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Abstract. A mechanistic model of the immune response was evaluated for its ability to
predict anti-drug antibody (ADA) and their impact on pharmacokinetics (PK) and
pharmacodynamics (PD) for a biotherapeutic in a phase 1 clinical trial. Observed ADA
incidence ranged from 33 to 67% after single doses and 27-50% after multiple doses. The
model captured the single dose incidence well; however, there was overprediction after
multiple dosing. The model was updated to include a T-regulatory (Treg) cell mediated
tolerance, which reduced the overprediction (relative decrease in predicted incidence rate of
21.5-59.3% across multidose panels) without compromising the single dose predictions
(relative decrease in predicted incidence rate of 0.6-13%). The Treg-adjusted model
predicted no ADA impact on PK or PD, consistent with the observed data. A prospective
phase 2 trial was simulated, including co-medication effects in the form of corticosteroid-
induced immunosuppression. Predicted ADA incidences were 0-10%, depending on co-
medication dosage. This work demonstrates the utility in applying an integrated, iterative

modeling approach to predict ADA during different stages of clinical development.
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INTRODUCTION

Biotherapeutic proteins can induce a humoral immune
response that may lead to anti-drug antibody (ADA)
production. ADASs have potential to impact pharmacokinetics
(PK), pharmacodynamics (PD), and downstream safety and
efficacy, requiring ADA formation to be closely monitored
throughout clinical development (1). Biotherapeutics are
designed, manufactured, and formulated to minimize immu-
nogenicity, but most biotherapeutics still have some level of
detectable ADA when tested in humans that may or may not
be clinically relevant (2).
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Historically, it has been shown that ADA formation can
depend on many factors that are generally categorized into
drug-specific (i.e., amino acid sequence, glycosylation, protein
folding), production-specific (i.e., impurities, aggregates, leach-
ates), and patient-specific (i.e., HLA type, age, co-medications,
disease state) (1). Our understanding of how these risk factors
contribute to ADA formation in humans is continuing to evolve,
but the underlying biology of the adaptive immune response to
an antigenic peptide sequence that can result in antibody
formation has been well characterized (3). Mechanistic models
are especially well-suited to integrate this knowledge to
generate predictions in novel contexts.

In 2014, Chen et al. published a multiscale mechanistic
model of the adaptive immune response to predict ADA
formation for biotherapeutic proteins, and applied the model
to retrospectively predict the immunogenicity for
adalimumab (4,5). The Chen er al. model will be referred to
as the CHV (Chen, Hickling, Vicini) model and is unique with
respect to past models of immunogenicity in that it links
protein sequence—based T cell epitope prediction methods to
downstream processes central to the immune response:
antigen presentation and the T and B cell biology required
for ADA production (Table I). When combined with a drug
disposition model, it can also be used to predict the impact on
the PK and PD of the drug. Since this model can reproduce
important aspects of the immune system such as (1) affinity
maturation and IgM to IgG class switching, (2) development
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Table I. System Levels Included in the Multiscale Immunogenicity Model by Chen ef al.®

System level

Biology described

Subcellular
Cellular*
Tissue/plasma
Patient level

Intracellular protein processing and MHCII peptide loading

DC antigen presentation, T cell and B cell activation and differentiation
ADA production, drug, and drug target disposition

MHCII haplotype

*A T regulatory cell feedback mechanism was added to the previously published model to reduce overprediction bias and improve model

predictability

of a memory response, and (3) anticipated time-scale for T
and B cell activation and proliferation (5), we wanted to
evaluate the ability of the model to predict ADA formation
for a novel biotherapeutic and compare our predictions with
the ADA data collected in the phase 1 clinical trial.

Here we report the use of the CHV model (4,5) to
predict ADA incidence for different doses, regimens, and
corticosteroid use and to evaluate the impact of these
variables on the PK and PD for ATI-1465 a biotherapeutic,
Fc-fusion protein in early clinical development (6).

METHODS
Clinical Study

The safety, tolerability, and PK for ATI-1465 was evaluated
after subcutaneous administration of a combined single ascend-
ing dose (SAD) and multiple ascending dose (MAD) study in
healthy volunteers conducting in the US in accordance with
ethical standards for trial conduct and monitoring. The trial was
a randomized, placebo-control, double-blind combined SAD
and MAD trial with five single dose levels (5, 15, 45, 90, and
180 mg) in the SAD portion and four multi dose levels of ATI-
1465 administered SC once weekly dosing (Q1W) (days 1, 8, 15,
22, and 29; at 15, 45, 90, or 180 mg). In a fifth panel, three 45 mg
doses of ATI-1465 was administered SC every 2 weeks (Q2W)
(days 1, 15, and 29).

Bioanalytical Methodology for ADA Detection

A validated bioanalytical method was used to detect anti-
drug antibodies in human serum samples. The method was
comprised of three tiers: (1) a screening assay, which identified
putative positive samples using a 95% cutpoint; (2) a confirma-
tory assay (99% cutpoint), which confirmed specificity of the
screened positive samples after adding excess drug; and (3) a
titer assay, which determined the magnitude of the positive
response (see Supplemental on assays for validated assay
specifications). The assay sensitivity was 10 ng/ml with a drug
tolerance of 50 pg/mL. The maximum drug concentration
observed in the clinical trial was 16 pg/mL and within the assay
drug tolerance. The method was a direct binding, chemilumi-
nescent enzyme-linked immunosorbant assay (ELISA) that
used ATI-1465 as the capture reagent and a detection mixture
of goat-HRP-conjugated anti-rabbit Fc (Jackson
Immunoresearch, cat# 111-035-144), anti-human kappa/lambda
light chain (Southern Biotech cat# 2070-05, cat# 2060-05) as the
detection reagent. Drug-affinity purified rabbit polyclonal anti-
drug IgG was the positive control. To convert titer results into

mass units for comparison with the model predictions, the
positive control was used as a standard curve to calculate a
relative concentration in ng/mL for each sample using the
instrument response values. Predicting molar amounts of human
ADA is an approximation, since human ADA can potentially
bind with different affinities and avidities relative to the animal
positive control.

Antigenic Peptide Predictions

The ATI-1465 protein sequence was screened using a
publically available Immune Epitope Data Base (IEDB) (Im-
mune Epitope Database) (http:/www.iedb.org) (7). A 15-mer
peptide walk-through of the entire sequence using a 1-residue
right shift starting from the N-terminus was used to search for
peptide regions with high predicted binding affinity to 41 different
MHCII (HLA-DRB) (human leukocyte antigen) alleles. The
HLA system is a gene complex encoding the major histocompat-
ibility complex (MHC) proteins class I and IT of which the MHC
II display endocytosed, antigenic peptides to CD4+ T cells. Three
classical MHC Class II heterodimeric receptors (HLA-DR,
HLA-DP, and HLA-DQ) are included in the CHV model.
HLA-DR (specifically HLA-DRB) contains the most genetic
diversity and was the focus of the in silico screening. In total 111,
15-mers were screened and one region in the active binding loop
of ATI-1465 was predicted to be antigenic based on strong
binding (IC50 <200 nM) of several overlapping peptides in this
region to several of the tested MHCII (HLA-DRBL1) alleles
(Table II) (8). These peptide sequences were predicted to not
exist in the human proteome using blastp, the National Center for
Biotechnology Information (NCBI) sponsored database (9).

Table II. Predicted IC50s for a Peptide in the Active Loop of ATI-
1465 for 8 Representative HLA-DRB Alleles

MHCII-HLA-DRB allele Allele frequency IEDB IC50
American population prediction
(%) (nM)
DRB1*#0101 6.6 16
DRB1*0301 10 884
DRB1*#0401 6 125
DRB1*0701 11.5 40
DRB1*0901 1.5 110
DRB1*1101 5.5 44
DRB1%*1301 5.0 355
DRB1*¥1501 10.4 71

IEDB Immune Epitope Data Base (IEDB) (http:/www.iedb.org)


http://www.iedb.org/
http://www.iedb.org
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Data Analysis Platform

The mathematical equations describing the immune
system CHV model (5) were used to establish the model in
Matlab® R2015a and R2016a software (Mathworks®). All
model optimizations, diagnostic graphics, simulations, and
post-processing were conducted in Matlab®.

Model Development

The model included a predicted antigenic sequence that was
identified in the in silico MHC-II binding screen to have the highest
binding to the 8 most frequent DRB (HLA-DB) alleles out of 41
DRB alleles in the American population compared to other
antigenic sequences (Table II). The peptide mapped to the non-Fc,
variable loop region of ATI-1465. Binding affinities to 41 represen-
tative HLA-DRB alleles in the American population were obtained
from the NetMHClIpan module in IEDB. Binding affinities to
HLA-DP and HLA-DQ were assigned values of 4 uM (several
orders of magnitude higher IC50) as in the CHV model (5). A
PKPD drug disposition model specific to the compound was included
along with the parameter estimates from a previously established
population model and ADA incorporated as a competitive inhibitor
of target binding (Fig. 1) (10). The equations and the parameter
estimates can be found in the Supplemental.

The CHV model was modified to include T-regulatory
(Tregs) cells to evaluate the potential to reduce the ADA
overprediction bias. The Tregs were incorporated in the model
according to the previously described cross regulation model
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(11,12) . Briefly, Tregs interfere with the ability of activated
effector T cells to proliferate (activated T cells designated as ATy
(naiveyr ATM (maturey In the CHV model). Tregs themselves are
induced by activated effector cells in the presence of an APC
displaying a cognate antigen. To match the formulation of the
CHYV model, we assume that very low levels of activated T cells
suppress Treg activation, so that any immune response is not
immediately ‘swamped’ by immunosuppression. The initial
number of therapeutic protein sensitive Tregs was obtained from
the literature (13-15). A more formal mathematical description of
these changes is given below.

Model Modifications

There were three modifications to the CHV model: (1)
addition of Treg biology to account for model overprediction
after multidose, (2) addition of a drug-specific PKPD disposition
model, and (3) modifications to the equations describing the
ADA effects on drug and B cells to include the newly defined
drug disposition model. The Treg model is described below and
the other model changes, including parameters and equations are
provided in the supplemental material. All other equations used
were not changed from the original publication of the CHV
model. Treg cells were added in to the CHV model (4,5) based on
the work of Velez de Mendizabal er al. (12). The same
parameterized forms introduced in the CHV model for T effector
cell homeostasis, activation, and proliferation were used, assum-
ing a Treg behaves like a naive cell for the purposes of activation
signal strength requirements. However, since Tregs use the IL-2
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Fig. 1. Schematic overview of the immune system model that includes a PKPD disposition model. Model details of the antigen presentation, T
cell biology and B cell biology are presented as in the CHV model (5) with additional model details for T regulatory cell biology. A target
mediated PKPD model was used to characterize the drug and target disposition. The drug is absorbed from the SC injection site into the central
compartment (C), where it can bind to the target (R) to the form a drug-target complex (RC). In this model ADA is modeled as a direct
competitor of target binding. The various rate constants are defined (Tlag = absorption lag, ka = absorption rate constant, kel = drug elimination
rate constant, ksyn = target synthesis rate, kdeg = target degradation rate, kon = target binding rate constant, koff =target dissociation rate
constant, kint=drug-target complex internalization rate constant. SAP: subcellular antigen processing, MS: maturation signal, ND: naive
Dendritic Cell (DC), MD: mature DC, NT: naive T cell, ATN: activated naive T cell, MT: memory T cell, FT: functional T cell, ATM: activated
memory T cell, NTReg: naive Treg cell, ATNReg: activated naive Treg cell, NB: naive B cell, ABN: activated naive B cell, MB: memory B cell,
ABM: activated, memory B cell, Ps : plasma cell, short lived, PL: plasma cell, long lived, ADA: anti-Drug antibody, C: drug in central
compartment, R: drug target, CR: drug-target complex, ADAC: ADA-drug complex
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produced by other activated T cells as their proliferation driver,
we modified the E expressions (Eq. 15.1, Supplemental Material,
CHYV model (4,5) for activated Tregs to be:

MD
" MD + YNT + YATy + YATy + YMT + YTr + Y ATr
, LATy + Y ATy Ke,
Y ATy + Y ATy + Ke,,

Er

So that in the absence of activated effector T cells,
activated Tregs are incapable of proliferating.

Here, Et is a proliferation/differentiation function
describing Tregs. MD = mature dendritic cells, NT = naive
T cells, ATy =activated native T cells, MT =memory T
cells, Tr=Tregs, ATr=activated Tregs, AT, =activated
memory T cells, Ke., =number of effector Tregs required
for half-maximal Treg proliferation.

The full differential equations for resting and active
Tregs are:

dT
d—zR = Bz * (TrO-Tr)~dy7 * Dg % Tr + pyp * (1-Eg) * ATr
dIZfR = SNT * DR *Tr + PAT * ER * ATr—BAT * ATr

These equations are analogous to Eqgs. 14 and 15
from the original CHV model. Where Tr =resting Tregs,
ATg =activated Tregs, Pnt=death rate naive T cells,
Tr0 =initial number of therapeutic protein sensitive T
cells, OnT=maximum activation rate of naive T cells,
Dy =activation function for Tregs, par=maximum prolif-
eration rate for activated T cells, par=death rate of
activated T cells. The values for Bn1, OnT, PaT and Par,
and the functional form for Dr_were the same as used in
the CHV model. For all T cells, the number of Tregs
(active and resting) are included in the D functions (Eq.
14.1 CHV model), to account for increased competition
for MHCII on the available DCs.

To account for Treg activity beyond competition
effects, we implemented a decreased proliferation rate of
activated cells, using the model of Velez de Mendizabal
et al. as a basis (12). Specifically, we defined:

-h
Ki Tr

Iyp=— 1
o Kif, + (zATH

where I, is the inhibition effect induced by Tregs, Ki'}, =Treg
inhibition rate constant, h =slope coefficient for Treg effects,
ATr = activated Tregs. T effector cell equations were updated
to be:

dATx
dt

= 8)(7‘ *DNX *XT+pAT *EX *ATX *ITr_BAT

* ATy
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Parameter Definition Value Source

Kip, Number of Tregs 200 Velez de
required for Mendizabal et al. (12)
half-maximal
suppression

Key, Number of Teffs 1000 Velez de

required for

half-maximal

Treg proliferation
h Slope coefficient 5
for Treg effects
Initial number
of therapeutic
protein-sensitive
Tregs

Mendizabal et al. (12)

Velez de

Mendizabal et al. (12)
Wilson et al. (15),
Maddur et al. (13),
Mukhopadhyay et al
(14)

Tr0 0.1-10%

of NTO

where X € {N, M}. The new Treg associated parameters were
taken exactly as specified in Velez de Mendizabal et al. All the
other parameters are exactly as described above in the Treg
dynamics, with values identical to those in the CHV
publication.

To predict the effects of ADA formation against this
region of ATI-1465, the structural population PK model
estimated from the phase 1 trial data was included in the
model. Keeping in line with the original analysis of
adalimumab performed by Chen et al, only variability on
clearance (in the form of a log-normal distribution of
parameter values with mean and variance as estimated from
the data) was used to induce PK variability in our simulations.
The structural model also included a state equation for the
drug target, including variability in baseline levels and
estimates of in vivo binding affinity. These equations allowed
us to more fully explore possible consequences of ADA
formation on the proximal PD of the compound, by
comparing the concentration of free target in the presence
and absence of neutralizing ADAs.

Since ATI-1465 is being developed to treat patients who
typically also receive daily corticosteroid therapy, the immu-
nosuppressive effects of corticosteroids on lymphocyte pro-
liferation were incorporated in the model. The oral dose of
prednisolone used in the simulations was 20 mg and approx-
imates the daily dose that would be given for this indication
with a 27 kg body weight (pediatric population) (i.e.,
0.75 mg/kg/day). An IC50 of 51.4 nM for prednisolone
inhibition of human whole blood lymphocyte proliferation
was used (16). The average daily free plasma prednisolone
concentration at steady state was estimated to be 30-40 nM in
adults (17,18). Since the free plasma concentration is slightly
under the IC50, where 50% inhibition is assumed, we thus
implemented corticosteroid effects as a decrease in activated
lymphocyte proliferation rate simulated at two levels of
suppression (25% and 50%) as reasonable expectations for
the corticosteroid doses observed in the study.

Model Evaluation

A collection of 30,000 virtual patients was generated
by sampling the following parameters from their pre-
specified population distributions: (1) MHC-1I (HLA-
DRB) alleles and their IC50s for the antigenic peptide,
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(2) drug clearance, (3) target levels, and (4) number of
Tregs required for half-maximal inhibitory effect. For drug
clearance and target levels, population mean values and
the between-subject variability estimates from the popula-
tion PK analysis were used to generate distributions. For
the MHC-II allele distribution, DRB allele frequencies in
the mixed North American population were calculated
using data available at dbMHC (https://www.ncbi.nlm.nih.gov/
projects/gv/mhc/ihwg.cgi?cmd=PRJOV&ID=9&
SHOWMAP=1). Briefly, for populations of African, Asian,
and European descent, allele frequencies were averaged
across different studies and those frequencies then blended
together based on demographic information from the 2010
US Census. Forty-one alleles were ultimately selected,
which represented 92% and 100% of the total allelic
distribution in the American and Japanese populations,
respectively, with all alleles occurring in at least 0.1% of the
population. Two alleles were randomly selected for each
virtual patient, although virtual patients could have two
copies of the same allele. Each virtual patient was simulated
with the new Treg module active and inactive, for each dose
panel used in the phase 1 trial. Trial simulations were
performed by randomly selecting 6 subjects per dose group
for the SAD phase of the trial and 12 subjects per dose
group for the MAD phase. A total of 500 such trial
simulations were conducted for each dose level. For each
trial simulation, the number of ADA positive subjects and
the magnitude of the response at different times after
dosing were summarized. An ADA positive subject in the
simulation was defined as a subject that had ADA levels >
10 ng/mL (=0.067 nM) at a time point of interest. This
threshold was the assay sensitivity determined using the
positive anti-drug antibody control to detect ADA. The 500
simulated trials were summarized using histograms to
indicate the predicted number of positive ADA subjects
(out of the total number of subjects simulated) for each trial
and compared to the observed ADA incidence. The
predicted time profiles for ADA production and impact to
PK and PD were also plotted (Figs. 4 and 5). ADA binding
was modeled as directly binding to the drug and accelerat-
ing drug clearance, preventing interaction with the target as
illustrated in Fig. 1. Model predictions were compared using
the mean predicted ADA+ subjects and standard deviation
for the trial simulations.

Data Exclusion

In the SAD portion of the phase 1 study, two subjects
were baseline ADA positive prior to the first dose. While
the model could in principle be adapted to reproduce such a
finding (by setting non-zero initial conditions for certain key
players in the immune cascade, most importantly the
presence of existing compound-reactive memory B cells
and long lived plasma cells), there were insufficient data
available to estimate the likelihood of this occurring in the
general population with confidence, nor did we have any
insight into the presence or absence of reactive T cells to the
compound, since the B cells may be targeting a different
epitope than the T cells. Thus, we decided to exclude those
two subjects from this analysis. To account for these missing
patients, simulated trials for the SAD1 and SADS5 dose
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panels were populated with 5 virtual patients, not 6, and
compared to the trial data exclusive of the baseline ADA
positive subjects.

RESULTS

Observed ADA in Phase 1

ADA levels were measured in serum at pretreatment
and on days 15, 36, 49, 63, 77, and 91 after a single dose and
on days 15, 36, 71, 85, 99, and 120 after multiple doses of ATI-
1465. At day 91, after single dose, ADA incidence ranged
from 33 to 67% across the dose panels with a total ADA
incidence of 47% (Table IIT). ADA was not dependent on
dose after single dose with lower doses having similar
incidences as higher doses at day 91, suggesting that the
antigenic threshold for immune cell activation was reached at
the lowest dose. However, there is evidence of a bell-shape
response in the MAD panels. ADA incidence was the highest
in the lowest dose MAD panel 50% (3/6) that decreased to
25% (3/12) in the highest MAD panel (Table III). Although
the numbers are small, this may support tolerance being
developed at higher doses. ADA titers were low and ranged
from 2 to 64 and were not a consequence of the inability to
detect ADA, since the drug tolerance of the assay was higher
than the observed drug levels. Two subjects in the SAD
panels had pretreatment confirmed baseline positive ADA
(titer =4), whose titers increased post treatment, suggesting a
pre-existing response that may have been boosted post
treatment. The majority of the ADA positive subjects (10/
14 =71%) seroconverted between day 49 and day 91. At day
120 after multiple weekly (or every other week) doses, the
incidence ranged from 25 to 50%. Titers were again low (<
16) with the majority of ADA positive subjects (14/17 =82%)
seroconverting at or after day 71. Given the observed ADA
incidence, it was important to reevaluate the amino acid
sequence to identify any predicted antigenic T cell epitopes.

Table III. Observed ADA at Day 91 for Each Dose Level After
Single Dose and at Day 120 After 5 Weekly Multiple Doses (Q4W)

Observed no. of ADA
positive subjects (%)

Panel (dose) Total subjects

SAD 1 (5 mg) 6 3 (50)
SAD 2 (15 mg) 6 2 (33)
SAD 3 (45 mg) 6 4(67)
SAD 4 (90 mg) 6 2 (33)
SAD 5 (180 mg) 6 3 (50)
SAD total 30 14 (47)
MAD 1 (15 mg) QW 6 3 (50)
MAD 2 (45 mg) QW 12 4(33)
MAD 3 (90 mg) QW 12 4 (33)
MAD 4 (180 mg) QW 12 3 (25)
MAD 5 (45 mg) Q2W 11 3(27)
MAD total 53 17 (32)



https://www.ncbi.nlm.nih.gov/projects/gv/mhc/ihwg.cgi?cmd=PRJOV&ID=9&SHOWMAP=1
https://www.ncbi.nlm.nih.gov/projects/gv/mhc/ihwg.cgi?cmd=PRJOV&ID=9&SHOWMAP=1
https://www.ncbi.nlm.nih.gov/projects/gv/mhc/ihwg.cgi?cmd=PRJOV&ID=9&SHOWMAP=1

94 Page 6 of 12

Predicted Antigenic Peptide Sequence

A prerequisite for the immunogenicity model was the ability
to predict an antigenic sequence that provided the initiation
trigger for antigen presentation by dendritic cells. Since most
available MHCII binding prediction tools consider peptides of 15
residues in length, all sequential peptides of this length generated
from the sequence of ATI-1465 were scanned against both the
binding prediction algorithm NetMHClIIpan v3.0 (19) and the
human proteome to detect germline sequences (9). A single
peptide in the active loop region of ATI-1465 was predicted to
bind with high affinity (IC50<200 nM) to several of the 41
MHCII DRB alleles for which population distribution data was
gathered and showed significant non-homology to the human
proteome, and so was used as the antigenic input to the model.
Since these 41 alleles do not quite cover the entirety of the target
population (total representation was ~ 93%), a 42nd allele termed
“other” was included with its affinity for the antigenic compound
set at 4 pM.

ADA Predictions Using Previously Published Model

The distributions of 42 DRB alleles in three different
world populations (US, Japanese, and European) were
calculated using the data available at dbMHC (20). Account-
ing for this variability as well as the variability established in
clearance and initial target load, the CHV model was used to
simulate 500 replicate SAD trials of 6 patients each for each
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dose panel assessed in the trial. After each simulated trial, the
number of virtual patients showing ADA >10 ng/ml was
recorded, and the results are shown in Fig. 2 (orange
histogram). In general, the model shows an increase in
ADA incidence as the antigen exposure increases; this is
primarily due to increasing numbers of MHCII DRB alleles
in the population that have met the EC50 binding threshold
as the doses increase and are now capable of binding and
displaying sufficient antigen to induce a T cell response.

Next, the simulation procedure was repeated to simulate
multiple dosing of 4 weekly doses (QW) at 5 different dose levels
(5 MAD dose panels) (Fig. 3 (orange histograms)). We note now,
contrary to our findings in the SAD simulation, the model is
significantly overpredicting ADA incidence; indeed, overall
incidence was reduced in the MAD panel relative the SAD. We
hypothesized that inclusion of a Treg-based tolerance mechanism
into the model, based on previously described models with no
extra parameter estimation required, would be sufficient to
describe this trend of decreased ADA incidence.

ADA Predictions Incorporating T Regulatory Cell Tolerance

Tregs were added to the model such that their effects
were to decrease antigen-dependent T cell proliferation.
Using this framework, we re-simulated 500 replicates of both
the SAD and MAD trials. These results are shown in Fig. 2
and Fig. 3 (blue histograms). We note firstly that inclusion of
the Treg tolerance mechanism led to only minor changes in

SAD1 SAD2 SAD3
500 200 200
[ with Tregs
[ without Tregs
4% 150 * 150
£ 300 0 @0
o 8 o
= = 100 = 100
#* 200 #* *
100 50 50
*
0 * 0 0
0 2 4 0 2 4 6 0 2 4 6
ADA pos VPs/Trial ADA pos VPs/Trial ADA pos VPs/Trial
SAD4 SAD5
200 200
150 150
o %
o 8
= 100 = 100
# *
50 * 50
0 0
0 2 4 6 0 2 4
ADA pos VPs/Trial ADA pos VPs/Trial

Fig. 2. Trial simulation histograms of ADA incidence for the virtual patient (VP) population at all 5 dose levels at day 91
after subjects received a single dose. The observed number of ADA positive (ADA pos) subjects for that dose panel is
indicated with an asterisk. Histograms from the original model are orange (without Tregs), overlaid with histograms from

the Treg adjusted model in blue (with Tregs)
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MAD1 MAD2 MAD3
200 200 200
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= 100 = 100 =
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50 50
0 0
0 2 4 6 0 5 10 0 5 10
ADA pos VPs/Trial ADA pos VPs/Trial ADA pos VPs/Trial
MAD4 MAD5
300 250
250 200
200
0 © 150
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= 150 =
* # 100
100
0 0
0 5 10 0 5 10
ADA pos VPs/Trial ADA pos VPs/Trial

Fig. 3. Trial simulation histograms of ADA incidence for the virtual patient (VP) population at all 5 dose levels at day 120 after subjects
received 5 QW doses (MAD1-MAD4) or 3 Q2W doses (MADS5, same dose amount as MAD4). The observed number of ADA positive (ADA
pos) subjects for that dose panel is indicated with an asterisk. Histograms from the original model are orange (without Tregs), overlaid with

histograms from the Treg adjusted model in blue (with Tregs)

the prediction of the SAD panels (Fig. 2, significant overlap
between the orange and blue histograms). However, the
presence of Tregs had a profound impact on the MAD panel
predictions in all but the lowest MAD panel, with the blue
histograms shifted to lower predicted ADA incidence more
closely predicting the observed ADA incidence (Fig. 3).
There was a relative decrease in predicted incidence rate of
21.5-59.3% across the MAD panels without compromising
the single dose predictions (relative decrease in predicted
incidence rate of 0.6-13%) (Table IV). The model predicted
time course and magnitude of ADA response in the SAD
using the Treg-adjusted model are shown in Fig. 4. The

Table IV. A Comparison of the Mean ADA+ Patients/Simulated
Trial Between the Original and Treg Modified Models Along with the
Observed ADA+ Patients. The Treg Model Is Predicting a Lower
Mean That Is More Similar to the Observed Data Than the Original
Model Without Tregs. The improved Model Predictability with Tregs
Is More Notable in the Multidosing MAD Panels. The Mean Number
of ADA+ Patients Was Computed Across 500 Simulated Trials from
the Original Model and the Treg Supplemented Model

observed ADA data in units of nM were available to compare ~ *2n¢l g‘}’)seArved Predi‘:t‘s"]j) Predic“s:;l) I;elative
to the model predicted ADA for the SAD panels. The model A mean (SD) mean (SD) uange
. . . patients ADA+ ADA+ (%)
was able to describe both the approximate time of onset (day . . : .
X . . patients/trial  patients/trial
4Q to day 70) apd ADA concentrations observed in the trial Treg model  Original model
with the exception of the lowest dose panel, where observed
ADA concentrations were higher than predicted. One subject SADI1 3 0.2 (0.42) 0.2 (0.42) -7.6
in the lowest dose SAD1 panel and one subject in the SAD5 SAD2 2 1.4 (1.04) 1.4 (1.05) -0.6
panel were baseline ADA positive, and those patient data are SAD3 4 3.4 (1.21) 3.7 (1.16) =79
not included in this analysis. SAD4 2 42 (112) 4.6 (1.1) -89
SAD5 3 45 (1.1) 5.1 (0.86) -13.0
. MADI 3 3.6 (1.17) 4.6 (1.03) -215
Model Predicted Impact on PK/PD MAD2 4 64 (17) 106 (1.09) 300
MAD3 4 5.6 (1.7 10.9 (0.93 —483
Since the mode} incl}lfies not ’only the generatior.l of MaADs 3 47 EL%) 115 20.7)) ~593
ADA, but also their ability to bind to (and potentially pap5 3 5.6 (1.66) 11.1 (0.91) —49.6

interfere with) the target binding, we further tested the
model by investigating the PK and PD (as measured by free

“ %Relative change = (ADAqyee-ADA origina)/ AD A g rginal X 100
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target lowering) in the MAD panels (Fig. 5). The median
(95% CI) time course trajectories for ATI-1465 and free
target are plotted for ADA positive subjects and ADA
negative subjects (Fig. 5). The 95% CI intervals for positive
and negative subjects completely overlapped and are indi-
cated as one brown shaded region, indicating the model does
not predict any discernible difference in the PK or immediate
PD. This was consistent with the observed data for MAD1
where the ATI-1465 Cmax and AUC and the extent of target
lowering were similar for ADA positive and negative subjects
(Supplemental Table).

Model Predicted Impact of Oral Corticosteroid Concomitant
Medication

As a final consideration of the possible utility of the
model, we simulated the emergence of ADA over a 1 year
virtual clinical trial duration using a weekly dosing schedule
for three different dose levels (4, 20, and 50 mg) of ATI-1465.
This biotherapeutic is intended to treat an indication where
the patient population is typically on daily oral corticosteroids
(OCS) as a standard of care with an expected OCS dose of
approximately 20 mg prednisolone/day. Prednisolone has
been shown to inhibit human whole blood lymphocyte
proliferation (a sensitive parameter for ADA formation in
the model, per the analysis in the CHV model (4,5)).
Simulations of expected ADA incidence in the absence and
presence of OCS leading to a 25% and 50% suppression of
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lymphocyte proliferation, and their impact on PD (% free
target lowering during treatment) are shown in (Fig. 6). In the
absence of OCS, the ADA incidence increased from the 4 to
20 mg ATI-1465 dose and plateaued at the 50 mg dose.
Modeling a 25% reduction in the T and B cell proliferation
rate dropped the ADA incidence to 0, 5 and 10% for the 4, 20
and 50 mg dose, respectively after 1 year of weekly dosing. At
a 50% reduction in lymphocyte proliferation, no ADA is
predicted for any dose level (Fig. 6). However, it is important
to note that the immunosuppressive mechanistic effects of
OCS are not well defined in general and considerations for
the strength of the antigenic stimuli, total daily OCS dose and
duration of treatment are additional important factors
contributing to an antibody response (22).

DISCUSSION

The multiscale mechanistic model of immunogenicity
described by Chen et al (4,5) (CHV model) provides a
conceptual framework for understanding the adaptive im-
mune system biology and ADA production. The model is a
logical extension of the current methods that are used to
predict and evaluate ADA impact. In silico methods are used
initially to predict peptide sequences that are potential T cell
epitopes based on MHC-II binding affinities (7,22,23). Once
antigenic sequences have been identified, in vitro experiments
can be used to confirm peptide binding to MHCII (24), T cell
proliferation and cytokine release (25,26). A mechanistic
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Fig. 6. The model can predict the impact of corticosteroid immunosuppression. Simulation of three different weekly doses over a 1-year
duration using the Treg adjusted model. Three different oral corticosteroid (OSC) driven immunosuppression effects were simulated (0, 25, and
50% immunosuppression), and we show the median (line) and 90% CI of the resulting simulated trials. The number of ADA positive subjects
(bottom panels) is reduced with increasing corticosteroid and the ADA impact on % target engagement (top panels) over time is not predicted

to change
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model can help bridge the in silico and in vitro predictions to
downstream T and B cell biology that lead to antibody
production and with a drug disposition model included, the
longitudinal impact of ADA on biotherapeutic PK and PD
can be evaluated.

Here we described the use the model to predict ADA for
different doses, regimens, trial duration and corticosteroid use
for ATI-1465, a biotherapeutic in phase 1 clinical develop-
ment. The original CHV model could reasonably predict
ADA for ATI-1465 after single dose, but there was a notable
overprediction bias after multiple doses.

Treg Cell Adjusted Model

The original model had tolerance indirectly incorporated
via decreased B cell proliferation rates at high antigen
concentrations, but given the low levels of model predicted
ADA for ATI-1465, thresholds for B cell tolerance were not
met. Tolerance to an antigen could be invoked by a number
of mechanisms that include both central tolerance (negative
selection in the thymus) or peripheral tolerance that include
sequestration of antigen, deletion or exhaustion (anergy) of
autoreactive lymphocytes, upregulation of checkpoint recep-
tors that dampen the response (i.e., programmed death-1
(PD1)) or increases in Treg cells (27,28). Treg-induced
tolerance was chosen to implement in this round of model
optimization, given that Treg quantitative models were
already published in the literature. Tolerance to an injected
antigen, particularly after frequent exposure, is a well-
documented phenomenon (29-34). Tolerance mechanisms
are a form of protection to minimize inflammation-induced
destruction of organ/tissues after frequent antigen exposures.
Several hypotheses have been proposed for the mechanisms
underlying tolerance, particularly in autoimmune disease
where tolerance to self-Ag is dysfunctional (31). A quantita-
tive, Teff and Treg cross regulation model of tolerance
induction was previously described in the literature and used
to update the CHV model (12). The premise behind the cross
regulation model is that Treg cells have a negative effect on
activated Teff cells, and Teff cells have a positive effect on the
proliferation of Treg cells in a cross-regulated “prey-preda-
tor” system with Treg cells as the predator and Teff cells as
the prey as described by Velez de Mendizabal et al. (12). The
cross-regulation model was proposed for multiple sclerosis
and although the model conceptually applies to healthy
subjects, the number of Treg cells and their effects in auto-
immune disease could potentially underestimate the tolerance
effect in healthy subjects. After inclusion of the tolerance sub-
model, there was a notable decrease in the model predicted
ADA incidence after multiple dosing, but not after single
dose. This is consistent with the known physiology of
tolerance where subsequent, multiple injections can stimulate
higher populations of Treg cells (35).

The most noticeable differences between model-
predicted and observed ADA occurred at the lowest dose
panel after single dose (SAD 1, Fig. 2) and at the highest dose
panel (SAD 5, Fig. 2). In each of these panels, there was one
subject that had pre-existing ADAs, whose titers were
boosted post-treatment. Pre-existing antibodies in patients
have been described for some biotherapeutics, which can lead
to treatment-boosted ADA increases (36,37). The current
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model does not account for this phenomenon and may
explain why the model is under-predicting the ADA response
for these two subjects.

Applications of a Multiscale Model of Inmunogenicity

A mechanistic modeling approach that captures the
biology of antigen recognition and downstream antibody
production and its impact on PKPD has important applica-
tions. We were able to model the immunosuppressive effects
of oral corticosteroids (OCS) with a model predicted
reduction in ADA incidence with daily OCS administration.
The immunosuppressive effect of corticosteroids on ADA
formation could not have been predicted with more
traditional empirical modeling methods that treat ADA as
a covariate on drug clearance in the population PK model
(38-41) or semi-mechanistic models of immunogenicity-
mediated drug disposition (42) that lack the upstream
mechanistic details on T and B cell proliferation that are
needed to predict the corticosteroid effects. When ADA
does impact PK or PD and there are no significant
correlations of ADA with injection site reactions, hypersen-
sitivities or other immune-mediated safety events, it may be
possible to use the mechanistic model to design a dosing
regimen that could maintain drug exposures above an
efficacious threshold. In addition, when evaluating therapies
that specifically up regulate (immuno-oncology therapies)
or down regulate (anti-inflammatory therapies) the immune
system, the impact of these mechanisms on ADA formation
could be incorporated into the model.

Model Limitations and Future Development

While the current model has shown utility in predicting
ADA for ATI-1465, there are several model assumptions and
limitations that are important to emphasize to encourage
additional model improvements. First, the antigen
(biotherapeutic) system is equally distributed near the site of
action, and the cellular and ADA responses are driven by the
antigen concentration in the central compartment. The current
model does not account for interactions that might take place in
lymphoid compartments, where concentrations may not be
reflective of plasma levels. Second, the virtual patients are
completely antigen naive at the start of the simulation and
therefore any subjects that have pre-existing antibodies prior to
treatment as was observed in our example cannot be accounted
for in the model. Third, the model represents an otherwise
healthy individual and a classical adaptive immune response
with no competition for DC-mediated T cell activation or T cell-
mediated B cell activation due to other disease processes. In
addition modulatory cytokines are not currently included in the
model. Fourth, the model assumes the in vitro predicted
antigenic IC50 from the in silico screen translates in vivo. This
could be an inaccurate assumption for some antigenic sequences
and represent an overprediction of antigenicity since a relevant
T cell repertoire is need for a response (43). Incorporating
additional algorithms that offer improved predictions or
confirming predicted antigenic sequences directly using MHC
in vitro binding assays or human PBMCs could improve
antigenicity predictions (43). Collecting HLA genotypes and
evaluating pre and post treatment T cell repertoire expansion
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could also help in the future to improve model predictions.
Future development of this model will hopefully continue to
evolve and gain acceptance as an additional tool to help describe
and predict human immunogenicity.

CONCLUSION

This study demonstrates feasibility for using a mechanis-
tic model of the immune system that captures fundamental
biology of T and B cells responses to predict anti-ATI-
1465 antibody in an early trial. The model was used to predict
how anti-drug antibodies impact PKPD under different
dosing regimens and immunosuppressive co-medications.
Having a model based framework to predict and simulate
how immunogenicity might change with different doses,
schedules, immune-modulating co-meds, and HLA genetic
background of the patients in a clinical trial will ultimately
allow prospective planning and understanding of ADA
impact on PK and efficacy.
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