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Quantitative systems
pharmacology modeling sheds
light into the dose response
relationship of a trispecific T cell
engager in multiple myeloma

R. E. Abrams™¢, K. Pierre'™, N. EI-Murr?, E. Seung®’, L. Wu37, E. Luna*, R. Mehta*, J. Li%,
K. Larabi?, M. Ahmed®, V. Pelekanou®?, Z.-Y. Yang®’, H. van de Velde® & S. K. Stamatelos'***

In relapsed and refractory multiple myeloma (RRMM), there are few treatment options once patients
progress from the established standard of care. Several bispecific T-cell engagers (TCE) are in clinical
development for multiple myeloma (MM), designed to promote T-cell activation and tumor killing

by binding a T-cell receptor and a myeloma target. In this study we employ both computational and
experimental tools to investigate how a novel trispecific TCE improves activation, proliferation,

and cytolytic activity of T-cells against MM cells. In addition to binding CD3 on T-cells and CD38 on
tumor cells, the trispecific binds CD28, which serves as both co-stimulation for T-cell activation and an
additional tumor target. We have established a robust rule-based quantitative systems pharmacology
(QSP) model trained against T-cell activation, cytotoxicity, and cytokine data, and used it to gain
insight into the complex dose response of this drug. We predict that CD3-CD28-CD38 killing capacity
increases rapidly in low dose levels, and with higher doses, killing plateaus rather than following the
bell-shaped curve typical of bispecific TCEs. We further predict that dose-response curves are driven
by the ability of tumor cells to form synapses with activated T-cells. When competition between

cells limits tumor engagement with active T-cells, response to therapy may be diminished. We finally
suggest a metric related to drug efficacy in our analysis—"effective” receptor occupancy, or the
proportion of receptors engaged in synapses. Overall, this study predicts that the CD28 arm on the
trispecific antibody improves efficacy, and identifies metrics to inform potency of novel TCEs.

Despite recent advances, MM is not considered curable as most patients will eventually relapse and are likely to
develop refractory disease. Once patients develop resistance to established agents, especially to the anti-CD38
mADbs, the survival outcome is dismal. Patients with MM that is refractory to (proteasome inhibitors) PIs, (immu-
nomodulatory drugs) IMiDs or anti-CD38 mAb therapies remain in very serious condition with significant
co-morbidities undermining quality of life and resulting in poor overall survival (OS). In a study of 275 heav-
ily pretreated MM patients refractory to an anti-CD38 mAb who have received a median of 4 lines of therapy
(range 1-16), it was shown that the median OS from the time of development of anti-CD38 resistance was about
8.6 months. Those who were also refractory to IMiDs and PIs fared worst with median OS of only 5.6 months'.

Several approaches focusing on T-cell mediated myeloma cell killing, such as CAR-T-cells? and bispecific
T-cell engagers® are currently being investigated as therapy for these patients. In addition, the introduction of
anti-CD38 mAbs (ie, daratumumab and isatuximab) has significantly influenced the management of MM. The
first generation of anti-CD38 mAbs, daratumumab and isatuximab, has been approved in multiple settings,
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including single agent (daratumumab) and in combinations (both daratumumab and isatuximab)*®. In most
settings, the treatment with daratumumab or isatuximab continues until disease progression which eventu-
ally leads to anti-CD38 refractory disease. For these patients, there is a need for novel therapeutic strategies to
overcome this resistance.

In this paper, we introduce a trispecific TCE which targets CD38 on MM cells and CD3 on T-cells, similarly
to bispecific T-cell engagers, but includes a CD28 arm which can bind to both tumor and T-cell antigens as well’.
T-cells are mature lymphocytes which can be distinguished by the T-cell receptor (TCR) surface molecules that
they express and can be subdivided into many different subtypes.!®!! Central and effector memory T-cells are
retained after an initial response to an infection dampens, and can be activated to perform effector functions
upon antigen re-exposure when their TCR is engaged'?. Naive T-cells initially remain in an uncommitted state
until their TCR is engaged, and they are activated. Naive T-cells require co-stimulation to become fully activated,
which can be provided through CD28 engagement, making CD28 an good potential therapeutic target'. In
addition to serving a role in T-cell activation, CD28 antigen is also expressed in multiple myeloma. It appears on
primary MM cells in approximately one-third of newly diagnosed patients and it increases in frequency during
myeloma progression and correlates with poor prognosis and aggressive features of myeloma*!* By providing
co-stimulation to T-cells and additional targets on tumor cells, a potent multi-specific TCE might be able to
exert a strong immune response and rescue RRMM patients. This approach can be extended in other formats
beyond CD28 such as by engaging two antigen targets on tumor cells to promote tumor-directed specificity.

Due to the complex interactions involved in T-cell engager therapies, and the multiple combinations of
receptor levels, cell types, and cell numbers involved, quantitative modeling can be very valuable to better under-
stand the clinical behavior of these drugs'>!®. PBPK models of bispecific and lymphocyte-targeted monoclonal
antibodies have been developed to predict the effect of target binding and lymphocyte movement on the plasma
concentration, tumor infiltration, receptor occupancy, and synapse formation generated from these drugs'’. In
addition, PK/PD models have connected bispecific antibody-driven synapse formation to tumor killing through
empirical representations of T cell activation or through considerations of active and effector cell numbers'®!.
Finally, more complex models have been developed, representing T-cell activation, and accounting for regulatory
vs. effector T-cell types to predict clinical efficacy and safety of immunotherapy drugs and identify biomarkers
of interest'>**?!. However, as of yet there have been no modeling studies performed to predict the complexities
of the dose-response relationship for trispecific antibodies. Our QSP model of the trispecific antibody aims to
understand the specific mechanisms and effects of this drug, and to predict how the design of this novel therapy
can provide advantages compared to standard TCEs. Our initial model was extensively calibrated to and validated
with in vitro data and can be used to understand dose-response relationships and identify drivers of efficacy
across different dose levels.

Results

Our QSP model of T-cell engagers utilized literature-derived assumptions about cellular inter-
actions and behavior to form a rule-based model generation code which allowed for efficient
and reliable model development. Our model incorporated several key assumptions about T-cell activa-
tion and other cellular behavior, illustrated in Fig. 1A,B, and described with references in Table S1. Key among
these were the assumption that effector memory T-cells are activated upon CD3 engagement and synapse for-
mation, whereas naive T-cells required CD28 co-stimulation to become fully activated. We assumed that T-cell-
T-cell synapses do not result in killing, whereas PBMCs and tumor cells were killed at different rates. Tumor
cells could exhibit resistance to killing, or they could become engaged in ineffective synapses, meaning synapses
which do not result in T-cell activation or tumor cell killing. These ineffective synapses include inactive T-cells
bound in synapse through the CD28 arm, which cannot lead to T-cell activation or tumor killing, or tumor cells
synapsed with other tumor or PBMCs, which again cannot promote tumor killing or T-cell activation.

We developed a model generation code to create a template for the trispecific antibody model which can be
easily altered to reflect the presence of different cells and different synapse combinations. The model genera-
tion code is a traversal algorithm for all actions and interactions between cells and synapses in the model. By
using this approach to create new model equations rather than adding new terms line by line, we achieve a huge
improvement in the speed at which new model variants can be built. In addition, we minimize the chance of
error, because all new additions to the model follow the same template. At the beginning of the code, cells and
receptors are specified. Only synapses involving combinations of receptors specified are generated in the model
equations, creating a fit-for-purpose model which is very small and efficient for low-complexity in vitro systems
(see procedure overview in Fig. S1).

An example of the rule used to control synapse formation is shown in Fig. 1C. Synapse formation is deter-
mined by on and off binding rates of the drug for each receptor, as well as a unitless collision rate, which controls
the speed at which cell encounters occur. The synapse formation template can be applied to all cell and receptor
combinations initially specified in the code. It is then automatically added to the ODEs for the cells joining the
synapse and the resulting synapse. Corresponding equations for the effect of synapse formation on receptors on
each joining cell and receptors on each resulting synapse are generated similarly.

The model generation code also allows us to automatically generate flux balance calculations. Each time a cell
or receptor is created or destroyed from the model (not including cells/receptors that transfer between states such
as free or synapsed), we add this term to a synthesis or degradation flux derivative for that cell/receptor. When
we run the model, the overall fluxes are calculated along with the model simulations. We can then compare total
cell / receptor number to the initial number + net fluxes each time the model is run, to ensure that flux balance
is maintained and to quickly spot any problems in specific cell or receptor types (Fig. 1D).
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Figure 1. Our trispecific T-cell engager model was designed through a rigorous development process. Here
we depict the four key steps in our model development process. (A) We first formulated a model diagram
showing all the cells and interactions to be included in the model. We included eight key cells—naive, effector
memory, and active T-cells of CD4 or CD8 lineage, multiple myeloma cells, and CD38 + PBMCs. Interactions
and processes included in the model are shown with arrows and labeled. (B) Assumptions made to determine
how interactions should be mathematically formulated in the model are shown. Assumptions were made

about the process of activation, synapse formation, killing, and resistance to killing based on literature research
and internal discussions (Table S1). (C) The model code was generating by encapsulating all cells, synapses,
receptors, and interactions in a rule-based model generation code. An example of the template used for the
synapse formation term is shown. This term is added to the ODE for the synapse and subtracted from ODEs of
the cells joining the synapse. (D) We verified that the assumptions and ODEs generated were properly executed
by ensuring that flux balances were conserved in the model. The rule-based code produced an ODE for the

net flux in each cell and receptor type (i.e. amount added/subtracted over time), which was then added to the
initial cell/receptor number (blue lines). We compared this to the total number of cells and receptors across the
simulation (black lines) to ensure that all species are conserved. In each panel, results are shown for two doses
(8.4e—4 nM and 0.672 nM).

Our model calibration process minimized parameter uncertainty by utilizing distinct datasets
to inform each important model interaction and produced a well-qualified final model. The
model calibration was performed in stages to three in vitro experiments (Fig. 2A). Each experiment demon-
strated a different function of the antibody and could be used to inform different key subsets of model param-
eters and minimize uncertainty in these parameters. Two different model structures were used for optimization,
to match the cells included and interactions represented in the experimental setups (Fig. 2B). We first opti-
mized T-cell activation parameters because the activation process is the key determinant of drug potency and
the potential for effective synapse formation. All parameters related to T-cell activation and synapse formation
were optimized to data on the percentage of activated T-cells in PBMCs. Because there were no MM cells in
this incubation, this allowed fitting of the key activation parameters without significant cell killing taking place
(Fig. 2C). We next optimized the killing of MM cells. The experiments used incubated pre-activated CD8 T-cells
with two MM cell lines, so the number of species and parameters involved in this version of the model were very
limited and well-informed by the data. Activation rates were not relevant because the cells were pre-activated,
but the parameters controlling synapse formation which were previously optimized did inform the simulation
and optimization of tumor killing. A resistance mechanism for tumor cells was added to the model to account
for the maximum efficacy of the drug of less than 100%. Cytotoxicity data was calibrated for both the CD38 high
(1.29 % 10° receptors/cell) RPMI cell line (Fig. 2C) and the CD38 low (2.5 x 10° receptors/cell) KMS-11 cell line
(Fig. S$4). Data used for these two calibrations is shown in Fig. S2-3.

We finally used the MIMIC assay to calibrate predictions of cytokine emission in the model, and to estab-
lish an in vitro population to use our simulations. The results from this experiment showed a wide range of
cytokine levels produced (Fig. S5), and so in order to capture the full range of cytokine responses possible, we
calibrated our model to fit the range of this data, rather than the median value (Fig. 2D). To check the validity
of the parameter ranges identified by this method, we also ran separate optimizations to establish maximum
and minimum parameter values and found that the population predictions fell within the limits generated by a
traditional optimization method.
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Figure 2. In vitro model training and qualification process ensured accurate prediction of both T-cell
activation and tumor cell killing. (A) Diagram depicts the overall process of our model calibration, which
involved calibration to three separate in vitro datasets, then compilation of all optimized parameters into one
QSP model used for analysis and prediction. (B) Two model formulations were used for model calibration,
designed to replicate the setup of the in vitro experiments performed to generate the data. A model of pre-
activated CD8 T-cells and tumor cells was used to train the cytotoxicity parameters to data. A model of PBMCs
was used to train T-cell activation and cytotoxicity data. (C) Parameters optimized and final model simulation
compared to data on cytotoxicity and T-cell activation. (D) Parameters optimized to MIMIC assay cytotoxicity
measurements. Blue line shows mean +/— SD of population generated from optimization in comparison to
range measured experimentally (gray shaded bars). Boxes show optimization results from a traditional distance-
based fitting approach to the maximum (red) or minimum (light blue) values of the MIMIC data. (E) Model
diagram and output generated from tumor proliferation qualification. (F) Cytotoxicity model diagram used for
qualification of model killing predictions for RPMI-8226 (left) and KMS-11 (right) cell lines.

To qualify the validity of our approach, we used two separate in vitro experiments. One experiment measured
the concentration of proliferative T-cells over a 6-day time course, following incubation of primary human T-cells
with a high concentration of the trispecific antibody, to give us confidence in our predictions of T-cell activation.
The other experiment was chosen to validate our predictions of cytotoxicity of the drug. In this experiment,
tumor cells were incubated with a population of PBMCs, so that both T-cell activation and cytotoxicity param-
eters were important to ensure that the data was accurately predicted. Both simulations required different model
structures, shown in Fig. 2E,E To run simulations of these experiments, we used our in vitro population, and
altered the types and initial numbers of cells in the simulation to match the experimental setup of 10 PBMCs: 1
tumor cell. We show in Fig. 2E,F that our model was able to accurately predict both T-cell activation over a 6-day
time course, and MM cell killing across different doses for two different tumor cell lines. Data used for Fig. 2E
is shown in Fig. S6, while data for Fig. 2F was published in°.

Model sensitivity analysis reveals that while increasing the synapse number is most important
to promote killing at low doses of drug, the types of synapses formed are most important at

high doses.

We performed a PRCC global sensitivity analysis to further examine the forces driving T-cell

activation and tumor killing in the model for low (8.4x10™ nM) and high doses (6.7x 107! nM) of drug. By
examining the kinetics of tumor killing, T-cell activation, and ineffective synapse formation over time, we see
that lower drug doses lead to slower kinetics for all of these process, whereas high doses lead to a quick steady
state (Fig. 3A-D). Killing, total activated T-cell number increase with dose up to a 0.3 nM dose, where they
remain steady (Fig. 3A,B). The number of ineffective synapses also increases with dose, without reaching a
maximum. However, the level of free active T-cells has a more complex dose-response relationship, increasing

to a maximum around 8.4e-2 nM.

We ran a PRCC analysis which produced outputs of interest at two dose levels to study parameter sensitiv-
ity. Across the two simulations, killing was increased from 20 to 55% on average (Fig. 3E). Total and free active
T-cells and ineffective synapses are close to zero at the lower dose, with little variability, but gain in value and

spread for the higher dose (Fig. 3F-H).
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Figure 3. Efficacy at low doses increases with increasing synapse number while high dose level efficacy is
driven by decreasing the number of ineffective synapses through better access to active T-cells. One set of
values from the final population was selected and run for three days for different doses of interest. The results
for tumor killing (A), Total active T-cells (B), Free active T-cells (C), and ineffective T-MM synapses (D). The
sensitivity of these outputs to parameters is plotted as an AUC heatmap, where dark red =positive correlation,
dark blue = negative correlation (E-H). Sensitivity is shown at two doses, indicated on plots. Parameters shown
in each heatmap have 80% or more correlation to least one evaluation metric (such as AUC) derived from the
corresponding output. Variability of each output across doses in the sensitivity analysis population (I-L).

To analyze the sensitive parameters of the model, we identified the parameters with higher than 80% absolute
correlation to the outputs of interest, (Fig. 3I-L). For tumor killing, we found that for low doses, the binding
rate of CD3 receptors was more important for driving killing, because of the need to promote T-cell activation.
Killing is so low at low dose levels, that a change in MM cell degradation can be more important in reducing the
final MM cell number than the killing itself. For higher doses, the killing rates and resistance rates became much
more important in determining efficacy. Across both doses, inactive cells tended to impede killing by competing
with active cells for engagement with tumors (Fig. 31).

The key parameters driving total T-cell activation were straightforward (Fig. 3]), with lifecycle kinetics and
pre-active cell numbers most central. The rate of binding to both CD3 and CD28 was highly important at the
lower dose, where there is a need to form any synapses. However, at the higher dose, these factors become less
important, particularly CD28 binding rate which can also lead to formation of ineffective synapses. The results
also show that EM cells are more important for low doses, where amount of drug available to provide co-stimu-
lation is low, and naive cells are more important at high doses where they can be easily activated.

Free active T-cells showed more complex determinants (Fig. 3K): At low doses, the number of synapses
allowing T-cell activation is most important for increasing free active T-cell numbers, with binding rates to CD3
and CD28, activation rates, and initial inactive T-cell numbers all having a strong positive correlation to the free
active T-cell number predicted by the model. At high doses, more synapses mean fewer unbound active T-cells,
so many parameters listed before have a neutral effect on this output. At the higher dose, having more active cells,
through increased proliferation rates and initial pre-active cell numbers, is most important.

We finally looked at how model parameters alter the percentage of MM cells engaged in ineffective synapses,
which prevent tumor killing by binding tumor cells to partners which are unable to kill. Across both doses
examined in the sensitivity analysis, parameters promoting synapse formation also increased the number of inef-
fective synapses, such as the number of CD38 molecules per MM cell, and the binding rate to CD28 and CD38
(Fig. 3H). The off rate of CD38 was negatively correlated to ineffective synapse number at low doses, where MM
cells escaping these synapses can find a new effective binding partner, but a neutral effect at high doses where
most cells are engaged and unavailable to bind. For higher doses, the CD3-binding rate was negatively correlated
to ineffective synapse number because it allowed more effective T-cell activating bridges to form.

The affinity of T-cell engager antibodies for their targets is critical to their activity with optimized-affinity
candidates selected based on their potential to elicit significant cytotoxicity without compromising safety®*.
Our sensitivity analysis reveals that the drug’s binding kinetic parameters, especially rates relating to CD3 and
CD28 antigens, impact outputs of interest. Particularly, both the kon and koff rates for CD28 (where koff=KD
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Figure 4. T-cell engager efficacy is driven by several factors leading to highly superior efficacy of trispecific
antibodies at lower doses but comparable performance as dose increases. Comparison of trispecific simulated
over three days to comparable bispecific with no CD28 binding. MM cell receptor occupancy and “effective”
receptor occupancy for bispecific and trispecific, respectively (A, B). (C) Killing was predicted across the

in vitro population for varying doses of the bispecific compared to trispecific. MM cell distribution and T-cell
distribution are shown at final timepoint (D, E) for bispecific and trispecific, respectively. (F) Schematic of the
prevalent forces driving dose-response curve. Blue line and boxes describe trispecific dose-response and levels
of ineffective synapses, receptor occupancy, total T-cells, and active T-cells. Green line and boxes show bispecific
simulation.

x kon) significantly affect the number of ineffective synapses formed at both high and low doses, indicating that
the choice of CD28 affinity will dictate the dose-response curve for trispecific antibodies.

Trispecific effective activation of the T-cell population through co-stimulation of CD28 leads
to stable effective receptor occupancy across doses and a strong advantage to trispecific anti-
body efficacy at lower doses. In our final analysis, we compared predictions for our trispecific antibody
to an analogous bispecific antibody, without the CD28 binding arm, to see if the inclusion of the CD28 binding
arm does offer an advantage for our drug. We first compared receptor occupancy for the two drugs (Fig. 4A,B).
Across the wide range of doses tested, nearly 100% receptor occupancy (RO) is reached for both the bispecific
and trispecific simulations. Note that RO of CD28 for the bispecific antibody simulation remains at 0 because the
simulated bispecific was unable to bind CD28. We then calculated an effective RO, to see how this binding trans-
lated to the ability of cells to form synapses and engage in bridges to receptors on other cells. Effective RO was
defined to be the number of bridges formed for each specific receptor out of that total receptor number (specific
to each cell-type), so it gives us a picture of which receptors are actually engaged in intercellular connections by
drug. For tumor cells in the bispecific antibody simulations, the effective RO follows the bell shaped curve typi-
cal described in PK/PD models of these antibodies'®** (Fig. 4A), where, effective RO increases to a maximum
at a level similar to the EC50 RO of CD38 as measured in the typical way, then starts to decline as typical RO
increases to full occupancy. However, for the MM cell effective RO predicted by the trispecific antibody there
is a notable change (Fig. 4B). The effective RO increases to a maximum value at a lower dose, when RO of MM
cells is still low, and it remains relatively stable throughout the doses tested. When we look at the comparison of
these effective RO curves to tumor cell killing (Fig. 4C), we find that the effective RO is a good general predictor
of the dose-response curve.

A comparison of the killing predicted for bi- and trispecific antibodies shows that the trispecific antibody
consistently outperformed or matched the bispecific antibody across all doses tested (Fig. 4C). The largest differ-
ence was in the low doses when the trispecific antibody killing was up to threefold increase from the bispecific
antibody. In order to better understand what is driving the tortuous dose-response curves predicted for both
antibodies, we further examined the distribution of T-cells and MM cells, knowing from the sensitivity analysis
that T-cell activation and cell competition could be important for drug efficacy. We found that a significant
portion of the tumor cells in the bispecific antibody simulations remained free across all doses, and unable to
effectively engage (Fig. 4D). In addition, a small portion of tumor cells were engaged in ineffective synapses,
preventing these cells from being killed. An examination of T-cell status for the bispecific antibody case shows
that where killing increases, the proportion of T-cells becoming active increases with dose as well; most of these
active T-cells remain free and able to bind tumor and execute killing (Fig. 4D). At high doses, killing begins to
decrease because a substantial portion of T-cells are not activated, leaving an insufficient number to compete
for effective synapses with the antibody. The trends seen in killing, free tumor cells, and amount of active vs. EM
T-cells for the bispecific follow the receptor-occupancy driven bell curve® . Note that throughout the simulations,
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there is a large portion of naive T-cells which remain inactive due to the inability of the bispecific drug to co-
stimulate these cells, and these cells can engage in ineffective synapse formation.

For the trispecific antibody, we see that starting from a low dose, there is a very small portion of unengaged
tumor cells, reflecting the ability of tumor to join synapses through both CD28 and CD?3 (Fig. 4E). Killing reaches
a maximum after a few doses, where the number of free MM cells reach close to zero and most T-cells have
become activated. around the point where killing is at a maximum (Fig. 4E). Killing decreases slightly as more
active T-cells are bound in synapse, but tumor cells are engaged at such a high level with active T-cells that the
effect is minimal. At higher drug doses, we do see some increased ineffective T-cells for trispecific compared to
the bispecific, which leads to slightly higher bispecific killing for these doses.

In performing this analysis, it is clear that many factors in the system can alter the predicted outcome of T-cell
engager therapies and that it is important to take account not only the receptor occupancy of the drug, but the
types of cells, interactions of cells, and number of cells in the system. Our schematic (Fig. 4F) summarizes the
key factors controlling outcome in this system that will help predict efficacy. Receptor occupancy, as previously
identified, is important in determining the level at which maximum synapse formation will occur, and this
determines the minimum killing level for the bispecific antibody. The amount of total and free active T-cells is
also an important driver of tumor killing. As levels of free active T-cells fluctuate, tumor killing patterns may
follow. Finally, ineffective synapses are important determinants of drug efficacy and are a marker of the ability
of tumor cells to compete in the simulated environment. As the number of synapses increase after drug is first
administered, the number of ineffective synapses will naturally increase as well. However, the key to reaching
maximum efficacy is a drug’s ability to begin to decrease the number of ineffective synapses which is indicative
of tumor cells’ ability to compete and be killed, and to have a large pool of activated T-cells which can execute the
killing. We outline the differences between bi- and trispecific antibodies at each stage and find that the trispecific
antibody is able to maintain a large pool of free active T-cells throughout all but the smallest doses tested, enabling
it to promote steady tumor killing across doses. Killing is a combined outcome of the ability of the drug to form
synapses at low doses (measured by effective RO) and the ability of these synapses to activate T-cells and engage
and kill tumor (measured by free and total active T-cells and ineffective synapse number), and all of these factors
must be considered in determining final efficacy of the T-cell engager.

We have also investigated the downregulation of MM cells and T cells in patients treated for multiple myeloma
to understand how dose-response of the antibody is altered in real life situations (Fig. S8 and S9). The results
indicate that the expression differences are not sufficient to change the responses presented in Fig. 4C.

Discussion

We have developed a QSP model of T-cell engager therapy which is founded in well-supported assumptions based
on biological knowledge and data. Our model was calibrated to and validated against several types of experi-
mental setups, with different cell types, receptor numbers, and interactions involved. QSP models are complex,
and therefore adjusting the model structure to include several cell types can be time consuming and require
intensive error checking. With our model generating code, this process was extremely simple, reproducible, and
an accuracy check was built in to ensure flux balance was maintained. This type of multiscale model development
can be particularly useful when attempting to utilize high throughput data to understand tumor heterogeneity
in the individual patient level which can be incorporated in the model (Zhang et al. 2021, Lazarou et al. 2020).
Our model generation code allows for adaptation of the model building blocks to different tumor microenvi-
ronments with various cellular and molecular components that are necessary to describe the MoA of the drug.

It is worth mentioning that software utilize rule-based model-building to facilitate code development: Sim-
biology (Mathworks, Natick MA) features a common set of kinetic laws which can be populated with different
parameter and species names and associated values in the model to simplify model construction. Additionally,
software BioNetGen has been developed specifically on the principles of rule-based model design and has been
applied in systems biology models of cell-signaling and other systems®*. Our model utilizes the same principles
implementing a sorting algorithm that identifies high commonality among species of the system and ranks
them appropriately. Specifically, we employ a standard parameter definition and rule template for processes
like proliferation and degradation, where each cell and parameter name must be defined separately. Further,
for synapse-level interactions, model construction requires a list of cell pairings and associated receptors. The
algorithm traverses the available species and parameters to identify which parameters to use (i.e., find which
synthesis rate is appropriate based on the receptor name), and to determine which ODE equations these terms
should be added to. This method vastly simplified and sped up our code development and is generalizable to
any T cell engager or ADCC system.

Our model examines the drivers of dose-response of T-cell engager therapies, and particularly, trispecific
antibodies with common antigens among effector and target cells. Bispecific antibody models have proposed that
a bell-shaped dose response curve should be expected, based on the ability of drug trimers to form between cells
as receptor occupancy increases on both cell partners?. When aligning model predictions with preclinical and
clinical responses, trimer concentration has been found not to adequately describe dose-response and additional
constructs such as active T-cell numbers, or T-cell potency, have been linked to cytotoxicity to better explain the
data?. Furthermore, several studies and reviews discuss the complexity of dose-response found for bispecific
antibodies in the clinic and the differential success of this drug in patients with different levels of disease*”. Our
model attempts to extend the understanding of dose-response to trispecific T-cell engagers, and to generate a
consolidated perspective of what controls dose-response in these modalities. We find that at low doses, T-cell
activation and increasing synapse formation controls efficacy and promotes an increasing dose-response over
time. As doses increase at the point of maximal T-cell activation, cell competition, ineffective synapse formation,
and availability of free active T-cells for binding are most important in controlling dose-response. These factors
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can lead to complex dose-response curves which vary based on E/T ratio and antigen expression, among other
factors. We do see a bell-shaped curve in the number of synapses formed based on receptor occupancy as sug-
gested in*, but this often is not translated into effective receptor occupancy (synapse formation) or killing due
to the complex landscape of other factors contributing to the overall effect.

Despite their complicated dose-response, bispecific antibodies have had success, and are a continued focus
in drug development over recent years*?. Bispecific T-cell engagers have been effective at promoting T-cell
activation and killing, but they do not activate all T-cells. They are more effective at activating previously primed
T-cells which do not require co-stimulation®**!. Note that we do not model the role of antigen-presenting cells
in this system, or cytokine feedback regulating the immune response®, but we believe that the interactions we
represent provide a fundamental foundation for elucidating the main drivers of response. The trispecific antibody
binds to CD28 receptor on T-cells and on the MM cells expressing CD28 and thus provides co-stimulation to all
T-cells, potentially activating a wider pool of T-cells to kill the tumor®***. While other clinical trials are pursuing
the combination therapy of CD3-directed bispecifics with CD28-directed bispecifics'®, our compound combines
these targets in one coherent system. In comparing simulations of the trispecific with a comparable bispecific
molecule without CD28 targeting, we find that CD28 does give significant benefit at lower doses. This finding
may be more relevant to the clinical active dose than the predictions for higher doses, as many T-cell engaging
drugs show high potency at low doses?”. Furthermore, CD28 engagement keeps a higher proportion of T cells
activated for longer period without necessarily leading to exhaustion®***. Finally, the dose-response plateauing
potentially indicates that reaching dose liming toxicity may not be the most relevant determinant in identifying
the suggested active dose, lower doses may be more important.

An additional insight from our model is that ineffective synapses are more likely to form because T-cells must
be engaged in synapse through CD3 in order to become activated®*-*. While an ineffective synapse is a concept
unique to T cell engagers, where cells are actively driven to find a partner, the concept of needing the right type
and localization of immune cells to drive therapeutic efficacy is not novel. In fact, the complexity of the immune
system and the different pro and anti-inflammatory immune cell types which are part of the immune land-
scape of an individual patient, were often found to be a key contributor to patient response to therapy. Patients
treated with checkpoint immunotherapy have been shown to have exhausted T-cell populations enriched in
non-responsive lesions and active T-cells enriched in responsive lesions*. It has also been found that tumors
can resist immunotherapy by recruiting immunosuppressive cells*"*? and promoting T-cell dysfunction, or by
excluding T-cells from infiltrating the tumor®. Furthermore, MM patients treated with anti-CD38 mAbs can
develop resistance through reduced NK cells and reduced CD38 expression on NK cells, impairing the mecha-
nism of action of these drugs by reducing the functionality of the effector cells***. Our model suggests that,
despite ineffective synapse formation, the trispecific antibody can overcome many of these limitations by engag-
ing a larger spectrum of T-cells and keeping them engaged through direct stimulation. Our model has helped
to elucidate key cell types and interactions that can determine drug efficacy, and we believe QSP modeling has a
critical role to play in identifying the dose and biomarkers of response to guide clinical trial design and advance
cancer therapy. Our model has currently informed design of a FIH trial for this therapeutic (ClinicalTrials.gov
Identifier: NCT04401020), and appropriately restructured, scaled, and parameterized to predict efficacy dose
responses in an in silico clinical trial. Results from this trial will further improve our model design and predic-
tions, allowing us to better understand the activities of this T cell engager as well as other comparable therapies.

Materials and methods
A flowchart highlighting the primary steps involved in the model development and assessment phases is depicted
in Fig. S7.

Model overview. We have developed a mechanistic model describing the impact of the CD3-CD28-CD38
antibody in the context of multiple myeloma disease. The in vitro model of this drug encompasses cells, recep-
tors, synapses, bridges, soluble CD38 (sCD38), and critical cytokines (Fig. 1). It provides an elaborate represen-
tation of the kinetics and dynamics of the phenomenon describing T cell activation and proliferation, MM cell
and PBMC Kkilling, resistance to killing and cytokine production. It includes six T-cell subtypes, including CD4
and CD8 T-cells, of the naive, effector memory, and active type. It also includes multiple myeloma (MM) cells,
and a lumped species representing all CD38 + PBMC:s, such as B-cells, NK cells and monocytes.

The key interaction represented in this system is the formation of synapses between cells connected by the
CD38xCD28xCD3 trispecific antibody (see overview schematic in Fig. 2). Synapses can be formed between any
pairwise combination of cells bound to the CD3, CD28, or CD38 arm of the drug. T-cells express CD3 and CD28
antigens, MM cells express CD38 and CD28 antigens, and the model assumes that CD38 + PBMCs only express
CD38. Though CD38 is expressed on T-cells and upregulated in active T-cells, the level of CD38 expression is
lower than it is on PBMCs, and lower than expression of CD28 on T-cells***” . Because of this, we decided not
to represent CD38 on T-cells in the model because it would likely not add meaningful predictive capability to
the model, and would significantly increase model complexity. Synapses formed between T-cells or MM cells
do not result in cell killing, while synapses between an active T-cell and a MM cell or PBMC do result in killing
at different rates. Some portion of T-cell-MM cell synapses are assumed to become resistant to killing through
unspecified mechanisms (e.g. exhaustion), allowing MM cells to escape. The model assumes that sCD38 is
secreted by MM cells and can bind to drug leading to drug clearance.

The model represents T cell activation. It assumes that effector memory T-cells can be activated when they
are involved in a synapse through their CD3 arm?®®*, whereas naive T-cells require co-stimulation of CD28 and
CD3 drug binding, and their rate of activation increases as more drug is bound. Active CD8 and CD4 T-cells are

both capable of killing, but the model assumes that CD8 cells are more efficient at inducing MM cytotoxicity*®*.
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The model finally represents cytokine production by T-cells and PBMCs. In the model, active T-cells produce
TNEF-a, IFN-y, and IL-6 cytokines. There is no process of PBMC activation included, in order to reduce model
complexity, so CD38 + PBMCs produce IL-6 and IL-10 cytokines only when in synapse™ . In the current model,
cytokines are an output of the model only, cytokine feedback on cell proliferation or cytokine production rates
is not represented.

Owing to the mechanistic representation of MM biology, the described complex molecular and cellular
crosstalk amongst various immune cells with MM cells, and the versatility of the rule-based model generation
script, this QSP model can be extended to characterize the activities of other immuno-oncological MM therapies.
For instance, by updating drug binding parameters, effector cell types and corresponding antigen expression
levels, and by accounting for cell-independent, antibody-driven MM Kkilling, this in vitro model can describe
the activities of other CD38 targeting antibodies such as isatuximab (Zhu et al. 2020) and daratumumab (Michel
de Weers et al. 2011).

Model equations. The full in vitro model used for dose-prediction (Fig. 1) has 760 species and 114 param-
eters. All cell behavior in the model is described by zero or first-order reactions except for synapse formation and
T-cell activation. There is no formal PK model in the in vitro model; a constant level of drug is injected into the
system and it is only cleared through PBMC or MM cell killing or synapse dissociation. The model assumes that
cytokines are not significantly degraded in vitro. It assumes that sCD38 is not present initially but accumulates
through shedding of the soluble receptor from MM cells.

Synapse formation is driven by bridge formation between receptors (Equations shown in Fig. 1C). Bridges
can form in any order—drugs first bind to receptor on one cell then bridge to another free receptor using typical
kon/koft formulation. Because receptors are on different cells, synapse formation is also driven by the number of
cells of each type forming the synapses. We multiply the equation by a nondimensional “collision factor” which
is calibrated to data and can be scaled by experiment volume so that cells in more compact spaces are more
likely to collide. We also calibrate a “bridges per synapse factor” which describes the number of paired molecular
interactions leading to the formation of a cytolytic synapse between two cells®'. This factor, with a value set to
be relatively low, controls how many receptors from each cell are considered to be bound in synapse and unable
to bind or unbind to drug.

T-cell activation differs for EM and naive T-cells. We assume that EM cells can be easily activated without
co-stimulation, as it has been shown that these are likely the cell type engaged most by bispecific antibodies®~>
EM cells must be bound in synapse through the CD3 arm to become activated, but once this occurs, they transi-
tion at a constant rate into active synapses. Naive cells are likely not effectively engaged in bispecific antibodies
because they require co-stimulation to be activated. To this end, naive cells must have drug bound to CD3 and
CD28 to be activated, in addition to being engaged in a synapse through the CD3 arm. We model this transition
as an “AND” gate formulation®®, with Michaelis-Menten terms for bound-CD3 and bound-CD28 multiplied
together and by a constant activation rate to control the transition rate from inactive to active cells. If no CD28
is bound with drug, naive cells are not activated.

Model generation code. Model generation code was developed in house. We used Matlab 2020a (The
MathWorks, Inc., Natick, Massachusetts) with the pattern matching toolbox. Our ability to use pattern matching
so successfully was reliant on clear and consistent naming standards throughout the model, so that cell names
and receptor names could be easily identified in each species. A copy of the model generation code used to gen-
erate the full in vitro model is included as supplementary Matlab files.

Model calibration. The model calibration was performed in stages to three in vitro experiments (Schematic
in Fig. 2A). In all cases, parameter ranges used to set optimization bounds were obtained from the literature, and
the genetic algorithm in Matlab 2020a (The MathWorks, Inc., Natick, Massachusetts), were used to run the cali-
bration. Experimental data and methods used to perform experiments are located in supplementary material.

Model parameters. To obtain well known parameter and initial values, we made use of extensive informa-
tion from the literature and from internal studies (Table S2). For example, trispecific antibody binding properties
and multiple myeloma cell line antigen expression were quantified internally whereas primary cell expression
levels of CD3*7, CD28*, CD38%-¢! were obtained from literature. While experimental conditions determined
the drug frequencies and many initial cell numbers, our model still often required further literature research to
define initial species. Experiments were often performed by incubating with PBMCs, or with isolated T-cells, so
we obtained estimates of blood immune cell subtypes® and CD4 +/CD8+ T cell subset distributions® to use in
further delineating how many cells of each type should be defined.

Moreover, the dose prediction module of the in vitro model was not based on a specific experiment, but was
designed to represent a sample of peripheral blood from a human multiple myeloma patient, including T-cells,
MM cells, and PBMCs at proportions relevant to numbers of immune cells and circulating tumor cells in human
peripheral blood subtypes®>2.

Model simulation. The final in vitro model used optimized values from the activation and cytotoxicity
calibrations, and optimized population values from the MIMIC calibration to make a virtual population. For
qualification experiments, cell numbers and simulation times specified for each experiment were used to run
the model (6 days incubation with 1 x 10° sorted T-cells for the proliferation experiment, 24 h incubation with
2x10° PBMCs and 2 x 10* MM cells for the cytotoxicity experiment). Optimized EM and active cell numbers
from the MIMIC experiment were not used absolutely to initialize the in vitro model, but were scaled to total
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T-cell number, so that the ratio of initial cells was maintained across experiments. For the simulations, initial
cell numbers were based on literature findings for the peripheral blood of an MM patient, as described in more
detail in the parameters section. Time of simulation was 24 h for initial cytotoxicity and killing predictions (to be
comparable to the MIMIC assay setup), and three days in later simulations, to allow simulations to reach more
of a steady state. The dose prediction simulation tested dose levels that started at the MABEL dose and spanned
the range of interest for the human doses.

The bispecific antibody was simulated by setting kon for CD28 to 0, so that drug could only bind to CD38 and
CD3. No other specific changes were made, but this alteration in binding eliminated the possibility of T-cell-T-
cell synapses, MM-MM synapses, or MM-PBMC synapses, because there was no second antigen to bind. This
change also altered the classification of ineffective or effective synapses. We define an effective synapse to be one
in which an MM cell is joined that can lead to either T-cell activation or killing. For the trispecific antibody, MM
cells in synapse with Naive or EM T-cells may be considered effective if they are bound through CD3 on the
T-cell, and both CD3 and CD28 have some receptor occupancy on these cells. MM cells bound to other MM’s
or PBMCs are also ineffective. In the bispecific simulation, naive cells cannot be activated at all because there is
no co-stimulation present, so these are ineffective synapses.

All simulations were run in Matlab v2019a or 2020a, using a CVODE wrapper® to improve runtime.

Global sensitivity analysis. We performed a global sensitivity analysis using the PRCC method (*, Code
from: Simeone Marino, May 29, 2007). All parameters were varied by +10% from the final model values. The
PRCC used the same model setup as the dose simulations (i.e., 24-h runtime, cell composition meant to repre-
sent human peripheral blood). We ran the GSA on two different dose levels, low and high, and calculated the
AUC for each output of interest to use in performing the sensitivity analysis. Parameters with a significance of
better than 0.01 on outputs of interest were retained for the analysis.

Data availability
The datasets generated during and/or analyzed during the current study are available from the corresponding
author on reasonable request.

Received: 21 September 2021; Accepted: 10 June 2022
Published online: 29 June 2022

References
1. Gandhi, U. H. et al. Outcomes of patients with multiple myeloma refractory to CD38-targeted monoclonal antibody therapy.
Leukemia 33, 2266-2275. https://doi.org/10.1038/s41375-019-0435-7 (2019).
2. Mikkilineni, L. & Kochenderfer, J. N. CAR T cell therapies for patients with multiple myeloma. Nat. Rev. Clin. Oncol. 18, 71-84
(2021).
3. Caraccio, C., Krishna, S., Phillips, D. J. & Schiirch, C. M. Bispecific antibodies for multiple myeloma: a review of targets, drugs,
clinical trials, and future directions. Front. Immunol. 11, 501 (2020).
4. van de Donk, N. W,, Richardson, P. G. & Malavasi, F. CD38 antibodies in multiple myeloma: back to the future. Blood 131, 13-29
(2018).
5. De Weers, M. et al. Daratumumab, a novel therapeutic human CD38 monoclonal antibody, induces killing of multiple myeloma
and other hematological tumors. J. Immunol. 186, 1840-1848 (2011).
6. Moreno, L. et al. The mechanism of action of the anti-CD38 monoclonal antibody isatuximab in multiple myeloma. Clin. Cancer
Res. 25, 3176-3187 (2019).
7. Janssen Biotech Inc. Darzalex (daratumumab) [package insert]. U.S. Food and Drug Administration website. https://www.acces
sdata.fda.gov/drugsatfda_docs/label/2016/761036s0041bl.pdf. Accessed July 2021. (Revised November 2016).
8. Sanofi-Aventis U.S. LLC. Sarclisa (isatuximab-irfc) [package insert]. U.S. Food and Drug Administration website. https://www.
accessdata.fda.gov/drugsatfda_docs/label/2021/761113s0031bl.pdf. Accessed July 2021. (Revised Macrh 2021).
9. Wu, L. et al. Trispecific antibodies enhance the therapeutic efficacy of tumor-directed T cells through T cell receptor co-stimulation.
Nat. Cancer 1, 86-98. https://doi.org/10.1038/s43018-019-0004-z (2020).
10. Chaplin, D. D. Overview of the immune response. J. Allergy Clin. Immunol. 125, $3-23. https://doi.org/10.1016/j.jaci.2009.12.980
(2010).
11. Pennock, N. D. et al. T cell responses: naive to memory and everything in between. Adv. Physiol. Educ. 37, 273-283. https://doi.
org/10.1152/advan.00066.2013 (2013).
12. Akondy, R. S. et al. Origin and differentiation of human memory CD8 T cells after vaccination. Nature 552, 362-367. https://doi.
org/10.1038/nature24633 (2017).
13. Moore, G. L. et al. (AACR, 2021).
14. Nijhof, I. S. et al. CD38 expression and complement inhibitors affect response and resistance to daratumumab therapy in myeloma.
Blood 128, 959-970 (2016).
15. Milberg, O. et al. A QSP model for predicting clinical responses to monotherapy, combination and sequential therapy following
CTLA-4, PD-1, and PD-L1 checkpoint blockade. Sci. Rep. 9, 11286. https://doi.org/10.1038/s41598-019-47802-4 (2019).
16. Popel, A. S. Immunoactivating the tumor microenvironment enhances immunotherapy as predicted by integrative computational
model. Proc. Natl. Acad. Sci. USA 117, 4447-4449. https://doi.org/10.1073/pnas.2001050117 (2020).
17. Glassman, P. M. & Balthasar, J. P. Physiologically-based modeling of monoclonal antibody pharmacokinetics in drug discovery
and development. Drug Metab. Pharmacokinet. 34, 3-13. https://doi.org/10.1016/j.dmpk.2018.11.002 (2019).
18. Jiang, X. et al. Development of a Target cell-Biologics-Effector cell (TBE) complex-based cell killing model to characterize target
cell depletion by T cell redirecting bispecific agents. MAbs 10, 876-889. https://doi.org/10.1080/19420862.2018.1480299 (2018).
19. Campagne, O. et al. Integrated pharmacokinetic/pharmacodynamic model of a bispecific CD3xCD123 DART molecule in nonhu-
man primates: evaluation of activity and impact of immunogenicity. Clin. Cancer Res. 24, 2631-2641 (2018).
20. Ma, H. et al. Combination therapy with T cell engager and PD-L1 blockade enhances the antitumor potency of T cells as predicted
by a QSP model. J. Immunother. Cancer https://doi.org/10.1136/jitc-2020-001141 (2020).
21. Mpekris, E. et al. Combining microenvironment normalization strategies to improve cancer immunotherapy. Proc. Natl. Acad. Sci.
117, 3728-3737 (2020).

Scientific Reports |

(2022) 12:10976 | https://doi.org/10.1038/s41598-022-14726-5 nature portfolio


https://doi.org/10.1038/s41375-019-0435-7
https://www.accessdata.fda.gov/drugsatfda_docs/label/2016/761036s004lbl.pdf
https://www.accessdata.fda.gov/drugsatfda_docs/label/2016/761036s004lbl.pdf
https://www.accessdata.fda.gov/drugsatfda_docs/label/2021/761113s003lbl.pdf
https://www.accessdata.fda.gov/drugsatfda_docs/label/2021/761113s003lbl.pdf
https://doi.org/10.1038/s43018-019-0004-z
https://doi.org/10.1016/j.jaci.2009.12.980
https://doi.org/10.1152/advan.00066.2013
https://doi.org/10.1152/advan.00066.2013
https://doi.org/10.1038/nature24633
https://doi.org/10.1038/nature24633
https://doi.org/10.1038/s41598-019-47802-4
https://doi.org/10.1073/pnas.2001050117
https://doi.org/10.1016/j.dmpk.2018.11.002
https://doi.org/10.1080/19420862.2018.1480299
https://doi.org/10.1136/jitc-2020-001141

www.nature.com/scientificreports/

22.

23.

24.

25.

26.

27.

28.

29.

30.

31.

32.

33.

34.

35.

36.

37.

38.

39.

40.

41.

42.

43.

44.

45.

46.

47.

48.

49.

50.

51.

52.

53.

54.

55.

56.

57.

58.

59.

Schropp, J., Khot, A., Shah, D. K. & Koch, G. Target-mediated drug disposition model for bispecific antibodies: properties, approxi-
mation, and optimal dosing strategy. CPT Pharmacometr. Syst. Pharmacol. 8, 177-187 (2019).

Betts, A. & van der Graaf, P. H. Mechanistic quantitative pharmacology strategies for the early clinical development of bispecific
antibodies in oncology. Clin. Pharmacol. Ther. 108, 528-541. https://doi.org/10.1002/cpt.1961 (2020).

Harris, L. A. et al. BioNetGen 2.2: advances in rule-based modeling. Bioinformatics 32, 3366-3368. https://doi.org/10.1093/bioin
formatics/btw469 (2016).

Sekar, J. A. & Faeder, J. R. Rule-based modeling of signal transduction: a primer. Methods Mol. Biol. 880, 139-218. https://doi.org/
10.1007/978-1-61779-833-7_9 (2012).

Hosseini, I. et al. Mitigating the risk of cytokine release syndrome in a Phase I trial of CD20/CD3 bispecific antibody mosunetu-
zumab in NHL: impact of translational system modeling. NPJ Syst. Biol. Appl. 6, 28. https://doi.org/10.1038/s41540-020-00145-7
(2020).

Morcos, P. N., Li, J., Hosseini, I. & Li, C. C. Quantitative clinical pharmacology of T-cell engaging bispecifics: current perspectives
and opportunities. Clin. Transl. Sci. 14, 75-85. https://doi.org/10.1111/cts.12877 (2021).

Ellerman, D. Bispecific T-cell engagers: Towards understanding variables influencing the in vitro potency and tumor selectivity
and their modulation to enhance their efficacy and safety. Methods 154, 102-117. https://doi.org/10.1016/j.ymeth.2018.10.026
(2019).

Fan, G., Wang, Z., Hao, M. & Li, J. Bispecific antibodies and their applications. J. Hematol. Oncol. 8, 130. https://doi.org/10.1186/
$13045-015-0227-0 (2015).

de Zafra, C. L. Z. et al. Targeting multiple myeloma with AMG 424, a novel anti-CD38/CD3 bispecific t cell-recruiting antibody
optimized for cytotoxicity and cytokine release. Clin. Cancer Res., clincanres. 2752.2018 (2019).

Feldmann, A. et al. Novel humanized and highly efficient bispecific antibodies mediate killing of prostate stem cell antigen-
expressing tumor cells by CD8+ and CD4+ T cells. J. Immunol. 189, 3249-3259 (2012).

Freire-de-Lima, L. et al. Multiple myeloma cells express key immunoregulatory cytokines and modulate the monocyte migratory
response. Front. Med. 4, 92 (2017).

Hui, E. et al. T cell costimulatory receptor CD28 is a primary target for PD-1-mediated inhibition. Science 355, 1428-1433. https://
doi.org/10.1126/science.aaf1292 (2017).

Kamphorst, A. O. et al. Rescue of exhausted CD8 T cells by PD-1-targeted therapies is CD28-dependent. Science 355, 1423-1427.
https://doi.org/10.1126/science.aaf0683 (2017).

Zelle-Rieser, C. et al. T cells in multiple myeloma display features of exhaustion and senescence at the tumor site. J. Hematol. Oncol.
9,116 (2016).

Li, Q, Furman, S. A., Bradford, C. R. & Chang, A. E. Expanded tumor-reactive CD4+ T-cell responses to human cancers induced
by secondary anti-CD3/anti-CD28 activation. Clin. Cancer Res. 5, 461-469 (1999).

Li, Y. & Kurlander, R. J. Comparison of anti-CD3 and anti-CD28-coated beads with soluble anti-CD3 for expanding human T
cells: differing impact on CD8 T cell phenotype and responsiveness to restimulation. J. Transl. Med. 8, 104 (2010).

Liu, K. et al. Augmentation in expression of activation-induced genes differentiates memory from naive CD4+ T cells and is a
molecular mechanism for enhanced cellular response of memory CD4+ T cells. J. Immunol. 166, 7335-7344 (2001).

Lo, Y.-C., Edidin, M. A. & Powell, ]. D. Selective activation of antigen-experienced T cells by anti-CD3 constrained on nanoparticles.
J. Immunol. 191, 5107-5114 (2013).

Sade-Feldman, M. et al. Defining T cell states associated with response to checkpoint immunotherapy in melanoma. Cell 176, 404.
https://doi.org/10.1016/j.cell.2018.12.034 (2019).

Li, J. et al. Tumor cell-intrinsic factors underlie heterogeneity of immune cell infiltration and response to immunotherapy. Immunity
49, 178-193 e177. https://doi.org/10.1016/j.immuni.2018.06.006 (2018).

Amoozgar, Z. et al. Targeting Treg cells with GITR activation alleviates resistance to immunotherapy in murine glioblastomas.
Nat. Commun. 12, 1-16 (2021).

Jiang, P. et al. Signatures of T cell dysfunction and exclusion predict cancer immunotherapy response. Nat. Med. 24, 1550-1558.
https://doi.org/10.1038/s41591-018-0136-1 (2018).

Nijhof, L. et al. Upregulation of CD38 expression on multiple myeloma cells by all-trans retinoic acid improves the efficacy of
daratumumab. Leukemia 29, 2039-2049 (2015).

Casneuf, T. et al. Pharmacodynamic relationship between natural killer cells and daratumumab exposure in relapsed/refractory
multiple myeloma. Haematologica 101, 87-88 (2016).

Krejcik, J. et al. Monocytes and granulocytes reduce CD38 expression levels on myeloma cells in patients treated with daratumumab.
Clin. Cancer Res. 23, 7498-7511. https://doi.org/10.1158/1078-0432.Ccr-17-2027 (2017).

Bryl, E. et al. Modulation of CD28 expression with anti-tumor necrosis factor a therapy in rheumatoid arthritis. Arthr. Rheum.
52,2996-3003 (2005).

Haagen, L.-A. et al. Unprimed CD4+ and CD8+ T cells can be rapidly activated by a CD3x CD19 bispecific antibody to proliferate
and become cytotoxic. Cancer Immunol. Immunother. 39, 391-396 (1994).

Mack, M., Gruber, R., Schmidt, S., Riethmiiller, G. & Kufer, P. Biologic properties of a bispecific single-chain antibody directed
against 17-1A (EpCAM) and CD3: tumor cell-dependent T cell stimulation and cytotoxic activity. J. Immunol. 158, 3965-3970
(1997).

Giuliani, N. et al. Human myeloma cells stimulate the receptor activator of nuclear factor-xB ligand (RANKL) in T lymphocytes:
a potential role in multiple myeloma bone disease. Blood J. Am. Soc. Hematol. 100, 4615-4621 (2002).

Klinger, M., Benjamin, J., Kischel, R., Stienen, S. & Zugmaier, G. Harnessing T cells to fight cancer with BiTE® antibody constructs—
past developments and future directions. Immunol. Rev. 270, 193-208 (2016).

Kufer, P. et al. Minimal costimulatory requirements for T cell priming and TH1 differentiation: activation of naive human T
lymphocytes by tumor cells armed with bifunctional antibody constructs. Cancer Immun. Arch. 1,256 (2001).

Krupka, C. et al. CD33 target validation and sustained depletion of AML blasts in long-term cultures by the bispecific T-cell-
engaging antibody AMG 330. Blood 123, 356-365 (2014).

Klinger, M. et al. Immunopharmacologic response of patients with B-lineage acute lymphoblastic leukemia to continuous infusion
of T cell-engaging CD19/CD3-bispecific BiTE antibody blinatumomab. Blood J. Am. Soc. Hematol. 119, 6226-6233 (2012).
Bargou, R. et al. Tumor regression in cancer patients by very low doses of a T cell-engaging antibody. Science 321, 974-977. https://
doi.org/10.1126/science.1158545 (2008).

Kirouac, D. C. & Onsum, M. D. Using network biology to bridge pharmacokinetics and pharmacodynamics in oncology. CPT
Pharmacometr. Syst. Pharmacol. 2, €71. https://doi.org/10.1038/psp.2013.38 (2013).

Ginaldi, L. et al. Differential expression of CD3 and CD7 in T-cell malignancies: a quantitative study by flow cytometry. Br. J.
Haematol. 93, 921-927 (1996).

Krejcik, J. et al. Daratumumab depletes CD38+ immune regulatory cells, promotes T-cell expansion, and skews T-cell repertoire
in multiple myeloma. Blood 128, 384-394 (2016).

Long, B. R. et al. Conferral of enhanced natural killer cell function by KIR3DS1 in early human immunodeficiency virus type 1
infection. J. Virol. 82, 4785-4792 (2008).

Scientific Reports |

(2022) 12:10976 | https://doi.org/10.1038/s41598-022-14726-5 nature portfolio


https://doi.org/10.1002/cpt.1961
https://doi.org/10.1093/bioinformatics/btw469
https://doi.org/10.1093/bioinformatics/btw469
https://doi.org/10.1007/978-1-61779-833-7_9
https://doi.org/10.1007/978-1-61779-833-7_9
https://doi.org/10.1038/s41540-020-00145-7
https://doi.org/10.1111/cts.12877
https://doi.org/10.1016/j.ymeth.2018.10.026
https://doi.org/10.1186/s13045-015-0227-0
https://doi.org/10.1186/s13045-015-0227-0
https://doi.org/10.1126/science.aaf1292
https://doi.org/10.1126/science.aaf1292
https://doi.org/10.1126/science.aaf0683
https://doi.org/10.1016/j.cell.2018.12.034
https://doi.org/10.1016/j.immuni.2018.06.006
https://doi.org/10.1038/s41591-018-0136-1
https://doi.org/10.1158/1078-0432.Ccr-17-2027
https://doi.org/10.1126/science.1158545
https://doi.org/10.1126/science.1158545
https://doi.org/10.1038/psp.2013.38

www.nature.com/scientificreports/

60. Almeida, M., Cordero, M., Almeida, J. & Orfao, A. Relationship between CD38 expression on peripheral blood T-cells and mono-
cytes, and response to antiretroviral therapy: A one-year longitudinal study of a cohort of chronically infected ART-naive HIV-1+
patients. Cytometry B Clin. Cytometry J. Int. Soc. Analyt. Cytol. 72, 22-33 (2007).

61. Kriegsmann, K. et al. Quantification of number of CD38 sites on bone marrow plasma cells in patients with light chain amyloidosis
and smoldering multiple myeloma. Cytometry B Clin. Cytom. 94, 767-776 (2018).

62. Stemcell Technologies. Frequency of Cell Types in Human Peripheral Blood. https://www.stemcell.com/media/files/wallchart/
WA10006-Frequencies_Cell_Types_Human_Peripheral_Blood.pdf. Accessed June 2019, Revised 2019).

63. Vanlier, J., Tiemann, C. A., Hilbers, P. A. & van Riel, N. A. An integrated strategy for prediction uncertainty analysis. Bioinformatics
28, 1130-1135 (2012).

64. Marino, S., Hogue, I. B., Ray, C. J. & Kirschner, D. E. A methodology for performing global uncertainty and sensitivity analysis in
systems biology. J. Theor. Biol. 254, 178-196 (2008).

65. Diaz, L. R. et al. Imbalance of immunological synapse-kinapse states reflects tumor escape to immunity in glioblastoma. JCI Insight
https://doi.org/10.1172/jci.insight. 120757 (2018).

66. Huehls, A. M., Coupet, T. A. & Sentman, C. L. Bispecific T-cell engagers for cancer immunotherapy. Immunol. Cell Biol. 93, 290-296
(2015).

67. Al-Hussaini, M. et al. Targeting CD123 in acute myeloid leukemia using a T-cell-directed dual-affinity retargeting platform. Blood
127, 122-131 (2016).

68. Funaro, A. et al. Identification and characterization of an active soluble form of human CD38 in normal and pathological fluids.
Int. Immunol. 8, 1643-1650 (1996).

69. Wallace, D. L. et al. Prolonged exposure of naive CD8+ T cells to interleukin-7 or interleukin-15 stimulates proliferation without
differentiation or loss of telomere length. Immunology 119, 243-253 (2006).

70. Brunetti, M. et al. Spontaneous and glucocorticoid-induced apoptosis in human mature T lymphocytes (1995).

71. Jaleco, S. et al. Homeostasis of naive and memory CD4+ T cells: IL-2 and IL-7 differentially regulate the balance between prolifera-
tion and Fas-mediated apoptosis. J. Immunol. 171, 61-68 (2003).

72. Zlei, M. et al. Characterization of in vitro growth of multiple myeloma cells. Exp. Hematol. 35, 1550-1561 (2007).

73. Saito, T. et al. Spontaneous ex vivo apoptosis of peripheral blood mononuclear cells in patients with head and neck cancer. Clin.
Cancer Res. 5, 1263-1273 (1999).

74. Rawstron, A. C. et al. Circulating plasma cells in multiple myeloma: characterization and correlation with disease stage. Br. J.
Haematol. 97, 46-55 (1997).

75. Li, T. et al. Nanobody-based dual epitopes protein identification (DepID) assay for measuring soluble CD38 in plasma of multiple
myeloma patients. Anal. Chim. Acta 1029, 65-71 (2018).

Acknowledgements
We would like to thank Christine Veyrat-Follet, Jennifer Fretland, Qiang Lu, Rita Vicente, and Jad Zoghbi (Sanofi)
as well as Joseph Balthasar (University of Buffalo) for their thoughts and useful discussions on the model.

Author contributions

R.E.A, SKS., KP,JL, KL, YZY, M.A, HV.V, VP. designed the study. R.E.A., K.P,, S.K.S. performed the
research and analyzed the data. N.E.M.,, E.S., LW, Y.Z.Y,, R.M,, L.E. contributed experimental work for the study.
ARE. and S.K.S. authored the manuscript. All authors reviewed and gave input on the manuscript.

Competing interests
All authors are or were employees of Sanofi at the time of their contribution and may hold shares and/or stock
options in the company.

Additional information
Supplementary Information The online version contains supplementary material available at https://doi.org/
10.1038/541598-022-14726-5.

Correspondence and requests for materials should be addressed to K.P. or S.K.S.
Reprints and permissions information is available at www.nature.com/reprints.

Publisher’s note Springer Nature remains neutral with regard to jurisdictional claims in published maps and
institutional affiliations.

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 Author(s) 2022

Scientific Reports |

(2022) 12:10976 | https://doi.org/10.1038/s41598-022-14726-5 nature portfolio


https://www.stemcell.com/media/files/wallchart/WA10006-Frequencies_Cell_Types_Human_Peripheral_Blood.pdf
https://www.stemcell.com/media/files/wallchart/WA10006-Frequencies_Cell_Types_Human_Peripheral_Blood.pdf
https://doi.org/10.1172/jci.insight.120757
https://doi.org/10.1038/s41598-022-14726-5
https://doi.org/10.1038/s41598-022-14726-5
www.nature.com/reprints
http://creativecommons.org/licenses/by/4.0/

	Quantitative systems pharmacology modeling sheds light into the dose response relationship of a trispecific T cell engager in multiple myeloma
	Results
	Our QSP model of T-cell engagers utilized literature-derived assumptions about cellular interactions and behavior to form a rule-based model generation code which allowed for efficient and reliable model development. 
	Our model calibration process minimized parameter uncertainty by utilizing distinct datasets to inform each important model interaction and produced a well-qualified final model. 
	Model sensitivity analysis reveals that while increasing the synapse number is most important to promote killing at low doses of drug, the types of synapses formed are most important at high doses. 
	Trispecific effective activation of the T-cell population through co-stimulation of CD28 leads to stable effective receptor occupancy across doses and a strong advantage to trispecific antibody efficacy at lower doses. 

	Discussion
	Materials and methods
	Model overview. 
	Model equations. 
	Model generation code. 
	Model calibration. 
	Model parameters. 
	Model simulation. 
	Global sensitivity analysis. 

	References
	Acknowledgements


