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Выступающий
Заметки для презентации
Аутоиммунные заболевания возникают, когда нормальная роль иммунной системы в защите от инфекций нарушается, в результате чего она ошибочно атакует нормальные здоровые клетки организма.
Аутоиммунные заболевания вызываются иммунным ответом, направленным против определенных органов, при этом факторы окружающей среды и генетическая предрасположенность играют роль в патогенезе аутоиммунитета.
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Выступающий
Заметки для презентации
Большое количество компонентов и сигнальных путей, вовлеченных в патогенез аутоиммунных заболеваний, приводит к высокой вариабельности в ответе среди пациентов, что требует персонализированных схем лечения, а также тестирования комбинаций препаратов, действующих сразу на несколько звеньев биологических систем, для достижения максимальной эффективности лечения 



Front. Immunol., 14 March 2024 This article is part of the Research Topic

Sec. Autoimmune and Autoinflammatory Disorders: New Approach Methods in Immunology

Autoinflammatory Disorders

Volume 15 - 2024 |
https://doi.org/10.3389/fimmu.2024 1371620

View all 19 articles >

Mathematical modeling in autoimmune
diseases: from theory to clinical application

@ Yaroslav Ugolkov™’? Antonina Nikitich’? Cristina Leon*

@ Gabriel Helmlinger® ‘% Kirill Peskov®<=- Victor Sokolov=~ ﬂ Alina VolkovaZ23*

1 Research Center of Model-Informed Drug Development, Ivan Mikhaylovich (I.M.) Sechenov First Moscow State Medical

University, Moscow, Russia

2 Marchuk Institute of Numerical Mathematics of the Russian Academy of Sciences (RAS), Moscow, Russia <3
5 Modeling and Simulation Decisions FZ - LLC, Dubai, United Arab Emirates 2

4 Biorchestra Co., Ltd., Cambridge, MA, United States S
https.//doi.org/10.3389/fimmu.2024.1371620 YHUBEPCHTET

4 > Sirius University of Science and Technology, Sirius, Russia



https://doi.org/10.3389/fimmu.2024.1371620

7 ODE, 18 parameters.
11 parameters calculated

from reference.

B cell activation model
development

A scheme of biological 13 ODE, 13 parameters.

processes was compiled. 8 parameters fixed from
24 studies with reference data.

measurements of B cells
numbers were identified.

Model validation

Description of IgG levels
using 52 points collected

from 5 sources.

Pabouyun npouecc pa3padoTku mogenwu

/ parameters calculated
from steady state for 7

variables.

Model calibration

S parameters were
estimated from 4 variables

using 84 points collected
across 6 sources.

Sensitivity analysis

ASC levels were driven by
synthesis rate and blood-to-

bone migration reflecting
survival niches.

Model steady states agreed
with reference values.

Model evaluation

Full parameter identifiability
achieved.

Convergence achieved at a
local minimum.

Forward simulations

Model simulations to
capture between-study

heterogeneity.

CEYEHOBCKUM
YHUBEPCUTET



B-KneTku — ocHoBa rymopanbHOro MMMyHUuUTeTa

AHTUrE

NnasmaTunyueck AHTUTeEenNna
ue
DA T
KJ1 n '
[MoBTOPHbLIN \
aHTUIeH =

AyToaHTuUTena

B-
- JHNMEROMMTEL 1k — oann

TUM aHTUTEI

AHTUre

=  Bo3MOXHO (bopMMpOBaHUA
~1011 knoHoB

=  OTtpuuaTternbHbIn OTOOP
ayTOpeaKTMBHbIX KINOHOB

= PopMUPYIOTCH B KOCTHOM
Moa3re

= Co3peBaloT B BTOPUYHbIX B-KrneTKu

NMMMAONOHbIX OpraHax |
= MmmPBEBIM eckas namaTs g
= MoryT cyuiecTBoBaTh 5
rogamu I

CEYEHOBCKUM
YHUBEPCUTET




Cxema moaenwu

OObIKHOBEHHbIE
andpdepeHUmanbHble
ypaBHeHusa: 20

[TapameTpbl: 31

e PaccunTaHHble 13
nmntepartypbl: 19

e PaccunTaHHble 13
CTaLMOHapPHbIX
KOJTIN4YeCTB KNeToK: /

e OuUuEeHeHHble: 5

Blood

ko
Kq <
> B
k3
IgG
|o|g d k‘
00 deg_igg
B
. * ks

Bone marrow Spleen

ksyn_imm
—_—

—

O

syn_igg

syn_igg

Peripheral

peripheral

syn_igg

f(kmat_&
<29 .

B cell progenitors . ASC

Naive B cells

» degradation

» synthesis

» maturation

activation of
ASC maturation

» migration

CEYEHOBCKUM
YHUBEPCUTET

OO



Выступающий
Заметки для презентации
Все это позволяет определить приоритетные путей развития математического моделирования в АЗ
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Заметки для презентации
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Выступающий
Заметки для презентации
To validate the model, was used independent data on IgG antibody kinetics following mouse immunization. 
To standardize the units in which IgG levels were reported, all values were normalized to the maximum concentration observed in each study, yielding dimensionless relative IgG levels ranging from 0 to 1 
Figure 3 (A) present the time-course of IgG concentrations predicted by the model in comparison with experimental observations. Figure 3 (B) shows the residuals versus time plot, allowing a more detailed examination of the model’s performance across the dataset. The overall deviation between model predictions and observed values was quantified using the the root mean square error  RMSE, which was equal to 0.253. The model captures key features of the IgG response: the peak concentration, the upward trend toward the peak, the subsequent decline, and a brief period of apparent steady-state levels. 
 
However, experimental data suggest a gradual decrease in IgG levels over time. Interestingly, when comparing this trend with the ASC dynamics from the same studies (Figure 2 (С)), was observed that ASC levels remain relatively stable after reaching their plateau. This discrepancy indicates that the rate of antibody secretion per ASC may decline over time – a biological mechanism not currently represented in the model. As a result, starting from approximately day 100, the model tends to overpredict IgG concentrations.
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Заметки для презентации
To explore the dynamic behavior of the model and identify parameters with the greatest influence on ASC kinetics, was performed a local sensitivity analysis. Specifically, was used family-of-curves plots to visualize how changes in parameter values affect model dynamics outputs (Figure 4 (A–F)). The analysis focused on two key parameters: kmat_3 (Figure 4 (A–C)) and Vmax (Figure 4 (D–F)), with results shown for ASC populations in the spleen (Figures 4. A, D), lymph nodes (Figure 4 (B, E)), and bone marrow (Figure 4 (C, F)) – the tissues most relevant to the immune response and long-term ASC survival. 
The results indicate that ASC behavior in the spleen and lymph nodes is strongly dependent on the maturation rate constant, which governs the generation of ASC (Figure 4 (A–B)). However, this parameter has little to no effect on ASC dynamics in the bone marrow (Figure 4 (C)). In contrast, Vmax, which reflects the size of niches of survival for ASC in the bone marrow, exerts the strongest influence on ASC concentrations in the bone marrow (Figure 4 (F)), with minimal impact on spleen and lymph node dynamics (Figure 4 (D–E)).
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Выступающий
Заметки для презентации
The model was also applied to explore potential sources of inter-experimental variability in ASC dynamics. To this end, was conducted simulations of ASC concentrations in the bone marrow across a range of values for the parameter Vmax, which governs the compartment’s capacity for ASC accumulation and survival (Figure 5). The parameter was varied in the range of 22.20 to 915.99 cells/day, with 492.75 cells/day representing the calibrated typical value. The lower bound of the range was specifically selected to capture the markedly reduced ASC levels observed in the study by Schrock, 2019, where ASC counts were consistently an order of magnitude lower compared to other data. 
These simulations demonstrate that adjusting only the Vmax parameter is enough to reproduce the distinct experimental observations across studies. This finding suggests that the observed variability in bone marrow ASC levels may be predominantly explained by differences in the size or number of survival niches available for long-lived plasma cells in the bone marrow. Such structural heterogeneity across animals or experimental conditions could represent a key source of biological variability, and the model provides a mechanistic framework for capturing and interpreting this variation.
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Заметки для презентации
Все это позволяет определить приоритетные путей развития математического моделирования в АЗ
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Выступающий
Заметки для презентации
Примерно 1/3 моделей включали различные антигены. Это неудивительно, учитывая, что для большинство АЗ проявляются при повышенииконцентрации антигенов в крови. Аналогичная частота встречаемости в моделях наблюдалась для Treg, которые, как известно, ингибируют активацию и Th-клеток, цитотоксических T-клеток и B-клеток, и роль Трег подробно описана при различных АЗ. В целом, большинство моделей исследовали именно Т-клеточный иммунный ответ с акцентом на Th-клетки. В лимфоциты же моделируются только в отдельных случаях, даже для АЗ, классифицируемых как В-клеточно-опосредованные.
Помимо иммунных клеток, модели охватывают широкий спектр про- и противовоспалительных цитокинов и их связи с клетками. В большинстве своем для описанных цитокинов существуют таргетные терапии, а значит реальные доклинические и клинические данные, которые используются при моделировании. Но несмотря на это, ни одна из моделей не содержит IFN типа I (например, IFN-α или IFN-β), хотя его существенная роль была подчеркнута при некоторых заболеваниях и разработано или в данный момент разрабатывается множество методов лечения данного пути воспаления. Также часто моделируются влияние макрофагов на повреждение тканей и фиброз, как конечный результат прогрессирования АЗ. 
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Выступающий
Заметки для презентации
Model calibration was performed using the maximum likelihood estimation method in combination with the Nelder-Mead optimization algorithm (43). The objective function minimized was the -2 log-likelihood (-2LL), calculated as

where the residual is the difference between observed and model-predicted values for each data point. The residual error (𝜎) for each variable was calculated as, where n is the number of observations for the corresponding variable.
To ensure parameter positivity and improve numerical stability during optimization, all calibrated parameters were log-transformed to fitting.


Model goodness of fit plots
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Заметки для презентации
Goodness-of-fit diagnostics (Supplementary Figure 1) further confirm the model's ability to describe the observed data. In the residual plots (Supplementary Figure 1 (A)), the 94.5% of weighted residuals (WRES) lie within the range of -2 to 2 over time. In the WRES vs. observed values plot (Supplementary Figure 1 (B)), only a few residuals fall below -2, and these deviations are observed primarily at higher amounts. The observed vs. predicted plot (Supplementary Figure 1 (C)) demonstrates a strong agreement between model predictions and experimental data. Moreover, the histogram of WRES (Supplementary Figure 1 (D)) for all model variables approximates a normal distribution, indicating a well-calibrated residual structure.
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Заметки для презентации
To evaluate the stability of the estimated parameter values, was applied a multi-start fitting procedure (Supplementary Figure 2). By varying the initial estimates of parameters within a ±50% range, was found that the resulting optimized values deviated by no more than 15%, and the corresponding -2 log-likelihood values remained virtually unchanged, indicating local robustness of the parameter estimates.
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Заметки для презентации
To further explore parameter identifiability and ensure convergence to a global minimum, was performed likelihood profiling (Supplementary Figure 3). For all estimated parameters, the profiling curves confirmed that the selected values correspond to the minimum of the log-likelihood function. Confidence intervals were derived from the profiling results, with boundaries defined by an increase in -2 log-likelihood corresponding to the 95% confidence threshold. In all cases, these confidence intervals were relatively narrow, with upper and lower bounds deviating no more than fivefold from the optimal parameter.


CtaunoHapHbin ypoBeHb ASC 3aBUCUT OT CKOPOCTU UX
CUHTEe3a U AOCTYNHOCTU HULL B KOCTHOM MO3re.
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Выступающий
Заметки для презентации
In addition, was conducted a one-at-a-time sensitivity analysis to examine how individual parameter variations affect the steady-state levels of ASC (Figure 4 (G–I)). Although the analysis was performed for all calibrated parameters and all variables, only results for ASC levels in the spleen (Figure 4 (G)), lymph nodes (Figure 4 (H)), and bone marrow (Figure 4 (I)) are presented here. Complete results for all model variables are available in Supplementary Figure 5.
Interestingly, the second most influential parameter across all three tissues was k12, the rate constant governing the return of ASC from the bone marrow to the blood. This suggests that the recycling or egress of ASC from the bone marrow may play a critical role in shaping the overall distribution and maintenance of ASC populations throughout the immune system. 
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