efforts focused on the molec-
ular effects of miRNAs on tumor growth dynamics, they
lacked the inclusion of a drug delivery system, its asso-
ciated pharmacokinetics, and the transport phenomena
necessary to assess the anti-cancer therapeutic efficacy of
miRNAs or their antagonists. We previously developed a
multiscale model of tumor growth dynamics integrated
to a pharmacokinetic model to evaluate the transla-
tional potential of exogenously delivered miR-22 in tri-
ple-negative breast cancer [23]. In the present study, we
have extended this modeling work to further incorporate
tumor-immune interactions and related molecular effects
of miR-155 to evaluate the translational potential of anti-
miR-155 in early-stage NSCLC, both as a monotherapy
and in combination with standard-of-care drugs. The
model has been calibrated with in vivo data and extrapo-
lated to humans for translationally relevant simulations
and analyses. We also performed sensitivity analyses to
identify the determinants of tumor response and simu-
lated clinically relevant treatment scenarios in a virtual
patient cohort to establish dose-response relationships
and evaluate drug combinations for possible synergistic
effects.
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Our study highlights the capacity of anti-miR-155
to enhance the efficacy of standard-of-care drugs in
NSCLC. It also provides insights into optimizing dosing
conditions to maximize therapeutic benefits while mini-
mizing antagonistic effects. Importantly, given the favor-
able safety of cobomarsen, a miR-155 inhibitor, reported
in a phase 1 clinical trial [24], our computational inves-
tigation yields valuable quantitative insights that support
the progression of anti-miR-155 to advanced clinical tri-
als for NSCLC patients.

Results and discussion

Model development, parameterization, and calibration

We developed a multiscale mechanistic model of
tumor response to systemic therapies to investigate the
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translational potential of nanoparticle (NP)-delivered
anti-miR-155 therapy for use in combination with stan-
dard-of-care chemotherapy and/or ICI immunotherapies
in NSCLC. Extending our previous work [23, 25, 26], the
current model comprises two major compartments, as
illustrated in Fig. 1: the plasma compartment, represent-
ing systemic circulation and the site of drug administra-
tion, and the tumor compartment, containing cancer cells
and infiltrating immune cells, including tumor-associated
macrophages (TAMs) and cytotoxic CD8+T cells that
are recruited from the plasma compartment. Note that
while other cells, such as cancer associated fibroblasts
and regulatory T cells, are also important in governing
tumor growth dynamics and treatment response, their
exclusion was necessary to avoid over-parameterizing the
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Fig. 1 Multiscale mechanistic model. Model schematic shows the key transport processes, system interactions, and model variables in the plamsa and
tumor compartments. The plasma compartment characterizes the systemic pharmacokinetics of drugs and nanoparticles, and serves as the source of
therapeutics and immune cells (tumor-associated macrophages (TAMs), CD8 +T cells) for the tumor. In the tumor compartment, molecular-scale interac-
tions of miR-155 induce tumor proliferation, chemoresistance, and suppression of PD-L1 expression in tumor cells and TAMs. miR-155 is overexpressed
in tumor cells and TAMs, where the latter additionally supplies miR-155 to tumor cells via exosomal secretions. Mechanisms of CD8+T cell-mediated
tumor immunosurveillance and PD1/PD-L1 signaling-mediated immune escape are also modeled. ¥, dchemo. @aNd Fimmun represent tumor proliferation
rate, tumor death rate due to chemotherapy, and tumor death rate due to immunosurveilance by CD8* T cells, respectively. Abbreviations: ICl- immune

checkpoint inhibitor, CHEMO-chemotherapy
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model, which would increase uncertainty in our simula-
tions due to limited data on tumor immune dynamics.
Further, at the molecular scale, the model incorporates
immune checkpoint receptor-ligand interactions and
the influence of miR-155, a critical player in NSCLC, on
tumor proliferation, PD-L1 expression, and chemoresis-
tance [3, 13, 14]. The detailed processes of drug transport,
cellular processes, biophysical interactions, and molecu-
lar effects are described by a set of mechanistic equations
(Equations S1-S29; see Supplementary Methods).

To ensure that our model can reproduce reference bio-
logical behavior and remain consistent with physiological
constraints observed in vivo, the baseline values of model
parameters (detailed in Tables S1 and S2 of Supplemen-
tary Methods) were either derived from existing literature
for mice or estimated through nonlinear least squares
fitting of the model to experimental data retrieved from
literature. To enhance the statistical identifiability of
model parameters and reduce uncertainty in parameter
estimation, we augmented the data volume by combining
multiple datasets derived from diverse preclinical stud-
ies. This approach also allowed us to capture the inherent
biological variability that exists among experimental set-
tings and tumor characteristics, improving the applicabil-
ity and adaptability of the model to diverse scenarios. As
a result, the gathered datasets encompassed treatments
of mice engrafted with patient-derived xenografts or cell
line xenografts of NSCLC through various modalities,
including anti-miR-155-loaded liposomes [3], cisplatin
[3], a combination of anti-miR-155 and cisplatin [3], anti-
PD-L1 antibody atezolizumab [27], and anti-PD-1 anti-
body pembrolizumab [28]. This approach also ensured
that the model can reliably simulate treatments involving
both anti-miR-155 therapy and standard-of-care drugs,
thereby allowing us to conduct combination therapy
experiments in silico. The overall calibration process
involved initialization of model equations with appro-
priate initial conditions (Table S3) and implementation
of treatment regimens obtained from the corresponding
experimental studies to predict tumor response to vari-
ous therapies, followed by fitting of the model solutions
to the pooled experimental tumor growth kinetics data to
estimate unknown parameters.

To begin with, as indicated by the kinetics of NP mass
in systemic circulation, i.e., the plasma compartment
(Fig. 2A), we simulated the experimental treatment pro-
tocol involving twice-a-week injections of NPs loaded
with 4,000 ng of anti-miR-155 (i.e., 0.2 mg/kg), starting
at one week following inoculation of NSCLC cells in mice
[3]. The model captured the systemic PK of NPs, which
is primarily governed by a combination of hepatobiliary
excretion (characterized by k¢j) and metabolic degra-
dation (characterized by dyp). It also reliably predicted
NP delivery to the tumor interstitium, which peaked at
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~ 3% of the injected dose (%ID) of NPs for every injection
(Fig. 2A, inset), dictated by tumor microvascular surface
area (S) and microvascular permeability to NPs (Pxp)
. Following the diffusion of NPs through a characteris-
tic length (Len) of the intercapillary distance in tumor
interstitium, NPs are taken up by tumor cells and TAMs
leading to the intracellular release of cargo, i.e., anti-
miR-155. The corresponding intracellular concentration
of anti-miR-155 exhibited a gradual increase over time,
mostly ranging between 0.5 and 1.5 mg/mL during treat-
ment, before starting to decline with the end of treatment
(Fig. 2B).

The concentration of miR-155 in cancer cells and
TAMs declined rapidly upon intracellular delivery of
anti-miR-155 (Fig. 2C). This is expected due to binding
of the complementary anti-miR-155 oligonucleotides
to miR-155, which enhances its degradation. It can be
observed that miR-155 was almost completely depleted
in both cell types, with levels (~0.01 pM) maintained
throughout the duration of treatment. Of note, prior
to anti-miR-155 treatment, the concentration of miR-
155 saturated to ~1.5 pM in cancer cells and TAMs,
which can be attributed to the dynamic equilibrium
between miR-155 synthesis and degradation. Given that
miR-155 is a negative regulator of PD-L1 [13, 14], the
predicted expression level of PD-L1 on the surface of
tumor cells and TAMs increased by an order of magni-
tude after intracellular suppression of miR-155 (Fig. 2D).
The expression of the corresponding PD-1 receptor on
tumor-infiltrating cytotoxic T cells, which is not medi-
ated by miR-155, remained stable at its equilibrium value
of 1 pM (Fig. 2D, inset).

By incorporating the paradoxical roles of miR-155 in
inducing cancer cell proliferation and suppressing PD-L1
expression to enhance T cell-mediated tumor cell death,
the model captures the net effect of anti-miR-155 therapy
on tumor response. The resulting predictions of volumet-
ric tumor growth were fitted to experimental data. Treat-
ment with anti-miR-155 monotherapy inhibited tumor
growth (Fig. 2E), leading to a~62% tumor growth inhibi-
tion (TGI), relative to the control case by the end of treat-
ment. TGI is defined as the change in tumor size under
treatment with respect to the control scenario (see Meth-
ods for details). Consistent with a key role of miR-155
in mediating cisplatin resistance in NSCLC [3], simula-
tion of the combined cisplatin and anti-miR-155 therapy
exhibited a stronger TGI (~ 86%), which was greater than
the TGI for anti-miR-155 (~62%) and cisplatin (~49%)
monotherapies (Fig. 2E). These data are consistent with
the chemosensitization effect of anti-miR-155 and poten-
tial synergism with cisplatin, which was studied sub-
sequently in greater detail. The simulated regimen, as
obtained from the experimental data [3], involved once
weekly IV injection of 8 mg/kg cisplatin in the mono- and
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Model calibration with in vivo data

A NP E Tumor growth
Tumor ¢ A —&— anti-miR-155 + Cisplaf]n ‘ ‘ ‘
Q150 Plasma 25 102 /- @ 2tk miR-155 i -Cisplati 1TGI = 49%
= 100 0 R TGI = 62%
é ; 0_4«/, ‘ ‘ : ‘ TGl = 86%
< 50/ F° 1 2 3 4 5 6
0 & [—A— Atezolizumab ‘ ' ' ‘
0 2 4 6 0 2 4 6 E| 2|—#— Contol
C D = 4t ITGI=16%
miR-155 o PD-L1/PD-1 2
1.5 Tumor| = 10 T 3 *
umor | 3 0 \ . . . ]
=3 --TAM | £ =T 2f@0 1 2 3 4 5 6
c 1 o . . ‘ ‘ ‘ ‘ ;
= S 0 1 + Pembrolizumab ~ i
g o 10 £ —%— Control L
8 0.5 :. % os 0.5 i TGl = 18%
O E 10_1 OD 3 6 0, % : ! R . s
0 2 4 6 0 2 4 6 0 1 2 3 4 5 6
Time (wk) Time (wk)
Model extrapolation to humans
H 100 g NP | 0.04 fantl-mlR-155 L 6 Tumor growth
R 0 - M°r - - Controli , [TTP =6 wk
a ™ NMMMM Eo003” 7' anti-miR{155 (0.026 mg/kg, Q3W) 7
X ol ® W= g’o - 5= = . anti-miR1155 (0.026 mg/kg, QW) /
2 ittt IR R U | O N T TR N (PP anti-miR{155 (0.26 mg/kg, Q3W) /
= € 0.01
= ——Turhor oV —4r 1TGI = 82%
Plasma O 0 g TTP =9 wk
J 0 10 120 130 140 150 0 10 120 130 140 15053» |
15 ~_miR-155 = 10 PD-L1/PD-1 g TGI = 61%
% g Progressive disease . [TTP =20 wk
= e 2 Gl = 63%
%_ 1 o Stable diseast ':'Tp — 23 wk
= c
. o 0
s 8 10 | |
505 - 1
o —Tl71 or QI
- = TA & 1o 0 , : ‘
0 10 120 130 140 150 0 10 120 130 140 150 O 10 120 130 140 150

v

Time (wk)

Fig. 2 Model calibration and extrapolation to humans. A-D) Numerical solution of the model exhibiting kinetics of key variables under treatment with
NP-delivered anti-miR-155 in NSCLC-bearing mice. (A) Mass kinetics of NPs in plasma and tumor interstitium (inset) following twice-a-week injection of
NPs loaded with a dose of 4,000 ng of anti-miR-155. %ID represents percent of injected dose. (B) Concentration kinetics of NP-delivered anti-miR-155 in
tumor cells and TAMs. (C) Concentration kinetics of miR-155 in tumor cells and TAMs. (D) Concentration kinetics of unbound PD-L1 on tumor cells and
TAMs, and unbound PD-1 on CD8+T cells (inset). (E-G) Non-linear least squares fits of the model to published in vivo datasets of tumor volumetric growth
kinetics in NSCLC under control conditions and treatment with (E) anti-miR-155, cisplatin, combination of anti-miR-155 and cisplatin, (F) atezolizumab, (G)
and pembrolizumab. (H-K) Numerical solution of the allometrically scaled model showing key system variables following treatment with anti-miR-155
loaded NPs in an average adult patient. (H) Mass kinetics of NPs in plasma and tumor interstitium (inset) following once every three weeks (Q3W) injec-
tion of NPs loaded with the allometrically scaled dose of anti-miR-155 in humans (i.e., 0.026 mg/kg). (I) Concentration kinetics of NP-delivered anti-miR-155
in tumor cells and TAMs. (J) Concentration kinetics of miR-155 in tumor cells and TAMs. (K) Concentration kinetics of unbound PD-L1 on tumor cells
and TAMs, and unbound PD-1 on CD8+T cells (inset). (L) Corresponding tumor growth kinetics under control and treatment conditions involving anti-
miR-155 at three different dosages (0.026 mg/kg, Q3W; 0.026 mg/kg, QW (once weekly); 0.26 mg/kg, Q3W). The yellow diamond on x-axis marks the initia-
tion of treatment; the dotted dark red line defines the threshold to transition from stable disease to progressive disease, as per RECIST 1.1. Abbreviations:
TGI- tumor growth inhibition, TTP- time to progression

combination therapy scenarios; the corresponding sys- anti-PD-L1 atezolizumab (Fig. S3) and 5 mg/kg anti-PD-1
temic and intratumoral PK predictions and the kinetics =~ pembrolizumab (Fig. S4) ICI, which was then fitted to the
of molecular variables are shown in Figs. S1 and S2. experimental data. As shown in Fig. 2F, G, atezolizumab

In addition, the model was employed to simulate and pembrolizumab led to a~16% and ~18% TGI by the
the treatment of NSCLC-bearing mice with 10 mg/kg end of treatment, respectively. Overall, the combined fits
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of predicted volumetric tumor growth for the five treat-
ment scenarios and two controls were in close agreement
with experimental data, as indicated by a strong Pearson
correlation coefficient R>0.99 and p<0.0001 (Fig. S6),
thereby enabling confidence in the predictive accuracy of
the model.

Model extrapolation to humans

We next sought to extrapolate the calibrated model to
humans for assessing the translational potential of anti-
miR-155 and for testing our hypothesis that adding
anti-miR-155 therapy can increase the efficacy of stan-
dard-of-care drugs in NSCLC. To achieve this, we substi-
tuted the values of parameters for mice with population
averages for humans from literature, or allometrically
scaled the values of unknown parameters from mice to
humans using established scaling factors (Tables S1, S2;
see Interspecies Scaling in Methods). Figure 2H-L shows
a representative simulation for treating an average patient
(i.e., defined by baseline values of biological and physi-
ological parameters, Tables S1, S2) with an allometrically
scaled human equivalent dose (scaled from mice) of anti-
miR-155. Here, we simulated a~six-month treatment
regimen involving 0.026 mg/kg dose of anti-miR-155
given once every three weeks (Q3W) for nine treatment
cycles, starting at 124 weeks post-tumor inception with
a single cancer cell. Note that the tumor had a diameter
of ~1.5 cm at the time of initiation of treatment (Fig. 2L),
representing a localized NSCLC tumor that can be classi-
fied as stage IA2 as per the TNM staging system (a stan-
dardized clinical system used for cancer staging) [29].

As shown in Fig. 2H, the model realized the intended
treatment regimen and predicted the systemic and tumor
interstitial PK of NPs over a course of nine treatment
cycles. The subsequent delivery of anti-miR-155 into
tumor cells and TAMs exhibited a highly fluctuating con-
centration profile of intracellular anti-miR-155, almost
completely depleting between injections due to metabolic
degradation of anti-miR-155 (Fig. 2I). Unlike the preclini-
cal scenario where mice were injected with anti-miR-155
twice per week, allowing greater accumulation of drug
intracellularly (Fig. 2B), the reduced treatment frequency
in the clinical scenario explains the strong fluctuations in
drug concentration. Furthermore, due to a continuously
increasing tumor volume, the peak concentration of anti-
miR-155 in the tumor decreased with each subsequent
dose, as indicated by the regularly declining amplitude
of the concentration profile of anti-miR-155 (Fig. 2I). To
verify these interpretations, we simulated a once weekly
(QW) injection of the same dose of anti-miR-155, and
as shown in Fig. S7B, the intracellular concentration of
anti-miR-155 exhibited a relatively steady profile, with
concentration values mostly maintained between 0.1
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and 0.25 mg/mL throughout the six-month duration of
treatment.

The preclinical scenario showed that a relatively more
stable and higher concentration of anti-miR-155 (Fig. 2B)
was achieved intracellularly, leading to a more consis-
tent suppression of miR-155 and elevation of PD-L1 over
the course of treatment (Fig. 2C, D). In contrast, with
the Q3W regimen, strong fluctuations were observed in
the expression kinetics of miR-155 (Fig. 2J) and PD-L1
(Fig. 2K) in the average patient, corresponding to the fluc-
tuations of anti-miR-155. However, the average behavior
was consistent with the expected effect of anti-miR-155
on miR-155 and PD-L1. Upon increasing the treatment
frequency to QW, the fluctuations disappeared and the
suppression and elevation of miR-155 and PD-L1, respec-
tively, was more stable throughout the course of treat-
ment (Fig. S7C, D). The resultant therapeutic effect of
anti-miR-155 on tumor growth corresponded to a~ 32%
TGI at the end of treatment in the Q3W scenario, which
was less than the QW scenario that exhibited (~63%
TGI) (Fig. 2L). This difference in therapeutic efficacy can
be attributed to a higher intracellular concentration of
anti-miR-155 and a more uniform suppression of miR-
155 in the latter case.

These treatments were also assessed using RECIST 1.1
to measure time-to-progression (TTP), which is a clinical
endpoint defined as the length of time after the initiation
of treatment when a patient’s disease starts to progress
and does not remain stable [30]. TTP was determined
by monitoring the change in tumor diameter from base-
line (see Treatment response evaluation in Methods for
details). If the change in diameter from the initial tumor
exceeded 20%, with a minimum change of 5 mm, it was
considered as progressive disease, as indicated by the
threshold marked by the dotted dark red line in Fig. 2L.
Our observations revealed that the Q3W dosing scenario
exhibited a shorter TTP of ~9 weeks compared to the
QW scenario, which had a TTP of ~23 weeks. Addition-
ally, the control case exhibited a TTP of <6 weeks. Nota-
bly, we also observed that a higher TGI of ~61% and an
extended TTP of ~20 weeks could also be achieved with
a Q3W injection frequency, provided that a dose of anti-
miR-155 at an order of magnitude higher (0.26 mg/kg)
was administered (see Fig. 2L, S8). These findings under-
score the importance of establishing the dose-response
relationship of anti-miR-155 to guide appropriate dose
selection for maximal therapeutic efficacy.

We note that these observations reflect outcomes in an
average patient, hence they cannot be generalized to a
diverse patient population. It is thus important to quan-
tify the uncertainty in these findings to account for the
effect of population-scale variability in biological factors.
To address this, we examined the effect of treatment regi-
mens on tumor response, while accounting for variability
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in model parameter values, as discussed in the next
section.

Parameter sensitivity analyses
To investigate the effect of various treatment regimens on
tumor response to anti-miR-155 therapy, we first sought
to identify biological parameters with the most signifi-
cant impact on tumor response to therapy, followed by
the simulation of a comprehensive dose-response study
to quantify uncertainty in model predictions due to bio-
logical variability of the identified model parameters.
Therefore, we first conducted a global sensitivity analysis
(GSA) and a local sensitivity analysis (LSA). GSA involves
simultaneous perturbation of multiple model param-
eters, whereas LSA involves perturbation of individual
parameters [31]. The parameters were perturbed over a
range of 4 50% of their respective baseline values to sim-
ulate scenarios that deviated from the average behavior
of the model and calculate TGI. For GSA, this was fol-
lowed by calculation of sensitivity indices (SI), which
are a measure of parameter importance in determining
model outcomes (see Methods). The 28 model param-
eters investigated during GSA involved parameters that
characterize the biological processes, interactions, and
therapy effects involved in governing tumor dynamics.
As shown in Fig. 3A, based on the results of one-way
ANOVA and Tukey’s test on SI, the investigated param-
eters were rank-ordered and separated into eight cat-
egories, exhibiting their relative impact on treatment
response (i.e., TGI) to anti-miR-155. The top two cat-
egories comprise parameters 7 and Ajr that directly
influence tumor proliferation. Here, the intrinsic tumor
growth rate 7, as observed via LSA (inset), is inversely
correlated to TGI, exhibiting an inverse S-shaped curve.
This indicates that within the investigated param-
eter range (+50% of the baseline value), rapidly grow-
ing tumors are associated with poorer response. This
is consistent with observations in literature, where
pre-treatment tumor growth rate of NSCLC and other
solid tumors has been found to negatively affect treat-
ment outcomes to ICIs [32, 33] and chemoradiotherapy
[34-36]. This can be attributed to timescale differences
in tumor growth- and death-related processes, lead-
ing to poorer response due to predominance of growth
in aggressive tumors. Furthermore, the delivery of anti-
miR-155-loaded NPs from systemic circulation to the
tumor interstitium is governed by the product of vascu-
lar permeability Pyp and vascular surface area per unit
volume S (Eq. S12). Because larger tumors have a rela-
tively smaller vascular surface area per unit volume for
extravasation of NPs [37], poorer outcomes with anti-
miR-155 therapy in fast-growing tumors are expected
due to reduced drug delivery and tumor exposure.
However, note that the relation between TGI and 7y is
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non-monotonic, such that beyond ~15% reduction in 7y
from the baseline, tumor response to anti-miR-155 grad-
ually deteriorates with decreasing <y, which points out
to the inherent non-linearity of the model system. Next,
the coefficient Ayr,z, which modulates the tumor prolif-
eration-inducing effect of miR-155, follows < in ranking.
Since Aarz (value >1) positively regulates tumor prolif-
eration (Eq. S10), increasing the value of Az leads to
rapidly growing tumors, thereby Az shows a behav-
ior that is analogous to the 7 parameter, as observed
through LSA (Fig. 3A, inset).

Following this in ranking is the diameter of NPs Pyp,
which together with the size of microvascular wall pores
governs vascular permeability of NPs Pyxp, such that
smaller NPs permeate more effectively and lead to more
efficient delivery of anti-miR-155 to the target cells,
thereby causing improved treatment response, as indi-
cated by the negative correlation observed between @np
and TGI (Fig. 3A, inset).

Next, miR-155-related parameters (g3, kjr, and dy),
part of group IV, are also pivotal in determining the effi-
cacy of anti-miR-155 therapy. Enhanced production of
miR-155 governed by its production rate g}!, or reduced
degradation of miR-155 governed by its degradation
rate §); leads to poorer tumor outcomes, as indicated
by the negative and positive correlations of g/ and d,,
respectively, with TGI (Fig. 3A, inset). This is attribut-
able to the increased expression of miR-155 in cancer
cells and TAMs, which positively affects tumor prolifera-
tion, depending upon its Michaelis constant or potency
(kar) and the previously discussed stimulation coefficient
Awn (Eq. S10), leading to poorer outcomes. However,
the greater the k), the less potent is miR-155 in induc-
ing tumor growth, leading to improved outcomes to anti-
miR-155 therapy, hence the positive correlation between
ky and TGI (Fig. 3A, inset).

Finally, categories V and VI comprising Aawm,z, danm,
ECs0,aM, and Jyp are the last set of parameters that
significantly impact tumor response to anti-miR-155
therapy. These parameters influence the tumoral concen-
tration, potency, and efficacy of anti-miR-155 in cancer
cells and TAMs. Since anti-miR-155 acts by enhancing
the degradation rate §,; of miR-155 (Eqs. S1 and S4),
its effectiveness is modulated by the coefficient Aan s
(value>1), such that it correlates positively with TGI
(Fig. 3A, inset). Furthermore, anti-miR-155 degradation
rate dy\ acts by influencing the concentration of anti-
miR-155 in cells, such that increased value of dxy; will
lead to reduced concentration of anti-miR-155 in the
cells, thereby leading to sub-optimal tumor response, as
indicated by its negative correlation with TGI (Fig. 3A,
inset). Similarly, ECs0am negatively correlates with
tumor response, which indicates the influence of the
potency of anti-miR-155 in modulating the degradation
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Fig. 3 Sensitivity analyses. (A) Violin plot displaying the ranking of model parameters for their impact on anti-miR-155-induced tumor growth inhibition
(TGI), as obtained from global sensitivity analysis (GSA). Multivariate linear regression analysis-based regression coefficients (labeled as sensitivity indices
(SI)) were used to rank order the parameters using one-way ANOVA and Tukey's test. Inset shows results of local sensitivity analysis (LSA) of parameters
that significantly affect model output, as determined from GSA. The red dot denotes TGl obtained with baseline parameter values, i.e., without perturba-
tion. Dose-response relationship. To evaluate the effect of treatment regimen (i.e, anti-miR-155 dose and treatment frequency) on tumor response, (B)
TGl and (C) change in tumor diameter from baseline* were predicted for different doses and injection frequencies (QW- once weekly, Q2W- once every
2 weeks, and Q3W- once every 3 weeks). (B) The Hill equation was fit to TGl versus dose curves to quantitatively characterize the dose-response curves,
with parameter estimates shown in the inset. The yellow diamond on the x-axis denotes the allometrically scaled dose of 0.026 mg/kg. (C) RECIST 1.1
was used to characterize tumor response as per clinical standards and the modified Hill equation was fit to the results. The dotted dark-red line defines
the threshold to transition from stable disease to progressive disease, as per RECIST 1.1. *Baseline refers to the tumor diameter at the time of treatment
initiation or the smallest tumor diameter recorded since the beginning of treatment, depending on the specific response category being considered, as

defined by RECIST 1.1 guidelines. Shaded regions denote 90% prediction intervals

of miR-155 to suppress tumor proliferation. Finally, dxp
that represents the degradation rate of NPs can influence
their systemic availability, thereby affecting the tumor
exposure of anti-miR-155, leading to a negative correla-
tion with tumor response (Fig. 3A, inset).

Thus, through sensitivity analyses we were able to iden-
tify the ten system parameters that significantly impact
tumor response to anti-miR-155 therapy, which were
then used to establish a dose-response relationship for
anti-miR-155 and quantify the associated uncertainty in
model predictions due to population-scale variability in

parameter values. Importantly, these analyses also high-
lighted the control parameters of the system, e.g., the
ones related to NP design (@xp, dnp), which can be fine-
tuned experimentally to achieve the desired treatment
outcomes.

Dose-response relationship

To investigate the effect of treatment regimen, i.e., dose
and treatment frequency, on the efficacy of anti-miR-155
therapy, we used the clinical model to simulate treat-
ments with varying doses of anti-miR-155: once a week
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(QW), once every two weeks (Q2W), and once every
three weeks (Q3W) treatment schedules for a duration of
~ six months (see Methods for details). We used two met-
rics to evaluate tumor response: (1) TGI and (2) change
in tumor diameter from baseline, as defined by RECIST
1.1. While the allometrically scaled human equivalent
dose for anti-miR-155 was 0.026 mg/kg (marked by yel-
low diamond on the x-axis, Fig. 3B, C), we studied the
effect of dose on TGI across four orders of magnitude,
ranging from 10-3-10 mg/kg, and fitted the Hill equation
(Eq. 1) to quantitatively characterize dose-response rela-
tionships to enable appropriate dose selection in subse-
quent translational analysis. To quantify the uncertainty
in predictions, 1,000 distinct combinations of the most
sensitive model parameters (identified from GSA) were
generated through Latin Hypercube sampling within
at10% range of their baseline values, and then tumor
responses were obtained for each dose across these 1,000
unique scenarios to determine 90% prediction intervals
for the dose-response relationships (see Methods).

As shown in Fig. 3B, anti-miR-155 exhibited an aver-
age maximal efficacy (E,,,,) of 66.7+0.2% TGI across the
three treatment schedules. The dose-response curves
indicated that the drug’s effect saturated for the QW
scenario at a slightly lower dose compared to the Q2W
and Q3W regimens. Thus, across all treatment sched-
ules, the saturation dose (approximated as ECy, or dose
leading to 99% of E,,) fell within the range of 1-24 mg/
kg (Fig. 3B, inset). This range indicates the dose at which
almost all molecular targets of anti-miR-155 were fully
occupied. Moreover, the Hill coefficient (1), a measure
of the curve’s steepness or slope, was relatively consis-
tent across the different treatment schedules, averaging
0.7410.04. The Hill coefficient quantifies the degree of
cooperativity in the binding of the drug to its molecu-
lar targets, and a value around 1 suggests limited coop-
erativity. Of note, the drug’s potency, represented by the
ECs, exhibited a rightward shift with decreasing treat-
ment frequency (i.e., 0.003 mg/kg for QW, 0.013 mg/kg
for Q2W, and 0.033 mg/kg for Q3W). This shift can be
attributed to changes in the pharmacokinetics of the drug
due to delayed injections, indicating that reduced expo-
sure of the tumor to anti-miR-155 under less frequent
injections necessitates higher doses to achieve the same
therapeutic effect (compare Fig. 2H-L, S7, S8). This find-
ing underscores the importance of treatment schedule
considerations in optimizing anti-miR-155 efficacy.

We also evaluated the dose-response relationship in
terms of the RECIST 1.1-derived measure of treatment
response, i.e., % change in tumor diameter from baseline
or the smallest diameter, whichever is smaller following
treatment. This relation was characterized by a modi-
fied form of Hill equation (Eq. 2). As shown in Fig. 3C,
with the increase in dose, the % change decreased
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significantly from 268.9+10% (i.e., E.;,) to 21.5+1.8%
(i.e., Eay) across the various treatment schedules. Thus,
the average response across all studied dosages consis-
tently fell within the ‘progressive disease’ category (i.e.,
above the dotted dark-red line in Fig. 3C). This indicates
that regardless of the dose and treatment frequency, the
tumor diameter increased from baseline or its small-
est size by at least 20%, since the initiation of treatment.
The other parameters that were characterized, including
Hill coefficient 5, and ECg, showed similar trends as the
previous results (Fig. 3C, inset). Thus, having established
dose-response relationships, we turned our attention to
the application of these insights in evaluating the clinical
efficacy of anti-miR-155 in a virtual patient cohort. This
next phase allowed us to extrapolate our findings to a
more realistic clinical context and assess the implications
for patient outcomes.

Clinical efficacy of anti-miR-155 in a virtual patient cohort
To assess the clinical efficacy of anti-miR-155 therapy,
we employed a virtual patient cohort representing stage
IA, mirroring the characteristics of early-stage, localized
NSCLC (1-3 cm in diameter) per the TNM staging sys-
tem (see Methods for details of virtual patient genera-
tion; Fig. S9) [29]. This cohort, comprising 1,000 virtual
patients, underwent treatment with various doses of anti-
miR-155 administered once every three weeks (Q3W) for
~six months, equivalent to nine treatment cycles. The
selected doses were strategically chosen from our estab-
lished dose-response Hill equation for the Q3W scenario
(Fig. 3B), encompassing a spectrum of doses, including
the allometrically scaled dose, ECs,, ECy, EC,, ECq,
ECyy, ECy5, and ECy,. This approach allowed us to explore
a wide range of doses while aligning with the Q3W clini-
cal regimen commonly used for standard-of-care drugs
for NSCLC, such as pembrolizumab, atezolizumab, and
cisplatin. More frequent dosing schedules, e.g., Q2W or
QW, may offer continuous drug exposure, but can pres-
ent challenges in terms of patient compliance, resource
allocation, and potential for increased treatment-related
adverse events. To evaluate the clinical efficacy of anti-
miR-155, the model-predicted tumor trajectory for every
virtual patient was evaluated to determine using RECIST
1.1 the progression-free survival (PES) as the clinical end-
point of interest.

As depicted in Fig. 4A, the average tumor growth tra-
jectory for the virtual patient cohort exhibited slower
progression from the initiation of treatment (at time
zero) compared to the control scenario, with the degree
of suppression positively correlating with the adminis-
tered dose. To quantify the suppression in tumor growth,
we assessed the time to progression (TTP), defined as
the duration from the initiation of treatment when the
tumor diameter exceeded 20%, with a minimum increase
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Fig. 4 Clinical efficacy of anti-miR-155 in a virtual patient cohort. 1,000 virtual patients were generated and based on the dose-response curve for Q3W
treatment scenario, tumor response to the allometrically scaled dose (Allo.) and other EC; doses was predicted for the virtual cohort. (A) Average tumor
growth kinetics across the virtual patients for different doses is shown: these formed the basis to characterize response using RECIST 1.1. Time to progres-
sion (TTP) marks the event when tumor diameter crosses the threshold of 20% increase in value from baseline (with a minimum of 0.5 cm increase), lead-
ing to the response being characterized as‘progressive disease’ (B) Distribution of TTP across virtual patients is shown, which shows a significant increase
with increasing dose. (C) Kaplan-Meier analysis using TTP was performed for the various doses to obtain progression-free survival (PFS) probability over
time, which showed an increase in median PFS with increasing dose. (D) Hill equation was used to characterize the relation between median PFS and
dose. Note: Median PFS represents the time when 50% of patients experienced progressive disease, i.e., PFS probability becomes 0.5

of 5 mm, following RECIST 1.1 (see Methods). The dot-
ted dark-red line represents the average threshold used
for the virtual cohort to distinguish between ‘progressive
disease’ and ‘stable disease’ (Fig. 4A). Increasing the dose
resulted in a longer time to cross this threshold of TTP,
indicating slower tumor progression. The distribution of
TTP across the virtual cohort for the control and treat-
ment groups revealed a significant increase in the mean
values with increasing dose (Fig. 4B; p-value<0.0001,
one-way ANOVA). Specifically, the mean TTP for the
control scenario was 1.49+0.43 months, which increased
to 2.48+1.17 months for the allometrically scaled dose
(0.026 mg/kg) and 6.87£0.96 months for the ECy,
dose (23.37 mg/kg). As per Tukey’s test, all pairs were

significantly different, except the allometrically scaled
dose (Allo.) and the EC;,, group.

Next, we utilized the TTP values for each group to
conduct Kaplan-Meier analysis for determining the
PES probability, a crucial clinical endpoint in oncology
indicating the probability of remaining free from dis-
ease progression at a given time. As shown in Fig. 4C,
the PFS curve for the control group displayed a rapid
decline in PFS probability over time, indicative of rapid
transition to progressive disease. In contrast, corre-
sponding to the dose, the PFS curves for the treatment
groups showed slower decline in PFS probability, indica-
tive of prolonged periods of disease stability and thus
slower progression. As reported in Table 1, the median
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Table 1 Median PFS and hazard ratio for disease progression
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Dose Ctrl. Allo. ECs, ECqo EC,o ECg, ECy, ECys ECq
Median PFS (months) 14 2.1 23 32 4.1 58 6.7 7.1
Hazard ratio - 0.31 0.28 0.2 0.13 0.07 0.01 7e-9 7e-9

Abbreviations: Ctrl.- control, Allo.- allometrically scaled dose

PES, representing the time when 50% of patients expe-
rienced progressive disease, i.e., PFS probability became
0.5, consistently increased with higher doses. Further, we
measured the hazard ratios for assessing the risk of dis-
ease progression in treatment groups compared to the
control group, and as shown in Table 1, the hazard ratio
was consistently smaller than 1. The consistently low haz-
ard ratios across treatment groups suggest a substantial
reduction in the risk of disease progression associated
with anti-miR-155 treatment. Further, the hazard ratio
exhibited a dose-dependent reduction, demonstrating a
clear dose-response relationship where higher doses of
anti-miR-155 were associated with a greater reduction in
the risk of disease progression. Finally, we characterized
the relationship between median PFS and dose by fitting
the Hill equation, and as shown in Fig. 4D, the median
PFS for anti-miR-155 saturated at ~7.6 months (95% CI,
6.8—8.5 months), corresponding to a dose (approximated
as ECyg) of 237.2 mg/kg. This indicates that a high dose
is required for anti-miR-155 monotherapy to exhibit its
maximal therapeutic efficacy in the Q3W scenario. This
may have important implications for the translation
of this strategy, given the adverse events as observed in
phase 1 clinical trials of miR-34a mimic, where the rec-
ommended phase 2 dose did not exceed ~2.5 mg/kg for
any solid tumor [38]. However, in the case of phase 1 tri-
als of cobomarsen, an inhibitor of miR-155, for cutane-
ous T cell lymphoma, no adverse events were reported
until a dose of ~12.9 mg/kg [24]. Given the disparity in
the literature regarding the maximum tolerated dose of
miRNAs or their inhibitors, we selected a more conser-
vative dose of 2.5 mg/kg as the maximum tolerated dose
of anti-miR-155 for subsequent analysis. As per the Hill
equation, this dose corresponds to ECy; and will lead to
a median PFS of 6.5 months, compared to the 12.9 mg/kg
dose that yields a median PFS of 7.1 months with a five-
fold increase in dose.

Of note, none of the doses led to a partial or complete
response as per RECIST 1.1 (Fig. 4A). This observation,
combined with the need for high doses to achieve maxi-
mal therapeutic efficacy, underscores the challenges of
achieving significant clinical responses with anti-miR-155
monotherapy. Based on these findings, we sought to
determine whether combinations of anti-miR-155 with
standard-of-care drugs could act synergistically to
address the limitations of anti-miR-155 monotherapy and
potentially improve outcomes.

Drug combination studies and synergy evaluation

To facilitate drug combination studies involving anti-
miR-155 and standard-of-care drugs for NSCLC, we first
assessed the ability of the allometrically scaled model (for
humans) to predict clinical endpoints for standard-of-
care drugs. Due to potential discrepancies in interspecies
scaling of drug-specific model parameters, the initial pre-
dictions of PFS probability required adjustments to align
with clinical observations for the selected standard-of-
care drugs (see Supplementary Results S1).

Following the fine-tuning of model parameters to
improve predictions for standard-of-care drugs, we per-
formed drug combination studies, exploring two- and
three-drug combinations of anti-miR-155 with standard-
of-care drugs across a range of doses (see Methods for
details). These combinations included anti-miR-155 in
non-constant dose ratios with (1) pembrolizumab, (2)
atezolizumab, (3) cisplatin, (4) cisplatin and pembroli-
zumab, and (5) cisplatin and atezolizumab. Treatment
with the combination therapies was simulated in our vir-
tual patient cohort (N=1,000) over a six-month period
using a Q3W regimen, equivalent to nine treatment
cycles in patients. Note that in the case of cisplatin, we
administered only six cycles to reflect standard clinical
practice [39]. For every drug combination, median PFS
was calculated through Kaplan-Meier analysis based on
TTP in virtual patients. Additionally, the corresponding
TGIs at the end of treatment were calculated to evalu-
ate synergy using the Chou-Talalay method [40]. We also
calculated the median PFS corresponding to the mono-
therapy arms as a reference. For the four monothera-
pies, median PFS (i.e., efficacy) was less than 7.5 months.
Specifically, treatment with cisplatin, anti-miR-155,
atezolizumab, and pembrolizumab at their highest doses
(clinical doses for standard-of-care drugs and 2.5 mg/kg
for anti-miR-155; Table 2) resulted in median PFS values
of approximately 2.5, 6.5, 6.7, and 7.4 months, respec-
tively (Fig. S12). However, when drugs were used in two-
and three-drug combinations, a consistent pattern of
improved efficacy was observed (Fig. 5A-E).

The combination of anti-miR-155 with cisplatin dem-
onstrated a remarkable dose-dependent enhancement
in efficacy, as illustrated in Fig. 5A. In this combina-
tion, median PFS reached up to 11 months at doses that
were below the clinical dose of cisplatin and the selected
upper limit for anti-miR-155 (1.89 mg/kg and 1.62 mg/
kg, respectively; Table 2). The concurrent administration
of anti-miR-155 effectively reduced cisplatin resistance
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Table 2 Median PFS corresponding to monotherapies and attributed to the blockade of miR-155/TP53-negative
strongly synergistic combination therapies. All drugs were feedback [3], substantially improving cisplatin efficacy
injected Q3W for nine treatment cycles, except cisplatin, at reduced doses. This observation indicates synergistic
which was given for six cycles only. Note, standard-of-care activity, supported by the combination index (CI) val-

monotherapies were administered at their clinically prescribed . .
doses, with calculations based on assumptions of body weight of ues obtained using the Chou-Talalay method. As shown

70 kg and body surface area of 1.9 m? in Fig. 5F and Supplementary Table S4, 86% of the
Drug/s Dose/s (mg/kg)  Median PFS (months) dose combinations between anti-miR-155 and cispla-
Control - 14 tin exhibited synergism (CI<0.9). Further, as described
Cisplatin (Cis) 204(=75mg/m?) 28 in Table 3, combinations that simultaneously adhered
anti-miR-155 (AM) 25 67 to a set of conditions achieved strong synergism (i.e.,
Atezolizumab (Ate) 1714(&1200mg) 69 CI<0.3). These conditions included a cisplatin dose
Pembrolizumab (Pem.)  2.86 (=200 mg) 74 greater than 0.25 mg/kg, a dose fraction of anti-miR-155
AM+Ate. 021+1594 92 exceeding 1.4%, and a total combination dose surpass-
AM+Pem. 131+2.04 9.2 ing 0.55 mg/kg. We, however, also observed antagonis-
AM+Cis. 162+1.89 13 tic combinations, primarily when using a cisplatin dose
AM + Cis.+Ate. 1344136+3.12 124 of less than 0.07 mg/kg combined with either a low dose
AM+ Cis+Pem. 12441754088 13, of anti-miR-155 (<0.013 mg/kg) or a high dose of anti-

Abbreviations: AM-  anti-miR-155, Cis.- Cisplatin, Ate- Atezolizumab, =~ miR-155 (>1.4 mg/kg). This antagonism is attributed to
Pem.- Pembrolizumab
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Fig. 5 Drug combination studies and synergy evaluation. 50 samples obtained using Latin hypercube sampling for two- and three-drug combinations
each were investigated for predictions of median PFS under the Q3W regimen. 3D and 4D plots show median PFS corresponding to combinations of
anti-miR-155 (AM) with A) cisplatin (Cis.), (B) atezolizumab (Ate.), (C) pembrolizumab (Pem.), (D) cisplatin and atezolizumab, and (E) cisplatin and pembro-
lizumab. (F) Combination indices (Cl) for the various combinations are shown, with the combinations aligned in an ascending order of anti-miR-155 dose
fractions. Note that Cl < 0.9 denotes synergism, 0.9 < CI< 1.1 denotes additive combinations, and Cl> 1.1 indicates antagonism. (G) Model-predicted time
to progression and (H) PFS for various monotherapies and strongly synergistic combination therapies following Q3W regimen
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Table 3 Dose conditions associated with strong synergy (Cl<0.3) and antagonism (CI>1.1) in various drug combinations

Combinations Conditions for strong synergy

Conditions for antagonism

AM +Cis. Dose of Cis. > 0.25 mg/kg AND Dose fraction* of AM > 1.4% AND Total dose >0.55 mg/kg

AM + Ate. Dose of Ate. > 0.22 mg/kg AND Dose of AM >0.026 mg/kg AND Dose fraction of AM <42%

AM+Pem. All combinations led to CI>0.3

AM + Cis.+Ate. Dose fraction of AM <60% AND Combined dose of AM+Cis. > 0.05 mg/kg AND Total
dose>0.2 mg/kg

AM + Cis.+Pem. Dose of Cis. > 0.065 mg/kg AND Dose of AM < 1.25 mg/kg AND Dose fraction of Pem. < 74%

AND Total Dose >0.41 mg/kg

Dose of Cis. < 0.07 mg/kg AND
(Dose of AM<0.013 mg/kg OR
Dose of AM > 1.4 mg/kg)

Dose of AM>1.9 mg/kg AND
Dose fraction of Ate. < 1.1%

Dose of AM>1.32 mg/kg AND
Dose fraction of Pem. < 7.1%

All combinations led to Cl< 1.1

All combinations led to CI< 1.1

*Dose fraction is the fraction of a given drug’s dose in the total dose of all drugs in the combination. Abbreviations: AM- anti-miR-155, Cis.- Cisplatin, Ate.-

Atezolizumab, Pem.- Pembrolizumab

the dual molecular effects of miR-155, which induce cis-
platin resistance in cancer cells while suppressing PD-L1
expression in cancer cells and TAMs to favor tumor
immunosurveillance. Higher doses of anti-miR-155 can
diminish the benefits of cisplatin sensitization by rein-
forcing tumor immunosurveillance blockade, ultimately
leading to poorer outcomes. Similarly, when both cispla-
tin and anti-miR-155 are administered at low doses, the
same antagonistic effect may come into play due to lim-
ited cisplatin sensitization.

We next evaluated two-drug combinations of anti-
miR-155 with the ICIs atezolizumab and pembrolizumab.
These combinations are of particular interest due to the
increased expression of PD-L1 on tumor cells and TAMs
upon treatment with anti-miR-155 (Fig. 2K), which can
potentially augment the efficacy of co-administered ICI,
particularly anti-PD-L1 antibodies, due to the increased
availability of drug binding sites [41, 42]. The two com-
binations exhibited dose-dependent improvement in
efficacy, with the highest observed median PFS value of
~9 months in both cases (Fig. 5B, C), compared to the
values of 6.7 and 7.4 months for atezolizumab and pem-
brolizumab monotherapies, respectively (Fig. S12). Nota-
bly, as reported in Table 2, the improved efficacy with
combination therapies was attained at doses lower than
the clinical dose of atezolizumab (~ 16 mg/kg) and pem-
brolizumab (~ 2 mg/kg), as well as the chosen upper limit
of anti-miR-155 (0.21 and 1.31 mg/kg for the atezoli-
zumab and pembrolizumab combination, respectively).
This indicates synergy, as 92% and 86% of the studied
combinations of anti-miR-155 with atezolizumab and
pembrolizumab exhibited synergism (CI<0.9), respec-
tively (Fig. 5F and Supplementary Tables S5, S6). Fur-
thermore, a strong synergy (CI<0.3) was observed with
anti-miR-155 combined with atezolizumab but not with
pembrolizumab. For the former, a dose of atezolizumab
greater than 0.22 mg/kg, combined with a dose of anti-
miR-155 greater than 0.026 mg/kg but comprising a dose
fraction of less than 42%, led to strong synergy (Table 3).

Antagonistic combinations (CI>1.1) were also observed
under specific dose conditions (Table 3). Combinations of
anti-miR-155 with atezolizumab, involving anti-miR-155
doses exceeding 1.9 mg/kg and atezolizumab dose
fractions below 1.1%, as well as combinations of anti-
miR-155 with pembrolizumab, comprising anti-miR-155
doses greater than 1.32 mg/kg but with pembrolizumab
dose fractions below 7.1% exhibited antagonism. These
findings are consistent with anti-miR-155’s stimulatory
effect on PD-L1 expression in tumor cells and TAMs.
Higher doses of anti-miR-155 elevate PD-L1 expression
to high levels, overwhelming the low doses of atezoli-
zumab or pembrolizumab to effectively block PD-L1 and
PD-1 interactions.

Since the two-drug combinations of anti-miR-155 with
standard-of-care therapies showed synergy and increased
median PFS over monotherapies, we extended our inves-
tigation to three-drug combinations to explore further
enhancement in efficacy. Combinations of anti-miR-155
and cisplatin with atezolizumab (Fig. 5D) or pembroli-
zumab (Fig. 5E) exhibited a further increase in efficacy,
leading to a median PFS of up to 12.2 and 12.7 months,
respectively, thereby surpassing the efficacy of the anti-
miR-155 and cisplatin two-drug combination of 11
months. Notably, the three-drug combinations achieved
higher efficacy at further reduced doses (Table 2). In the
best-performing combination with atezolizumab, doses
of anti-miR-155 and cisplatin were 82% and 71%, respec-
tively, of the doses used in the most efficacious two-drug
combination. Similarly, in the best-performing combina-
tion with pembrolizumab, doses of anti-miR-155 and cis-
platin were 77% and 93% of the doses used in the most
efficacious two-drug combination. Further corroborated
by the Chou-Talalay analysis, 98% and 100% of the three-
drug combinations with atezolizumab and pembroli-
zumab, respectively, were synergistic (CI1<0.9; Fig. 5F and
Supplementary Tables S7, S8); 80% and 46% of the com-
binations involving atezolizumab and pembrolizumab,
respectively, showed strong synergy (CI<0.3), while none
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of the combinations were antagonistic in these scenarios.
The conditions necessary for strong synergy are reported
in Table 3.

Finally, as representative examples, we simulated a six-
month Q3W treatment using monotherapies at clini-
cal doses and the upper limit of anti-miR-155, strongly
synergistic (CI1<0.3) two-drug combinations (at doses
leading to the highest median PFS), and strongly syner-
gistic three-drug combinations (also at doses leading to
the highest median PFS) in our virtual patient cohort
(N=1,000). This simulation allowed us to obtain the
distribution of TTP and generate PFS curves through
Kaplan-Meier analysis for comparison between groups.
In showcasing these best results from various mono-
and combination therapies, we provide a comprehensive
view of the treatments that demonstrated the greatest
potential.

As depicted in Fig. 5G, the boxplot illustrates the dis-
tribution of TTP for different treatment groups versus
control. A significant increase in the mean value of TTP
is evident as we transition from the control group to the
three-drug combination group (p-value<0.0001; One-
way ANOVA). The control group exhibited the shortest
median TTP (1.4 months), followed by the monothera-
pies and two-drug combinations, with the three-drug
combinations showcasing the longest median TTP (12.4
and 13.1 months with atezolizumab and pembrolizumab,
respectively). Of note, the two-drug combination of anti-
miR-155 and cisplatin was comparable to the three-drug
combinations, yielding a median TTP of 11.3 months.
This finding highlights the enhanced therapeutic effi-
cacy of the two-drug combination, potentially offering
an effective solution when three-drug combinations are
not feasible. Such practicality may stem from the simplic-
ity of a two-drug regimen, reduced potential for toxicity,
and cost-effectiveness. Lastly, the observed trend in TTP
aligns with the values of median PFS reported in Table 2,
as obtained from the corresponding PFS probability
curves shown in Fig. 5H.

Conclusions

In this study, we conducted a comprehensive investiga-
tion of the translational potential of anti-miR-155 therapy
for NSCLC. We began by developing a multiscale mech-
anistic model that accounts for the complex biophysi-
cal interactions, physiological processes, and transport
phenomena associated with the delivery of systemically
administered NP-loaded anti-miR-155 and its effects on
tumor growth dynamics. This model was rigorously cali-
brated with in vivo datasets from NSCLC-bearing mice,
followed by interspecies scaling to humans through allo-
metric scaling techniques, providing a solid foundation
for subsequent translational analyses. Our study focused
on addressing two crucial aspects: (1) the translational
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efficacy of anti-miR-155 monotherapy for NSCLC and (2)
the potential for enhancing treatment outcomes through
combination therapies involving anti-miR-155 and stan-
dard-of-care drugs in NSCLC.

Our modeling and simulations demonstrated the effi-
cacy of anti-miR-155 monotherapy in a virtual patient
cohort, showing dose-dependent suppression of tumor
growth that led to enhanced efficacy, as defined by the
clinically relevant endpoints of median PFS and TTP. At
a dose of 2.5 mg/kg given once in three weeks over six
months, anti-miR-155 monotherapy exhibited a median
PFES of ~6.7 months, compared to the control and cis-
platin groups with median PFS of 1.4 and 2.8 months,
respectively.

To further enhance the efficacy of anti-miR-155, we
explored the possibility of combining it with standard-
of-care drugs. We identified strongly synergistic two- and
three-drug combinations involving anti-miR-155, cis-
platin, atezolizumab, and pembrolizumab that showed
remarkable efficacy at reduced doses. A particularly
compelling combination of anti-miR-155, cisplatin, and
pembrolizumab delivered a median PFS of 13.1 months,
while substituting atezolizumab produced a compa-
rable median PFS of 12.4 months. Notably, a simplified
combination involving only anti-miR-155 and cisplatin
demonstrated a median PFS of 11.3 months, potentially
offering practical advantages due to simplicity and cost-
effectiveness when compared to the more complex three-
drug combinations. Our analyses also provided critical
insights into suboptimal combination doses, underscor-
ing the need for careful dose regimen design to prevent
potential antagonistic effects that could compromise
treatment outcomes.

This modeling study has several limitations, includ-
ing simplifications in our mathematical model, such as
the absence of spatial heterogeneity in the tumor com-
partment and the assumption of uniform distribution of
NPs. Also, while the approach of allometric scaling to
obtain a clinically relevant model offers a bridge between
preclinical and clinical settings, it can introduce uncer-
tainties in model predictions. Furthermore, our analysis
lacked the genetic and PD-L1 expression heterogeneity
of NSCLC tumors that is known to influence outcomes,
and thus warrants future investigations for more accu-
rate predictions to support treatment personalization.
Addressing these limitations is crucial for advancing the
clinical translation of anti-miR-155 therapy, and further
research will aim to incorporate these aspects for a more
comprehensive understanding and application in NSCLC
treatment.

In summary, our study provides a strong quantita-
tive rationale for considering anti-miR-155 therapy in
the treatment of NSCLC. The findings of drug combi-
nation studies underscore the potential for synergy in
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combinations but also points to potential for antagonism.
The multiscale mechanistic model, calibrated with in vivo
data, can serve as a valuable tool for predicting clinical
treatment endpoints and guiding personalized treat-
ment strategies for systemic therapies. These results offer
a foundation for future clinical trials of anti-miR-155,
bringing us closer to more effective and safer therapeutic
approaches for NSCLC patients.

Methods

Mathematical model development

Extending our previous modeling framework [23, 25,
26], the mechanistic model was formulated as a system
of ordinary differential equations (ODEs) that incorpo-
rate the relevant biological processes and interactions
to describe the temporal evolution of key physiological,
pathological, and pharmacological variables. As shown
in Fig. 1, while the plasma compartment characterizes
the systemic pharmacokinetics of anti-miR-155-loaded
NPs and standard-of-care drugs, the tumor compartment
encompasses tumor-immune interactions, intratumoral
transport of drugs, and tumor growth dynamics under
control or treatment conditions, thereby leading to a
multiscale model of tumor response to systemic therapies
that was adapted for NSCLC.

In NSCLC, miR-155 is known to be overexpressed not
only in tumor cells [3] but also in TAMs [11], and this
phenomenon creates a secondary source of miR-155 for
tumor cells through TAM-secreted exosomes. Conse-
quently, miR-155 overexpression in cancer cells downreg-
ulates tumor suppressor genes [43], which drives tumor
progression. Importantly, miR-155 also plays a dual role
in the therapeutic response, i.e., inducing cisplatin resis-
tance through a miR-155/TP53-negative feedback mech-
anism [3] and suppressing PD-L1 expression in NSCLC
[13, 14]. While PD-L1 suppression may promote tumor
immunosurveillance by CD8+T cells, it can also induce
resistance to anti-PD-L1 and anti-PD-1 monotherapies
[41, 42]. Our model captures these intricate effects of
miR-155 overexpression in NSCLC, offering insights into
innovative treatment strategies, particularly the potential
of miR-155 antagonists (i.e., anti-miR-155) as a combina-
tion therapy to enhance the efficacy of standard-of-care
drugs, including cisplatin, pembrolizumab, and atezoli-
zumab, in NSCLC.

In translational modeling, it is crucial to compre-
hensively capture the multiscale transport phenomena
involved in drug delivery to the tumor [44—46]. This
allows us to account for the inter-patient variability in rel-
evant physiological processes and tumor characteristics
to provide a more accurate representation of how anti-
miR-155-loaded NPs and free drugs navigate the intricate
landscape of the tumor microenvironment. After injec-
tion into the bloodstream (i.e., plasma compartment),
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the anti-miR-155-loaded NPs and free drugs, collectively
referred to here as agents, are influenced by pharmacoki-
netic (PK) processes that determine their systemic con-
centration kinetics. From the bloodstream, these agents
navigate their way into the tumor interstitium through a
permeation-limited delivery process across tumor micro-
vasculature. Once inside the tumor interstitium, where
advection is limited due to high interstitial fluid pres-
sure [47], the agents rely on diffusion to reach the cell
membranes of their target cells. Depending on the type
of agent, specific biophysical processes come into play to
facilitate delivery to the target site and trigger the phar-
macodynamic effects. For example, NPs are internalized
into cancer cells through endocytosis, releasing anti-
miR-155 into the cytosol. In contrast, chemotherapeutics
diffuse directly into the cell cytosol, whereas antibodies
bind to specific cell surface receptors and ligands, such
as PD-1 and PD-L1 in the present work. Following suc-
cessful delivery to the target site, the pharmacodynamic
component of the model becomes active, where anti-
miR-155 promotes the degradation of miR-155. Cisplatin,
the reference chemotherapeutic, induces apoptotic cell
death, while anti-PD-L1 and anti-PD-1 antibodies inhibit
the tumor protective effects of PD-L1 and PD-1 immune
checkpoints, respectively, leading to enhanced T cell-
mediated tumor death.

In Supplementary Methods S1, we describe in detail
the ODEs that capture the intricate dynamics of the mod-
eled system (Equations S1-529). Note that the equations
are based on the law of mass action and obey the conser-
vation of mass.

Model parameterization and calibration

The model was first parameterized with physiologi-
cal parameter values either obtained directly from lit-
erature for mice or estimated through nonlinear least
squares fitting of the model to literature-derived in vivo
tumor growth kinetics data. Specifically, the system of
ODEs detailed in Equations S1-S29 was solved numeri-
cally as an initial value problem (initial conditions given
in Supplementary Table S3) in MATLAB R2022b using
the built-in function odel5s to simulate the exact treat-
ment protocols as described in the experimental studies.
The resulting numerical solution was then fit to the in
vivo data using the built-in function /sgcurvefit to mini-
mize the error between observed data and model predic-
tions. The selected datasets for model fitting encompass
mice engrafted with patient-derived xenografts or cell
line xenografts of NSCLC that were treated with anti-
miR-155-loaded liposomes [3], cisplatin [3], combina-
tion of anti-miR-155 and cisplatin [3], atezolizumab [27],
or pembrolizumab [28]. Pearson correlation analysis was
performed to evaluate the goodness of fit between the
model and the in vivo data. Model parameters, including
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those estimated through fitting, are detailed in Supple-
mentary Tables S1 and S2.

Interspecies scaling

To extrapolate our model from mice to humans, the
parameter values for mice were either substituted with
population averages for humans, or allometrically
scaled as a function of body weights. Thus, the value
of parameter ; for humans (P") was determined by:
Pl =pm. BW:% , where P/" is the value of param-
eter ; for mice, BW, and BW,,are the assumed body
weights for humans (BW; = 70 kg) and mice (BW,, =
0.02 kg), respectively, and A is the allometric exponent.
The choice of allometric exponent A varies depending
on the subset of parameters being scaled. For instance, a
value of A=-0.25 is applied to rate constants [48], a value
of A =0.75 is utilized for clearance [49], a value of A = 1
is applied to the volume of distribution [50], while a value
of A=-0.33 is associated with dose scaling [51]. Supple-
mentary Tables S1 and S2 report values of the model
parameters for both mice and humans.

Treatment response evaluation

The model was used to study the effect of anti-miR-155
therapy, alone or in combination with standard-of-care
drugs, on tumor growth dynamics. To assess treatment
response, we employed two complementary metrics: (1)
tumor growth inhibition (TGI) and (2) change in tumor
diameter from baseline, as defined by RECIST 1.1 guide-
lines [30]. Note that baseline here refers to the tumor size
at the time of treatment initiation or the smallest tumor
size recorded since the beginning of treatment. See Sup-
plementary Methods S2 for details.

Parameter sensitivity analysis

To investigate the importance of the various model
parameters in causing tumor shrinkage under treatment
with anti-miR-155, we conducted a detailed parameter
sensitivity analysis. We performed both local sensitivity
analysis (LSA) and global sensitivity analysis (GSA) by
perturbing specific parameters of interest. These param-
eters were systematically altered over a range of +50% of
their baseline values, and we measured their impact on
tumor growth inhibition (TGI) under these modified
conditions. See Supplementary Methods S3 for details.

Characterization of dose-response relationship

This analysis aimed to explore the impact of treatment
regimen, i.e., dose and treatment frequency, on the effi-
cacy of anti-miR-155 monotherapy. The various treat-
ment regimens that were investigated included once a
week (QW), once every two weeks (Q2W), and once
every three weeks (Q3W) injections for time periods
equivalent to 25, 13, and 9 treatment cycles, respectively;
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the total treatment duration was ~six months. To com-
prehensively establish the dose-response relationship, 20
different doses of anti-miR-155 were examined between
1072 and to 10 mg/kg, sampled uniformly on log scale.
Note that treatment for every scenario was initiated at
124 weeks post-tumor inception with a single cancer cell
on day zero. The assessment of tumor response to every
dose at the various treatment frequencies was based on
two key metrics, defined previously: (1) TGI by the end of
treatment and (2) change in tumor diameter from base-
line as defined by RECIST 1.1.

To characterize the relationship between dose and
TGI, we employed the Hill equation, a sigmoidal dose-
response model, which is given as:

E= Ema‘x/ (1 + (EC%) ) . (1)
Dose

Here, F is the effect of anti-miR-155 measured as TGI;
Enax is the maximal effect of the drug; ECs is defined as
half maximal effective dose (the dose that produces half
of the maximal effect, i.e., Eyax/2) and is an indicator of
drug potency; n, is the Hill coefficient, which is a measure
of the curve’s steepness or slope and quantifies the degree
of cooperativity in the binding of the drug to its molecu-
lar target.

Note that the relationship between dose and RECIST
1.1-derived measure of treatment response was charac-
terized by a modified form of Hill equation [52], given by:

ECs\"
E = Emiﬂ + (Emax - Emin)/ (1 + < 50) ) . (2)

Dose

Here, F,;, is the effect at zero dose.

To account for population-scale variability in treatment
response or uncertainty in parameter estimates, 1,000
combinations of the most sensitive parameters identified
from GSA were generated through Latin Hypercube sam-
pling from +10% range of their baseline values. By simu-
lating tumor treatment at a given dose and frequency
1,000 times to test the various parameter combinations,
we were able to obtain 90% prediction intervals to quan-
tify uncertainty in dose-response relationships.

Generation of virtual patient cohort

To evaluate the effects of drugs under clinically relevant
scenarios, we generated a virtual patient cohort that can
reasonably capture the biological and physiological vari-
ability of a patient population that had tumor character-
istics representative of stage IA NSCLC, as per the TNM
staging system [29]. Specifically, our virtual cohort was
intended to consist of tumors ranging in volumes from
0.5 to 10 cm?, such that the diameters of tumors varied
between 1 and 2.68 cm, assuming spherical shape for



Dogra et al. Molecular Cancer (2024) 23:156

tumors. To achieve this, we adapted the methodology
of Allen et al. [53]. See Supplementary Methods S4 for
details.

While the model can simulate larger, late-stage pri-
mary tumors, there may be limitations in nanoparticle
delivery efficiency due to factors such as poor vascular-
ization, high interstitial fluid pressure, and other char-
acteristics of the tumor microenvironment that impede
effective nanoparticle penetration and distribution [54].
These challenges can significantly impact the therapeutic
efficacy of nanoparticle-based delivery systems. There-
fore, we focus on early-stage tumors, where nanoparticle
delivery is more efficient and the tumor microenviron-
ment is less complex. This approach allows us to pro-
vide more robust and clinically relevant insights into the
potential benefits of anti-miR-155 therapy.

Drug combination studies and synergy evaluation

The occurrence of synergy in drug combinations has the
potential to enhance the efficacy of treatments and allow
dose reduction for improved safety. To investigate the
ability of anti-miR-155 to exhibit synergistic effects in
combination with one or more standard-of-care drugs
for NSCLC, we performed drug combination simula-
tions, exploring two- and three-drug combinations of
anti-miR-155 with standard-of-care drugs across a range
of doses. These combinations included anti-miR-155 in
non-constant dose ratios with (1) pembrolizumab, (2)
atezolizumab, (3) cisplatin, (4) cisplatin and pembroli-
zumab, and (5) cisplatin and atezolizumab. To sample
the doses effectively, we employed LHS, drawing fifty
samples for each combination from a dose range span-
ning 0.01 mg/kg (the lower limit for all drugs) to the
clinically prescribed dose for standard-of-care drugs.
For anti-miR-155, the upper limit was set at 2.5 mg/kg
based on our dose-response relationship analysis. Treat-
ment with monotherapies and the various combina-
tion therapies were then simulated in our virtual patient
cohort (N=1,000) over a six-month period using a Q3W
regimen, equivalent to nine treatment cycles. Note that,
in the case of cisplatin, we administered only six cycles,
aligning with clinical practice. Thus, for every sampled
dose of monotherapies and combination therapies,
median PFS was calculated from Kaplan-Meier analysis
of the time to progression, as per RECIST 1.1, in virtual
patients. Furthermore, the corresponding TGI at the end
of treatment was calculated for combination therapies
to evaluate synergy using the Chou-Talalay method [40].
For this, a combination index (CI) was calculated using
the open-source software COMPUSYN (https://www.
combosyn.com/), such that CI<1 is an indicator of syn-
ergism. The analysis report thus generated has been pro-
vided as Appendix A in supplemental material.
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