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Introduction: Modeling Biological
Processes

A multi-disciplinary business

No model is correct, but some models are useful
Different purposes need different models
Different models need different experimental data

A model that does not fit the data well is not a good
model, but a model that fits the data well is not necessarily

a correct model

Develop a useful model for your purpose



Interdisciplinary Biometric Sciences

Integrating quantitative/computational methods and
techniques for biomedical research:

e Biomathematics: Mathematical Biology, Theoretical
Biology

e Biostatistics

e Biocomputing: Computational Biology, Bioinformatics,
Biomedical Informatics, Health Informatics

e Bioengineering or Biophysics
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Division of Biomedical Modeling and
Informatics

Founded at the Dept of Biostatistics & Computational
Biology, University of Rochester in 2004

e Biomedical Problems: HIV/AIDS Treatment,
influenza virus infection, and immunology

e Biomathematics/Bioengineering/Biophysics: 2 faculty,
1 postdoc

e Biostatistics: 4 faculty, 1 postdoc, 4 PhD students

e Biocomputing/Bioinformatics: 3 faculty, 6 software
developers, 1 postdoc
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Center for Biodefense Immune Modeling

University of Rochester

Objectives:

Develop mathematical/computational models to simulate immune
responses to influenza A virus

Design and conduct experiments to identify, measure and validate the
immune response models

Develop statistical methods for model identifications and predictions

Develop user-friendly database and software tools for modeling and
simulating immune responses to influenza A virus

Develop an education program to foster the next generation of
researchers with multi-disciplinary expertise in mathematical
modeling and immunology

Investigate the feasibility to extend the models for other pathogens
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Quantitative Sciences Components

e Mathematical Models
e Statistical Methods for Model Identification

e Computer Software Tools
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Mechanism-Based Mathematical Models

e Close interactions between biomathematicians and

influenza immunologists/virologists

e What level of details should we model?
— Purpose of modeling
— What can we measure in the lab?

— Complexity and identifiability of the model from
experimental data
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Two Compartment Flu Model
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Mathematical Models: Influenza Virus
Infection

Mathematical Models: Airway/Lung Compartment

%Ep — 5E(E0 - Ep) — BEEpVa

LE* = PBpE,V —kgEpTe(t —11) — 65+ E},
LV = avEl—cvV — kv VA(),

2D = 6p(Do—D)—BpDV,

4D* = pBpDV —ép-D* —yp-D*

E,: uninfected epithelial cells
E*: infected epithelial cells

V: free influenza virus

D: immature dendritic cells
D*: virus-loaded dendritic cells
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Influenza Virus Infection

Mathematical Models: Spleen/Lymph Node Compartment

%DM = kDD*(t—TD)—CSDMDM,
%HN = Opy(Hyvo— Hy) —mu(Dy)Hy,
2 Hy = wu(Dm)Hn + puy(Dv)He — 6m,(Dv)HE,
4Ty = Ory(Tvo —TIn) — 77 (D) Tw,
2Ty = wr(Dm)Tn + pry(Dm)TE — 67, (D) TE,
4B = 45(Bo—B)—np(Du)B,
B4 = wp(Dy)B+ ppy(Dy +hHg)Ba —6p,Ba —nsBa — 1 HgBa
%Ps = 7sBa —0,P;,
4 p, = mHgBa—6LPr,

4 4 = TasPs + marL P, — 04 A
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Forward Problem

® X31 infection: virus cleared
within 10 days since infection

®* CD8+ T cells in airway/lung
is approximated as yT.(t—7;)
where T:(t) is the level of effector CD8+ T cells

in spleen/lymph node

e respiratory DC migration stops around 2 days
[Legge Immunity 2003]

* DC kinetics in lymph node [Belz PNAS 2004]
compared with the model solution

[ Data provided by Topham, Belz, Heath, Randall]
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Experimental Design and Statistical
Methods

Close interactions among statisticians,

biomathematicians and influenza experimentalists
Mathematical identifiability analysis
Statistical identifiability analysis

Statistical methods for parameter estimation and
model validation

Simulation-guided experimental design: what to

measure and when to measure?
Model fitting: experimental data

Model validation and prediction
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CBIM Topham Lab Haemagluttination Assay
X31 Viral Titers in Lung (log10 EID50/mL)
Pointwise Means and Individual Observations*

X31 Viral Titers in Lung (log10 EID50/mL)
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CBIM Zand Lab Elisa Results (0—35 WKks)
X31-Antibody pg/mL
Individual Replicate Observations and Pointwise Means
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Inverse Problems for ODE Models

Mathematical identifiability problem: all parameters
theoretical identifiable?

Statistical identifiability problem: all parameters
practically identifiable with presence of measurement
errors

Statistical estimation methods: how to identify
(estimate) all identifiable parameters?

14



Mathematical Identifiability Problem

Under the ideal condition of noise-free observations, can
all unknown parameters of the postulated model be

uniquely estimated from the experimental data?
Nonlinear ODE models: difficult

e Power series expansion

e Similarity transformation

e Implicit function theorem

— Wu, H., Zhu, H., Miao, H., and Perelson, A.S. (2008), Parameter
Identifiability and Estimation of HIV/AIDS Dynamic Models,
Bulletin of Math. Biology.

e Differential algebra methods

— Miao, Dykes, Demeter, Wu (2008), Differential Equation
Modeling of HIV Viral Fitness Experiments, Biometrics.

— Miao, Dykes, Demeter, Cavenaugh, Park, Perelson, and Wu
(2008), Modeling and Estimation of Kinetic Parameters and
Replicative Fitness of HIV-1 from Flow-Cytometry-Based Growth
Competition Experiments, Bulletin of Math. Biology.
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Statistical Identifiability Problem

e Monte Carlo simulation approach

e Correlation matrix method

16



Statistical Estimation Methods for
Nonlinear ODE Models

e The nonlinear least squares (NLS) principle:
— numerically solve the ODE
— global optimization method: necessary

— differential evolution algorithm or scatter search method

e Bayesian methods
— use prior to solve the identifiability problem

— good for both cross-sectional data and longitudinal data:
regression model and hierarchical model

— computation: expensive

e Two-step smoothing approaches
— avoid numerically solving the ODE
— easy to implement

— theoretical properties need to be established

17



The NLS Method

%X(@ — FIX(1),6], X(0)=X, (3)

Y(t:) = H[X(t),B8]+e(t:), (4)

e The NLS method: minimizing
Z{Y(ti) — H[X (t;,0), 8]} {Y (t;) — H[ X (t:,90), B},
i=1
where X (¢;) evaluated numerically from Eq (3).

How to deal with local minima and non-convergence?
Gradient methods vs. global optimization methods.

18



The NLS Method: How to deal with local
minima and non-convergence”?

e Gradient methods: not work

e Global optimization methods: Differential evolution
algorithm (Storn et al 1997).

e Mixture of stochastic global optimization method and
deterministic methods: scatter search method
(Rodriguez-Fernandez et al. 2006).

19



Bayesian Methods: Longitudinal
Dynamic Model

Huang and Wu (J. of App. Stat. 2006) and Huang, Liu
and Wu (Biometrics 2006).
Observation Model:

y; = Vi(0;) +e;, [eio?,0;] ~N(0,0°L,,)

o vi=(yi1(t1), -+ ,Yim,(tm,))’: measurements of V

e V,(0;): solutions to the differential equations

e 0, = (vi(t), \i, pi, ki, 6i, N;, C;): parameters for the ith subject
o e; = (ei(t1), -+ ,ei(tm;))’: measurement errors

This can be written into a nonlinear mixed-effects model.

20



A Two-Step Smoothing Approach

—X(t) = F[X()0], X(0)=Xo (6)
Y(t) = X(t)+e(t:), et)~(0,0°I), (7)

A Two-Step Estimation Approach:

e Stepl. Fit model (7) to obtain the estimates of X(¢) and
X'(t) = dX(t)/dt: X(t) and X'(t) using a nonparametric
smoothing method.

e Step 2. Substitute the estimates X (¢;) and X'(;) in the
dynamic equation (6) to obtain a regression model:

X'(t:) = F[X (t:),0(t:)] + e2(ts). (8)
Then fit the above nonlinear regression model to estimate

0 from (8).
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Statistical Estimation Methods for ODE
Models: Our Publications

e Huang, Y. and Wu, H. (2006), “A Bayesian Approach for Estimating
Antiviral Efficacy in HIV Dynamic Models,” Journal of Applied
Statistics, 33, 155-174.

e Huang, Y., Liu, D. and Wu, H. (2006), Hierarchical Bayesian
Methods for Estimation of Parameters in a Longitudinal HIV
Dynamic System, Biometrics, 62, 413-423.

e Wu, H., Huang, Y. and Acosta, E.P. et al. (2005), Modeling
Long-Term HIV Dynamics and Antiretroviral Response: Effects of

Drug Potency, Pharmacokinetics, Adherence, and Drug Resistance,
JAIDS, 39, 272-283.

e Wu, H., Huang, Y. and Acosta, E.P. et al. (2006), Pharmacodynamics
of Antiretroviral Agents in HIV-1 Infected Patients Using Viral
Dynamic Models That Incorporate Drug Susceptibility and
Adherence, Journal of Pharmacokinetics and Pharmacodynamsics, 33,
399-419.

e Chen, J. and Wu, H. (2007), Estimation of time-varying parameters
in deterministic dynamic models with application to HIV infections,
accepted by Statistica Sinica.
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Chen, J. and Wu, H. (2007), Efficient Local Estimation for
Time-varying Coefficients in Deterministic Dynamic Models with
Applications to HIV-1 Dynamics, accepted by JASA.

Wu, H., Zhu, H., Miao, H., and Perelson, A.S. (2007), Parameter
Identifiability and Estimation of HIV/AIDS Dynamic Models,
accepted by Bulletin of Mathematical Biology.

Miao, H., Dykes, C., Demeter, L., Wu, H. (2008), Differential
Equation Modeling of HIV Viral Fitness Experiments: Model
Identification, Model Selection, and Multi-Model Inference, accepted
by Biometrics.

Miao, H., Dykes, C., Demeter, L.M., Cavenaugh, J., Park, S.Y.,
Perelson, A.S., and Wu, H. (2008), Modeling and Estimation of
Kinetic Parameters and Replicative Fitness of HIV-1 from
Flow-Cytometry-Based Growth Competition Experiments, accepted
by Bulletin of Mathematical Biology.

Liang, H., Wu, H., (2008), Parameter Estimation for Differential
Equation Models Using a Framework of Measurement Error in
Regression Models, invited revision for JASA.
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User-Friendly Software Development

e Friendly to quantitative scientists:
mathematicians, statisticians and computer
scientists

e Friendly to biological scientists and biomedical
investigators
e Two software tools under development

— Immunological data sharing and data
management system: Datalrans

— Differential equation model simulation and
estimation for immunology and infectious
disease modeling: DEDiscover
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Discussion and Conclusion

e Multi-discipline communication barrier

— Among quantitative scientists: mathematicians,
statisticians, physicists, engineers and computer
scientists

— Between quantitative scientists and biological scientists

e Management barrier

— Lack of leaders who have multi-disciplinary training and
knowledge

— Lack of leaders who have both management skills and
research capability with long-term missions
e Education and promotion

— Special training: conference, workshop, symposium,

summer school

— Regular training: education program and courses
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