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Hepatitis C Viral Dynamics and Interferon- Therapy

Short delay followed by biphasic decline in viral loadShort delay followed by biphasic decline in viral load

Modeling 23 patients during 14 days of therapy (daily doses)



Model of Hepatitis C Viral Dynamics

Before therapy, virus load is approximately constantBefore therapy, virus load is approximately constant

Includes virus along with target (T) and infected (I) cells
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Model of Interferon- Therapy

Therapy can reduce the rate of infection, or production of virionsTherapy can reduce the rate of infection, or production of virions

Includes virus along with target (T) and infected (I) cells

Target Cells

Infected Cells

Virus (HCV RNA)
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Hepatitis C Viral Dynamics and Interferon- Therapy

Average virion production rate of 1.3x1012 virions per dayAverage virion production rate of 1.3x1012 virions per day

Modeling 23 patients during 14 days of therapy (daily doses)



Hepatitis C Viral Dynamics and Interferon- Therapy

Patients with undetectable HCV after 3 months of therapy 
(filled symbols) had significantly faster cell death rates

Patients with undetectable HCV after 3 months of therapy 
(filled symbols) had significantly faster cell death rates

Modeling 23 patients during 14 days of therapy (daily doses)

Suggests immune 
control has 

important role in 
lowering viral load



Immune System Adapts to Pathogenic Challenge

Faster kinetics,
greater magnitude

Increased affinity

Affinity Maturation is Fundamental to Adaptive ImmunityAffinity Maturation is Fundamental to Adaptive Immunity

Secondary responses are quantitatively and qualitatively different
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Germinal Centers are Site of Affinity Maturation
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Affinity maturation accomplished through somatic hypermutation of
B cell receptor, followed by expansion of rare higher-affinity mutants
Affinity maturation accomplished through somatic hypermutation of
B cell receptor, followed by expansion of rare higher-affinity mutants
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How does affinity impact cell-fate decisions?

Is selection driven by a proliferative vs. survival advantage?Is selection driven by a proliferative vs. survival advantage?

Follow fate of higher and lower affinity B cells using transgenic mice
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Basic Model of BrdU Labeling

We can express these as sets of ordinary differential equationsWe can express these as sets of ordinary differential equations

Many experiments stop administering label after some time



Flow cytometry used to look at antigen-specific germinal center B cells…

How do proliferation and death depend on affinity?

Higher Affinity Transgenic (B1-8) Lower Affinity Transgenic (V23)

Updates to basic BrdU model: caspase compartment, BrdU pulseUpdates to basic BrdU model: caspase compartment, BrdU pulse

Caspase label tracks 
dying cells



The ABC Model
A: Dividing (S/G2/M); B: Non-Dividing (G0/G1); C: CaspGLOW+ cells
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Model estimates proliferation and death rates

Lower affinity cells have intrinsically higher death rate, AND increased proliferationLower affinity cells have intrinsically higher death rate, AND increased proliferation

Higher Affinity Transgenic (B1-8) Lower Affinity Transgenic (V23)
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Immune response as optimization problem
Affinity class framework groups B cells with similar on/off-rates

Optimal mutation schedule is phasic (on-off cycles)Optimal mutation schedule is phasic (on-off cycles)
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How efficient is affinity maturation? Optimal?How efficient is affinity maturation? Optimal?

But, what should we optimize?



Quantitative Affinity Maturation

Key Mutation increases affinity 10-fold
( majority of high-affinity antibodies observed in the anti-NP response contains this mutation)

Key Mutation increases affinity 10-fold
( majority of high-affinity antibodies observed in the anti-NP response contains this mutation)

Consider well-studied antigen NP: (4-hydroxy-3-nitrophenyl)acetyl 

1

…TACTTGATG…

10

Key Mutation

Initial Sequence
…TACTGGATG…

…CACTTGATG…

1 Similar
Affinity

Higher
Affinity



Mean waiting time for key mutations

Predicted waiting time for key mutations is 2.3 daysPredicted waiting time for key mutations is 2.3 days

The position 33 mutation, a transversion from G to T in the second nucleotide of 
the codon, produces a 10-fold increase in binding affinity of the Ig for NP

 
^ 132300 3.43 2 10 0.19 0.145 2.3 days

      

Average mutation rate

Each division creates two daughter cells

Division rate
Number of dividing cells

Bias (GT transversion)

Cold spot (TGT)



Appearance time for key mutations

How does this compare with predicted waiting of 2.3 daysHow does this compare with predicted waiting of 2.3 days

Experimental sequence data from germinal center microdissections



Arrival time of founder key mutant

Estimate  and k by fitting to experimental dataEstimate  and k by fitting to experimental data

Two-stage model of B cell mutation and clonal expansion

Stage 0:
Mutation begins ~ day 6.5

Stage I:
Arrival times are exponentially distributed ()

Stage II:
Growth of the key mutant clone is logistic

Arrival time 
of key mutant



Maximum likelihood parameter estimates

Maximize likelihood (L) over  and kMaximize likelihood (L) over  and k

Give average appearance time () and proliferation rate (k)…

Fraction of key mutants at ti if first appear at time i
*

Appearance time of founder key mutant

Observation
time

Binomial probability (finding xi key mutants when sampling ni sequences)

Probability to first appear at time i*

Probability to NOT appear by time ti



First key mutant produced earlier than founder

On average, 2.6 key mutants arise that are not perpetuated within the GC before 
one appears that leads to domination of the GC 

On average, 2.6 key mutants arise that are not perpetuated within the GC before 
one appears that leads to domination of the GC 

Appearance of founder key mutant is  8.3 days vs. 2.3 days for first key mutant

Why?
Stochastic selection

Emigration
Lethal/Blocking mutations



The SIR Model of Epidemics
Model for many infectious diseases including measles

Other versions allow recovered individual to be re-infectedOther versions allow recovered individual to be re-infected
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The basic reproductive ratio: R0
average number of secondary cases caused by an infectious 

individual in a totally susceptible population

R0 indicates whether population at risk from diseaseR0 indicates whether population at risk from disease

0 (0)R S


 

R0 < 1: disease dies out
R0 > 1: disease can invade

Susceptible
Infectious



ODEs are deterministic
Predicts epidemic even with non-zero chance that disease dies out

Simulate using stochastic approach – Gillepsie MethodSimulate using stochastic approach – Gillepsie Method



Random Numbers
Starting with the same seed will give you equivalent stream

Be careful on computer clusters (streams can be correlated)Be careful on computer clusters (streams can be correlated)

Uniform deviates: [0,1)
Linear congruential generator

I0 is the seed (common to use system clock)

Fast, but sequential calls can be 
correlated, so not used much
Mersenne Twister
(period 219937-1)

Period: time before stream repeats itself 
(maximum m)

1955

j+1 jI = 3I +7 (mod 10)

Produces: 6,5,2,3



Simulating from other distributions
Transformation Method: indefinite integral of p(y) must be known and invertible

Transformation to generate exponential distribution (Poisson process)Transformation to generate exponential distribution (Poisson process)

 1Exponential(α) =  - ln Uniform(0,1)
α



For more information…

Feel free to email me with any questions!
steven.kleinstein@yale.edu

Feel free to email me with any questions!
steven.kleinstein@yale.edu


