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Abstract

Antibody-drug conjugates (ADCs) are gaining increasing traction in the treatment

of oncological diseases; however, many clinical failures have also been observed.
One key factor limiting ADC effectiveness is the heterogeneous expression of their
target antigen. While the vast majority of ADCs in clinical development target anti-
gens on cancer cells (cancer-targeting), they can also target antigens expressed

on non-cancerous stromal cells in the tumor microenvironment (stroma-targeting).

It remains unclear if ADCs targeting stromal cells can outperform cancer-targeting
ADCs. Here, we present three related mathematical models to evaluate: (1) cancer-
targeting ADCs with homogeneous target antigen expression, (2) cancer-targeting
ADCs with heterogeneous target antigen expression, and (3) stroma-targeting ADCs.
Our simulations suggest that cancer-targeting ADCs can achieve high efficacy when
their target antigen is homogenously expressed. However, in cases of heteroge-
neous antigen expression, cancer-targeting ADCs may lead to an initial reduction in
tumor size, followed by regrowth due to the elimination of antigen-positive cells and
expansion of antigen-negative cells. This limitation could potentially be overcome

by stroma-targeting ADCs, as antigen-positive stromal cells may continue to be
recruited into the tumor by the oncogenic factors produced by the remaining cancer
cells. Furthermore, we demonstrate that ADCs with more permeable payloads and
less stable linkers may offer improved efficacy in the context of heterogeneous target
expression.
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develop mechanistic mathematical models to predict responses to ADC treat-
ment, with a particular focus on bystander effects impacting neighboring antigen-
negative cells. Our simulations compare three scenarios: (1) all cancer cells
express the target; (2) only a subset of cancer cells expresses the target; and (3)
the ADC targets supportive non-cancerous cells in the tumor microenvironment
rather than the cancer cells themselves. Our results show that if only a subset

of cancer cells expresses the target, treatment may not be effective in the long
term. However, targeting non-cancer cells in the tumor’s surroundings may offer
an alternative, assuming these cells remain present alongside cancer cells. Addi-
tionally, we examine key ADC design parameters, including payload membrane
permeability and drug-antibody linkage stability, which can be optimized during
drug development to enhance therapeutic efficacy.

Introduction

Antibody-drug conjugates (ADCs) are therapeutic agents composed of three main
components: an antibody, a payload, and a linker that connects the two. This com-
bination enables ADCs to leverage the specificity of antibodies for targeting and
potency of the payloads to kill the target cells [1]. Upon binding to their targets on
the cell surface, ADCs are internalized, and the payload is released inside the cells.
The payload can then diffuse out of the target cells into neighboring cells and kill
them, a phenomenon known as bystander killing. This mechanism allows ADCs to
eliminate antigen-negative (Ag-) cells in the tumor microenvironment (TME) as well
(Fig 1A) [2].

ADCs can target antigens expressed on cancer cells (cancer-targeting ADC)
or on non-cancerous cells within the TME, such as stromal cells (stroma-targeting
ADC) [3-5]. While all clinically approved ADCs target antigens expressed on cancer
cells [6], promising results have been reported in preclinical studies [7] and clinical
trials [8].

Cancer-targeting ADCs with heterogeneous expression of their target antigen,
as well as stroma-targeting ADCs, rely on bystander effects to kill Ag- cancer cells.
Since antigen expression heterogeneity is one of the significant factors leading to
poor treatment outcomes [1,9], optimizing ADCs for bystander efficacy is crucial for
addressing this challenge. However, it remains unclear whether cancer-targeting or
stroma-targeting ADCs are more effective in bystander killing, or how ADCs can be
optimized to enhance bystander killing.
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Fig 1. Overview of the bystander effect and the models. A) ADC mechanism of action and bystander effect. B) Cell growth dynamics in models: 1)
One-Cell Type Model: represents a cancer-targeting ADC directed at a tumor with homogeneous target expression among cancer cells. 2) Independent
Growth Bystander Model: represents a cancer-targeting ADC aimed at a tumor with heterogeneous target expression among cancer cells. 3) Recruit-
ment Bystander Model: represents a stroma-targeting ADC, where the target is only expressed by stromal cells and not by cancer cells. C) Overview of
the Independent Growth Bystander Model. Note that the One-Cell Model does not include Ag- cells (S1 Fig). The Recruitment Bystander Model differs

PLOS Computational Biology | https:/doi.org/10.1371/journal.pcbi.1012839 August 13, 2025 3/16




A Computational
PLOS }. Biology

from the Independent Growth Bystander Model only in cell growth dynamics, where the growth of Ag+ cells depends on the Ag- cells (S2 Fig). A: ADC,
E: extracellular payload, T: target antigen, AT: singly-bound ADC, AT,: doubly bound ADC, A, : internalized ADC, I: intracellular payload in Ag+ cells, I :
intracellular payload in Ag- cells, P: permeability of the payload across the cell membrane, green circles: Ag+ stromal cells, orange circles: Ag- cancer
cells, n /n_: cycling Ag+/Ag- cells, n_/n , : damaged Ag+/Ag- cells, i=2,3,4. Functions f(l) and f(I-) denote sigmoidal functions of the intracellular pay-
load per cell (see Supplementary). Subscripts ce/pe denote the species in the Central/Peripheral compartments and the subscript con denotes concen-
tration. All terms and rates are described in detail in Tables A—C in S1 Text.

https://doi.org/10.1371/journal.pcbi.1012839.g001

Predicting ADC clinical outcomes, optimizing their properties, and selecting the appropriate therapeutic indications are
challenging tasks due to the complex and often counterintuitive behavior of ADCs [2,10,11]. To address these challenges
and evaluate bystander effects under various scenarios, here we present three related mechanistic models for ADCs.
These models enable comparisons between cancer-targeting ADCs with homogeneous or heterogeneous target anti-
gen expression and stroma-targeting ADCs. In this study, we define homogeneous expression as a scenario in which all
cancer cells express the target antigen, whereas heterogeneous expression refers to cases where only a subpopulation
of cancer cells expresses the target. For stroma-targeting ADCs, we specifically consider situations in which the target is
expressed by stromal cells but not by cancer cells.

Mechanistic mathematical models have been instrumental in unraveling the complex relationships between ADC
properties and ADC efficacy, thereby guiding the development of optimal ADC compounds for clinical application [12].
Building on existing mechanistic models for ADC modality [13—17], we expand the framework to encompass both Ag+ and
Ag- cells, as well as key ADC mechanisms of action, including binding to target antigen, crosslinking on the cell surface,
payload release, payload diffusion across the cell membrane, and linker deconjugation. We propose a novel approach
to distinguish between cancer-targeting and stroma-targeting ADCs based on interactions between Ag+ and Ag-— cells.
For cancer-targeting ADCs with heterogeneous target expression, we assume Ag+ and Ag- cancer cell populations grow
independently. In contrast, for stroma-targeting ADCs, we model Ag+ stromal cell growth as dependent on the Ag- cancer
cells, given that stromal cells are present in the TME due to the oncogenic drivers [18,19] and that a disrupted TME will be
reconstructed by tumor cells [5]. We present a framework that leverages the initial ratio of Ag+ stromal cells to Ag- cancer
cells to parameterize their dynamic interaction.

Our simulations indicate that cancer-targeting ADCs may have limited long-term efficacy if their target is expressed het-
erogeneously. Although the tumor might initially shrink, it will eventually regrow due to expansion of Ag- cancer cells. This
limitation arises because ADC treatment leads to a higher intracellular payload concentration in Ag+ cells, rendering them
more sensitive to ADC treatment. However, ADCs targeting stromal cells might overcome this limitation, as Ag+ stromal
cells may be recruited to the tumor by oncogenic drivers produced by the remaining Ag- cells.

Additionally, our results highlight that optimal ADC properties depend on target antigen expression patterns. For homo-
geneous target expression on cancer cells, cancer-targeting ADCs with less permeable payloads may achieve better
efficacy. Conversely, for heterogeneous target expression, more permeable payloads may be more effective. Lastly, we
demonstrate that a certain degree of linker instability can enhance ADC efficacy, suggesting the existence of an optimal
level of linker stability for maximizing therapeutic outcomes.

Our models incorporate avidity which is often overlooked in existing literature. By comparing simulations with and
without avidity, we demonstrate that its omission can lead to significant differences in receptor occupancy and bound ADC
projections, potentially resulting in different efficacy projections. Additionally, we employ a framework for modeling linker
deconjugation by independently tracking total antibody levels and the average drug-to-antibody ratio (DAR). We justify the
exponential decay in average DAR through analysis of a hierarchical ODE model of linker deconjugation. This approach
allows for continuous modeling of DAR, offering a practical alternative to models that either consider only fully conjugated
species or track each DAR species individually.
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Methods
Overview of mathematical models

Here, we present three related ordinary differential equation (ODE) models describing the mechanism of action of
ADCs in various scenarios. The first model is the One-Cell Type Model, which incorporates only Ag+ cells in the
Tumor compartment, representing Ag+ cancer cells. This model simulates a cancer-targeting ADC aimed at a tumor
with homogenous target expression in the cancer cells (Figs 1B and S1). The second and third models are bystander
models that incorporate both Ag+ and Ag- cells in the Tumor compartment. In the Independent Growth Bystander
Model, both Ag+ and Ag- cells represent cancer cells that grow independently, simulating a cancer-targeting ADC
applied at a tumor with heterogeneous target expression (Fig 1B and 1C). In contrast, in the Recruitment Bystander
Model, Ag+ cells represent the stromal cells expressing the target, while Ag- cells represent the cancer cells lacking
the target (Figs 1B and S2). In this model, Ag+ cell growth is driven by Ag- cancer cells to incorporate the relation
between cancer and stromal cells. This model simulates a stroma-targeting ADC where the target is only expressed
by stromal cells.

In all models, the pharmacokinetics of the ADC and the payload are captured using a two compartment PK framework
that includes Central and Peripheral compartments with elimination occurring in the Central compartment (Fig 1C). To
accurately represent the PK of the ADC and the payload, different Central and Peripheral volumes are used for each,
following a similar approach to that described in [16].

The models incorporate the diffusion of ADC and payload between the Central and Tumor compartments. Within the
Tumor compartment, the models account for ADC binding to its target, ADC crosslinking on the cell surface (avidity), ADC
internalization, ADC degradation and payload release. ADC degradation and payload release in the cells are modeled as
a single step. The payload can diffuse in and out of the cells, and in the bystander models, it can also diffuse in and out of
Ag- cells. Additionally, the extracellular payload can diffuse into the Central compartment, where it may further diffuse into
the Peripheral compartment or be cleared. In the models, the number of targets per cell is constant and the total number
of targets is linearly proportional to Ag+ cell number. Cell dynamics are modeled using the exponential-linear growth and
the non-proliferative damaged cell compartments introduced by [20]. This transit compartment approach assumes that
treatment first renders cells non-proliferative before ultimately leading to cell death, enabling the model to capture the
delayed therapeutic effects of treatment [20]. Tumor size is linked to the total cell number.

In the Recruitment Bystander Model, Ag+ cell growth depends on the presence of Ag- cells. The initial ratio of Ag- to
Ag+ cells is assumed to reflect the steady-state ratio that these populations reach prior to treatment. This ratio is then
used to set the rate of recruitment of Ag+ cells by Ag- cells (S1 Text Section 2).

To account for the potential premature payload release of the payload by ADCs in serum and tissues [21], sponta-
neous linker deconjugation is also included in the models. As this process may arise from a spontaneous, non-enzymatic
reaction [22], it is assumed to occur at the same rate in every compartment. In the models, the ADC represents the total
antibody of any drug-to-antibody ratio (DAR), while the change in the average DAR is modeled separately using an expo-
nential decay function to account for the linker deconjugation process, following a similar approach to that of [16]. We also
provide a motivation for this approach by showing that if the linker deconjugation rate is uniform across all conjugation
sites, the average DAR decreases exponentially (S1 Text Section 3).

Model parametrization

Model parameters and equations are given in Supplementary Material. The models are parametrized using literature
values based on Trastuzumab Deruxtecan (Table D in S1 Text). Due to the lack of clinical trials involving deruxtecan (DXd)
as a standalone small molecule, the PK parameters of a closely related compound, exatecan, are used instead [23]. Note
that deruxtecan is a derivative of exatecan [24].
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Model implementation

The models are implemented in SimBiology and simulated using MATLAB 2022a. The model sbproj file is included in the
Supplementary Material (S1 Model File).

Results

Cancer-targeting ADCs may provide limited durability of response when the target antigen is expressed
heterogeneously, whereas stroma-targeting ADCs may overcome this limitation

Here, we simulate 5.4 mg/kg Q3W ADC treatment schedule. This treatment regimen leads to tumor regression with the
One-Cell Type Model (Figs 2A and S3A).

In the Independent Growth Bystander Model, which represents cancer-targeting ADCs with heterogeneous target
expression, the treatment does not achieve a durable response for all initial Ag- to Ag+ ratios with the current model
parameters. Eventually, the tumor regrows (Figs 2B and S3B). A higher initial percentage of Ag+ cells delays regrowth.
While the number of Ag+ cells consistently decreases, the tumor regrowth is driven by the proliferation of Ag- cells. In con-
trast, in the Recruitment Bystander Model, representing a stroma-targeting ADC, durable tumor regression is achievable
for sufficiently high initial percentage of Ag+ cells (Figs 2C and S3C).

The internal payload dynamics elucidate the limitations of ADC mechanism of action in the bystander setting: ADCs
initially enter the Ag+ cells and the payload is released in these cells. The payload then diffuses out of Ag+ cells into the
TME and subsequently into Ag- cells, down its concentration gradient. This diffusion process results in a higher internal
payload concentration in Ag+ cells compared to Ag- cells, making Ag+ cells more sensitive to ADC treatment (Fig 2D).

Deterministic ODE models, where the cell numbers are continuous variables, cannot capture stochastic extinction
events in small populations. To address this limitation, a threshold can be introduced, assuming the Ag- cell population
becomes extinct if it falls below this threshold. For illustration, we have chosen a threshold of 10*7 cells, which is below
the detection limit of current methods [25,26]. Under the current model parametrization, an initial Ag+ cell population of
approximately 90% is required to drive Ag- cell population below this threshold within 84 days (S3D Fig).

Mouse xenograft models support model predictions

Admixed xenograft models, where a mixture of Ag+ and Ag- cells are injected into mice, provide an experimental valida-
tion for the simulations with the Independent Growth Bystander Model (Fig 2B). The findings from admixed xenograft mod-
els reported by [27] align with the model projections: tumors containing a mixture of Ag+ and Ag- cells eventually regrow.
As the percentage of Ag+ cells increases, the regrowth is delayed further (Figure 7 in (27)). The authors also report that
after treatment, only Ag- cells remain (Figure 5 in (27)).

Xenograft models with Ag- cancer cells and stroma-targeting ADCs serve as a test case for the simulations with the
Recruitment Bystander Model (Fig 2C). Note that in these cell line-derived mouse models, the stromal cells are of murine
origin. In the study by [28], an Ag- cancer cell line was treated with a stroma-targeting ADC, allowed to grow, and then
retreated. Unlike the admixed xenograft models, the tumor regrowth in this case included Ag+ cells. Additionally, retreat-
ing the tumor resulted in a similar degree of tumor regression as the initial treatment (Figure 4C in (28)). This mirrors the
simulation results (Fig 2C), where Ag+ cells are not totally depleted with the Recruitment Bystander Model, as long as Ag-
cells remain present.

Less permeable payloads may enhance efficacy in tumors with homogeneous target expression, whereas more
permeable payloads may be more effective in tumors with heterogeneous target expression

Next, we investigate the optimal properties of ADCs for maximum efficacy in homogeneous and heterogeneous settings.
First, we vary the permeability of the payload across the cell membrane. In the One-Cell Type Model, where every cell
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A One-Cell Type Model, representing cancer-targeting ADC, homogeneous expression
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Fig 2. Comparison of cell growth and intracellular payload concentrations. A) One-Cell Type Model. Tumor shrinks. B) Independent Growth
Bystander Model. Tumor eventually grows across all tested initial Ag-:Ag+ ratios. C) Recruitment Bystander Model. Durable tumor suppression can

be achieved when the initial percentage of Ag+ cells is sufficiently high. D) Intracellular payload concentrations are higher in Ag+ cells compared to
Ag- cells.

https://doi.org/10.1371/journal.pcbi.1012839.g002
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is Ag+, increasing payload permeability results in decreased efficacy (Figs 3A and S4A). For example, with the default
permeability value, tumor volume is reduced by approximately 97% compared to baseline on day 84. A fivefold increase in
permeability reduces tumor volume by about 87%, and a tenfold increase results in an 85% reduction.

In contrast, in the bystander models, increasing payload permeability leads to increased efficacy (Figs 3B, 3C, S4B and
S4C). In the Independent Growth Bystander Model, the default simulation results in 94% tumor growth. A tenfold decrease
in permeability increases tumor growth to 219%, whereas a tenfold increase reduces tumor volume by 57.6%. In the
Recruitment Bystander Model, the default permeability results in a 23% reduction in tumor volume. A tenfold decrease in
permeability leads to 118% tumor growth, while a tenfold increase results in a 57% reduction.

Increased payload permeability allows for more payload to diffuse out of Ag+ cells, leading to lower intracellular pay-
load concentrations, resulting in less efficient killing of these cells. Conversely, increased payload permeability facilitates
more efficient transport of the payload into the Ag- cells, leading to more efficient killing of Ag- cells. Thus, in the bystander
setting, increasing permeability might lead to increased Ag+ cell number while decreasing the number of Ag- cells
(Fig 3B). As a result, the Ag+ population might be maintained for a longer period, and Ag- cells can be killed more effec-
tively, leading to better tumor suppression. Therefore, the permeability of the payload across cell membrane could be
critical in determining whether a tumor shrinks or grows (Fig 3B and 3C).

Note that in the bystander models, for different parameter regions or other time points, the opposing effect of payload
permeability on the killing of Ag+ and Ag- cells may result in an optimal payload permeability value for maximum efficacy.
For example, simulations of the Independent Growth Bystander Model with an initial Ag- to Ag+ ratio of 20:80 reveal an
optimal range of payload permeability around the default value (S4D Fig). At the default permeability, tumor volume is
reduced by 91%. Deviating from this value in either direction results in reduced efficacy: a tenfold decrease in permeability
leads to only an 11% tumor reduction, while a tenfold increase yields an 83% reduction.

Linker deconjugation may increase ADC efficacy

Payload release through spontaneous linker deconjugation can either increase or decrease ADC efficacy. Increasing the
rate of spontaneous linker deconjugation may elevate the levels of free payload in the TME, which could lead to higher
internal payload concentrations within the cells by reducing the payload concentration gradient between TME and the
cells. However, spontaneous linker deconjugation also reduces the average DAR, resulting in less payload being deliv-
ered to the cells. Additionally, the release of the payload from ADC can lead to faster elimination of the payload from the
system, as payload clearance occurs faster than ADC clearance.

Here, we simulate various linker deconjugation rates to assess their impact on efficacy. Across all models, there is an
optimal linker deconjugation rate that maximizes efficacy by balancing the aforementioned effects (Figs 4 and S5). The
impact of linker deconjugation on efficacy is more pronounced in the bystander models than the One-Cell Type model
(Fig 4A vs Fig 4B and 4C).

While a less stable linker may improve efficacy, it can also increase toxicity due to the elevated levels of free payload in
circulation [29]. Therefore, linker stability should be optimized taking both efficacy and toxicity into consideration.

Models incorporating avidity yield different projections of bound ADC and/or receptor occupancy compared to
those without, potentially affecting efficacy predictions

Most ADCs utilize bivalent antibodies that can bind to two antigens on the cell surface. Our models account for this avidity
by simulating both singly- and doubly-bound ADCs. To assess the impact of avidity, we repeat selected simulations from
Fig 2 without the second binding step (i.e., k_ ,,=0) and compare to the original projections. We focus on efficacy projec-
tions and two key metrics: receptor occupancy (RO) and bound ADC per Ag+ cell. While bound ADC is more relevant for
ADC efficacy, receptor occupancy may be more relevant for other biologics, such as immune checkpoint inhibitors. There-
fore, we compare both metrics across simulations with and without avidity.
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A One-Cell Type Model, representing cancer-targeting ADC, homogeneous expression
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may have an optimal value for a different set of parameters or time points (see S4D Fig).

https://doi.org/10.1371/journal.pcbi.1012839.g003
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A One-Cell Type Model, representing cancer-targeting ADC, homogeneous expression
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Fig 4. Effect of linker stability on ADC efficacy. A) One-Cell Type Model. B) Independent Growth Bystander Model. C) Recruitment Bystander Model.
In all models, a decrease in linker stability, i.e., an increase in deconjugation rate, initially enhances efficacy but eventually reduces it. This effect is more

pronounced in the bystander models.

https://doi.org/10.1371/journal.pcbi.1012839.g004
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A One-Cell Type Model, representing cancer-targeting ADC, homogeneous expression
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Fig 5. Effect of incorporating avidity into the models. Selected simulations from Fig 2 are repeated without including avidity in the model.

https://doi.org/10.1371/journal.pcbi.1012839.9005

In the One-Cell Type Model, simulations with and without avidity yielded identical efficacy projections, as both resulted
in the same levels of bound ADC. However, the receptor occupancy projections differed significantly: simulations with-
out avidity predicted RO values approximately half of those with avidity (Fig 5A). In contrast, for the Independent Growth
Bystander Model and the Recruitment Bystander Model, simulations without avidity projected higher bound ADC per cell,
resulting in stronger predicted efficacy. Receptor occupancy in these cases was either unchanged (in scenarios with 100%
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RO) or lower in the absence of avidity (Fig 5B and 5C). These findings highlight that RO and bound ADC estimates can
diverge between models with and without avidity, potentially leading to different efficacy projections. In some cases, the
differences may be minor, such as when both simulations predict tumor regression with slight variations in magnitude (Fig
5A and 5B). However, in more sensitive scenarios, one simulation may predict tumor suppression while the other predicts
tumor growth (Fig 5C). The magnitude of these differences depends on factors such as binding kinetics, dose, and recep-
tor expression per cell. While simulations without avidity showed greater tumor reduction in our examples, other parame-
ter regimes, such as weak binding affinity and high dissociation rates, may lead to reduced efficacy in models that do not
account for avidity. Therefore, for bivalent antibodies, incorporating avidity into the model is critical for accurately capturing
therapeutic outcomes.

Discussion

In this study, we present novel models to assess ADC efficacy across various scenarios, providing key insights into ADC
mechanism of action and potential limitations of this modality. Our simulations indicate that cancer-targeting ADCs may
not provide durable responses when their target antigen is heterogeneously expressed. Specifically, ADCs cause higher
internal payload levels in Ag+ cells than Ag- cells. While this leads to initial tumor regression, the subsequent reduction
in Ag+ cell population allows the Ag- cells to drive tumor regrowth. Stroma-targeting ADCs are a promising alternative to
overcome this limitation, under the assumption that oncogenic drivers produced by the remaining Ag- cells will recruit the
Ag+ stromal cells to the tumor.

In our simulations, we used DXd parameters as the default. Several other commonly used payloads, such as PBD,
MMAE, and MMAF are roughly 4-, 9-, and 80-fold less permeable than DXd, respectively (Table 2 in (14)). While this
reduced permeability may result in more effective killing in settings with homogeneous target expression, it could limit
efficacy in bystander killing scenarios (Fig 3). For a rigorous comparison, however, both the permeability and potency of
these payloads need to be considered.

In our simulations with bystander models, the same payload sensitivity and permeability parameters were used for the
Ag+ and Ag- cells to keep the focus on the dynamics generated by cell interactions, avoiding confounding factors intro-
duced by parameter differences. Similarly, in the Independent Growth Bystander Model, identical growth parameters were
used for both cell types. In practice, however, these parameters could be different for Ag+ and Ag- cells. For example, in
an admixed xenograft mouse model, Ag+ cells overexpressing the target may grow faster or slower than the Ag- cells,
depending on the biological role of the overexpressed target.

Furthermore, using the same payload sensitivity parameters for both Ag+ and Ag- cells might underestimate the effi-
cacy of stroma-targeting ADCs, as stromal cells might be less sensitive to cytotoxic payloads like microtubule inhibitors
or Topoisomerase 1 inhibitors, which predominantly affect rapidly dividing cells [30,31]. Thus, the efficacy of the stroma-
targeting ADCs might be better than projected if accounting for such differences. Another factor affecting stroma-targeting
ADC efficacy is the Ag+ stromal cell to Ag- cancer cell ratio. While stromal cells may be more abundant than cancer cells
in certain tumor types, as reflected in tumor-stromal ratio (TSR) [32], the proportion of target bearing stromal cells is likely
smaller than the overall TSR. A lower percentage of Ag+ stromal cells would reduce the effectiveness of stroma-targeting
ADCs. These potential parameter differences between Ag+ and Ag- cells underscore the importance of calibrating the
models to the specific ADC and patient population under investigation.

In the models presented here the payload moves down its concentration gradient. Potential effects of efflux pumps,
which could alter the relative payload concentrations in Ag+ and Ag- cells, are not considered. Additionally, for the Recruit-
ment Bystander Model, we sought to include the most basic relationship that would recapitulate existing literature data,
thus, more complex relationships between cancer cells and stromal cells are omitted.

Targeting stromal cells may also trigger immune-related mechanisms. For instance, the elimination of stromal cells
could enhance immune cell infiltration and boost efficacy [5,33]. However, this study primarily examines bystander killing
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and does not address immune system-related effects. Additionally, the Recruitment Bystander Model, by design, does not
permit stromal cell depletion in the presence of cancer cells. Whether such depletion can occur in vivo remains an open
question. Moreover, while the ODE models assume a well-mixed cell population, the spatial distribution of cells could be
non-uniform, and spatial effects may influence efficacy. These spatial effects are beyond the scope of this study.

Overall, additional factors, such as the differential sensitivity of Ag+ and Ag- cells, immune system related effects dis-
cussed above, or extracellular payload release within TME and immunomodulatory effects [34] may contribute to greater
efficacy than predicted by our models.

Target antigen expression on cancer cells often exist along a continuum. Here, we consider two scenarios: one
where all cancer cells express the target and another with two distinct subpopulations — one expressing the target and
the other lacking it. However, there could be multiple subpopulations of cancer cells exhibiting varying levels of target
expression, ranging from low to high. The models presented here represent the two limiting cases. Additionally, some
targets may be expressed on both cancer cells and stromal cells [28], which would enhance the efficacy predicted by
our models. While our current focus is on these limiting cases, the models can be readily extended to more complex
scenarios.

Our simulations indicate that optimal ADC properties depend on the target expression pattern. While a less permeable
payload might be more effective for a homogeneously expressed target, a more permeable payload could achieve better
efficacy with a heterogeneously expressed target. Additionally, there may exist an optimal range of cell membrane per-
meability under specific parameter regimes. Similar optimal payload permeability characteristics have been investigated
in the context of payload diffusion beyond the direct reach of the ADC, highlighting the importance of balancing cellular
uptake and diffusion to maximize bystander killing efficacy [14]. Likewise, a less stable linker may improve efficacy. Impor-
tantly, these properties can be tuned during the ADC development process by modifying the physicochemical characteris-
tics of the selected payload, as well as through the choice of linker type and conjugation strategy [35,36].

While our models focus on efficacy, clinical candidate optimization requires a careful balance between efficacy and
toxicity. Thus, an unstable linker, though beneficial for efficacy, might increase toxicological risks, rendering it unsuitable
for clinical development.

Overall, our results underscore the promise of stroma-targeting ADCs as a viable alternative to cancer-targeting ADCs
in cases of heterogeneous target expression. We believe our models provide valuable tools for optimizing ADC properties
and guiding preclinical and clinical ADC development.

The models presented in this study can be extended to incorporate additional complexities, such as more intricate inter-
actions between Ag+ and Ag- cell populations, transitions between these states driven by genetic or epigenetic changes,
and the emergence of resistant cell lines. Furthermore, targeting other components of the tumor microenvironment, such
as the vasculature or extracellular matrix, offers another valuable direction for future work. Incorporating ADC and pay-
load penetration into the tumor using partial differential equation models to account for spatial dynamics also represents
a promising avenue for further development. Moreover, avidity effects can be further refined by assigning distinct internal-
ization rates to singly- and doubly-bound ADCs, if differential internalization is observed experimentally. Such differences
may also influence receptor expression levels per-cell and can be incorporated into the model to more accurately capture
the impact of differential internalization.

Supporting information

S$1 Fig. Overview of the One-Cell Type Model. A: ADC, E: extracellular payload, T: target antigen, AT: singly-bound
ADC, AT,: doubly bound ADC, A, . internalized ADC, I intracellular payload in Ag+ cells, | : intracellular payload in

Ag- cells, P: permeability of the payload across the cell membrane, green circles: Ag+ stromal cells, n_: cycling Ag+
cells, n_: damaged Ag+ cells, i=2,3,4. Function f(I) denotes sigmoidal function of the intracellular payload per cell (see
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Supplementary). Subscripts ce/pe denote the species in the Central/Peripheral compartments and the subscript con
denotes concentration. All terms and rates are described in detail in Tables A-C in S1 Text.
(TIF)

S2 Fig. Overview of the recruitment bystander model. A: ADC, E: extracellular payload, T: target antigen, AT:
singly-bound ADC, AT,: doubly bound ADC, A, . internalized ADC, I: intracellular payload in Ag+ cells, 1 : intracellular
payload in Ag- cells, P: permeability of the payload across the cell membrane, green circles: Ag+ stromal cells, orange
circles: Ag- cancer cells, n/n_ : cycling Ag+/Ag- cells, n /n_ : damaged Ag +/Ag- cells, i=2,3,4. Functions f(l) and f(I-)
denote sigmoidal functions of the intracellular payload per cell (see Supplementary). Subscripts ce/pe denote the species
in the Central/Peripheral compartments and the subscript con denotes concentration. All terms and rates are described in
detail in Tables A—C in S1 Text.

(TIF)

S3 Fig. Comparison of tumor volume and cell numbers. A-C) Absolute changes corresponding to the simulations
shown in Fig 2. Dashed lines indicate initial tumor volume. D) Setting a threshold for Ag- cell number. A threshold is set
for Ag- cells (indicated by the dashed line in the plot showing Ag- cell numbers), below which the population is assumed
unable to recover. This approach can address the limitation of deterministic ODEs in simulating extinction events that may
occur in small populations.

(TIF)

S4 Fig. Effect of payload membrane permeability on ADC efficacy. A-C) Absolute changes corresponding to the
simulations shown in Fig 3. D) The simulation was run with the Independent Doubling Bystander Model. The parameters
are the same as those used in Fig 3, except for initial Ag- to Ag+ ratio. There is an optimal payload permeability that maxi-
mizes ADC efficacy on Day 84.

(TIF)

S5 Fig. Effect of linker stability on ADC efficacy. A-C) Absolute changes corresponding to the simulations shown in

Fig 4.
(TIF)

S1 Text. Model equations and parameter values.
(PDF)

S$1 Model File. SimBiology implementation of the models.
(ZIP)
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