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Goal 

Use two sample papers to show different 
ways to query the same kind of data 



Paper 1: Nyiro JU, Kombe IK, Sande CJ, Kipkoech J, 
Kiyuka PK, Onyango CO, et al. (2017) Defining the 
vaccination window for respiratory syncytial 
virus (RSV) using age-seroprevalence data for 
children in Kilifi, Kenya 

Main question: 
What can cross-sectional data on RSV 
antibody levels tell us about the rate of 
infection acquisition? 



Defining the vaccination window for respiratory syncytial virus (RSV) using 
age-seroprevalence data for children in Kilifi, Kenya 

Methods: Deterministic compartmental model 
 

Dormand-Prince pair. Optimization was performed using the fmincon function, which applies
constrained nonlinear optimization. Two of the models in the nested structure have the same
number of estimated parameters; as such model comparison was done using the second order
Akaike information criterion (AICC). Confidence intervals on the parameters were established
by re-fitting the model to a set of bootstrapped samples of the data. Resampling was done 1000
times and the 95% credible interval established using the 2.5th and 97.5th percentiles[25].

Using the parameters estimated, we calculated the average age at primary infection A, using

the formula A à 1
sá 1

l̂
where l̂ à Öl0�1⇥12ÜáÖl1�12⇥8Ü

20
, for 12 age groups between 0 and 1 year and

8 age groups between 1 and 12 years, and the optimal age to vaccinate, Av, using the formula

Av à lns�lnl̂
s�l̂ a modification of the original[26]. Here we define the optimal age to vaccinate as

the age where there will be minimal maternal antibody interference and a majority of infec-
tions will not have occurred, as determined by the seropositive status.

Fig 2. The nested model structure for exploring age-prevalence data for RSV using catalytic infection models. The compartments in the model
represent the following states of the population: M = Individuals with maternally acquired antibodies (split into 2, M1 and M2 to allow for improved fit),
S0 = Seronegative after loss of maternally acquired antibodies, F0 = Permanent seropositive status after infection, F1 = Temporary seropositive status
after primary infection, S1 = Seronegative after loss of infection acquired antibodies. When p = 0, the model reduces to MSF, when p = 1 and only 1 rate
of infection is estimated (λ0 = λ1) the model is MSFSF1 and with p = 1 and 2 rates of infection estimated (λ0 6à λ1) the model is MSFSF2.

https://doi.org/10.1371/journal.pone.0177803.g002

Table 1. Description of the model parameters.

Parameter Description Value

p Proportion that loses antibodies after primary infection. 0 or 1

δ Rate of loss of antibodies post primary infection 4/person/year [15, 17]

σ Rate of loss of maternal antibodies Fitted

λ0 Rate of primary infection (primary force of infection) Fitted

λ1 Rate of secondary infection (secondary force of infection) Fitted

https://doi.org/10.1371/journal.pone.0177803.t001

RSV serological data analysis
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•  Governed	by	ODEs	

•  Nested:	controlled	mainly	
by	p	
-  MSF	(p=0)	
-  MSFSF1	(p=1,	λ0=λ1)	
-  MSFSF2	(p=1,	λ0≠λ1)	

•  Determinis7c	

•  Outputs	propor7ons	F0	
and	F1	by	age	

	
	



Defining the vaccination window for respiratory syncytial virus (RSV) using 
age-seroprevalence data for children in Kilifi, Kenya 

Data: 
•  Archived samples from children 0-12 years admitted 

to a major hospital in rural coastal Kenya 
•  940 samples collected over a 4 year period. 
 
 

Laboratory procedures

All admission plasma samples were tested for antibody concentration with an IgG based
ELISA method using crude virus extract from lab adapted RSV A2 culture and specific
antibody concentrations recorded as log arbitrary units as determined by a local standards
procedure. The optimal dilutions for RSV-A2 antigen and serum were determined by a check-
erboard titration. The crude virus RSV lysate preparation was as previously described by
Ochola et al [16]. The RSV IgG ELISA procedure was performed as described previously [16].

The samples were run in duplicate to account for any variability in the assay operation such
as caused by pipetting errors. Within every plate, both high and low controls were run along-
side the samples. A graph was plotted over time to check for both the standards and coating
antigen deterioration.

A pooled standard serum from adults, serially diluted in 2 fold dilutions from 1:50 to
1:2800 was run in each plate to generate a standard curve. The OD values of the standard sera
dilutions were assigned arbitrary unit (AU) values. Standardized arbitrary units (and log10

transformed) of RSV specific IgG for samples were estimated by interpolation of a standard
curve generated from the pooled adult serum (serum standard) tested in each ELISA run.

A frequency distribution of log10AU values for all sera screened was made to determine a
suitable cut off between seropositive and seronegative status. A cut off point of 1.5 as previ-
ously applied by Ochola et al, [16] was used in this study to allocate RSV serostatus as this cut
off was also found to delineate the positives and negatives in the bimodal distribution in this
study, as shown in (Fig 1).

Fig 1. Plots of RSV antibody titers. Top row: Scatter plots of antibody titer level by age groups. Bottom row: Histograms of antibody
titers by age groups. Red lines show the 1.5 cut-off used to define seropositivity.

https://doi.org/10.1371/journal.pone.0177803.g001
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Defining the vaccination window for respiratory syncytial virus (RSV) using 
age-seroprevalence data for children in Kilifi, Kenya 

Inference: Maximum likelihood estimation(MLE) 
 
•  Likelihood = Prob(Model/parameters| Data) 

•  MLE: Find the parameter value that gives the 
highest likelihood, i.e. highest probability of 
observations given your model world. 



Defining the vaccination window for respiratory syncytial virus (RSV) using 
age-seroprevalence data for children in Kilifi, Kenya 

Results: 
  

selection process are described in S1 Text. In brief, the data supported the use of two M classes
rather than one and a stepwise force of infection function rather than a constant. Of the three
nested models, the simplest model (MSF) fit the data best with the least negative log likelihood
and AICC values. Results are shown in Table 3 and (Fig 3).

The MSF model gave a rate of loss of maternal antibodies of 2.54/year (95% CI 2.30–2.90)
and a force of infection of 0.78/person/year (95% CI 0.65–0.97) for ages 0–1 year and 1.69/per-
son/year (95% CI 1.27–2.04) for ages 1–12 years. (Fig 4) shows the fit for the MSF, and the
95% confidence region as established from refitting the model to the bootstrapped data. From
these results, the average duration of maternally acquired antibodies (DM) is 4.72 (95% CI:
4.14–5.22) months, calculated as the reciprocal of the rate of decay. The average age at primary
infection (A) is 15.1 (95% CI 12.7–18.5) months, while average optimal age to vaccinate is 6.8
months (95% CI 6.2–7.5). Model predictions of the proportions seropositive and the force of
infection acting on the different ages are shown in (Fig 5).

Table 3. Results of fitting the three models contained in the nested model structure.

Parameters -LL AICC

Model p* δ* σ λ0 λ1

MSF 0 NA 2.54 0.78, 1.69 NA 314.3 634.6

MSFSF1 1 4 2.71 1.80, 3.10 1.80, 3.10 314.8 635.6

MSFSF2 1 4 2.78 1.53 3.98 316.0 637.9

p = proportion that loses antibodies post primary infection; δ = rate of loss of antibodies post primary infection; σ = rate of loss of maternal antibodies; λ0 =

primary force of infection; λ1 = secondary force of infection; -LL = the negative log likelihood value, the lower the value the better the model; AICc = the

second order Akaike information criterion.

* These parameters are fixed (not estimated). All rates are per person per year.

https://doi.org/10.1371/journal.pone.0177803.t003

Fig 3. Plot of the nested models output compared to the data. The MSF model fit the data best with an AICC value of 634.6,
the MSFSF1 had an AICC of 635.6 while the MSFSF2 had 637.9

https://doi.org/10.1371/journal.pone.0177803.g003
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-  Fit	to	data	is	rela7vely	
good		

	
-  Data	cannot	clearly	

dis7nguish	between	the	
3	models	



Defining the vaccination window for respiratory syncytial virus (RSV) using 
age-seroprevalence data for children in Kilifi, Kenya 

Results: 
Range of most parsimonious model (MSF)  

  

The samples included in this analysis were from hospitalized children with different dis-
charge diagnoses. Included in these were children diagnosed with LRTIs, a subset of which
were RSV antigen positive. To check if the inclusion of these samples led to any bias, the MSF
model with stepwise force of infection was refitted to 2 subsets of the data; excluding the
LRTIs and the RSV antigen positives. The parameter estimates from these fits were not differ-
ent from those obtained using all the data. This is shown in S2 Fig in S1 Text.

Fig 4. Results of the MSF model fit and the confidence region. Main: Of the three models in the nested
model structure, the MSF model gave the best fit to the data and is shown by the blue line. The parameters
were re-estimated to obtain the fits that gave the 95% confidence region by Bootstrapping method, grey lines.
The red circles show the proportions seropositive by age group according to the data. Inset: A magnification
for age range 0–3 years.

https://doi.org/10.1371/journal.pone.0177803.g004

Fig 5. MSF Model predictions of the proportions seropositive and the force of infection acting on the
different ages. The dark blue bars show the proportion at different age groups that have maternally acquired
antibodies while the pink bars show the proportion that have been infected and hence have infection acquired
antibodies, as predicted by the MSF model. The dashed blue line shows the stepwise force of infection
function.

https://doi.org/10.1371/journal.pone.0177803.g005
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Given	parameter	values:		
-  0-1	year	olds	exposed	to	

half	the	infec7on	rate	of	
1-12	year	olds	

	
-  Average	age	of	primary	

infec7on	~	15	months	
	
-  Average	dura7on	of	

maternally	acquired	
an7bodies	~5	months	

	
-  Recommended	

vaccina7on	window	5-15	
months	



Defining the vaccination window for respiratory syncytial virus (RSV) using 
age-seroprevalence data for children in Kilifi, Kenya 

Shortfall: 
Data and model does not allow differentiation 
of different mechanisms of antibody 
acquisitions 
  



Paper 2: Kucharski AJ, Lessler J, Read JM, Zhu H, 
Jiang CQ, Guan Y, et al. (2015) Estimating the Life 
Course of Influenza A(H3N2) Antibody 
Responses from Cross-Sectional Data.  

Main question: 
What can levels of neutralizing antibodies 
for flu tell us about how immunity is built 
up?  
 
  



Estimating the Life Course of Influenza A(H3N2) Antibody Responses from 
Cross-Sectional Data.  

Methods: Individual based model 
  

factor s2ðX; jÞ ¼ e$t2ðNj$1Þ. Here, observed titres to each strain depended on how many infec-
tions had occurred previously. When τ2 = 0, prior infections did not lead to reduced responses
against later strains. When τ2 was large, the formulation was equivalent to a model of original
antigenic sin, in which immunity from the primary infection suppressed all subsequent re-
sponses [28,34].

Finally, we incorporated cross-reactivity by assuming that mean titre against a specific strain
was equal to the sum of cross-reactive responses to all strains in an individual’s infection history.
We assumed that the contribution made by each strain depended on the temporal distance be-
tween the strain in the infection history and the test strain (Fig. 1D). The level of cross-reaction
between a test strain j and infecting strainm was given by d(j,m) = e−σ|tm − tj|, where |tm − tj| was
the number of years between strains j andm, and σ was a parameter to be fitted. If σ was large, it
was equivalent to having no cross-reactivity between strains.

To combine the four mechanisms in the model, we assumed that the log titre individual i
has against a strain j was Poisson distributed with the following mean:

lij ¼ m
X

m2X

dðj;mÞs1ðX;mÞs2ðX;mÞ ð1Þ

Fig 1. Schematic of mechanisms that shape observed titres in the model. (A) Simple boosting. In the absence of cross-reactivity and antigenic seniority,
if an individual had been infected with a particular strain, they exhibited a fixed response to that strain equal to μ. This was controlled by a single parameter in
the model. In the figure, strains are sorted by date of isolation, with serological samples taken in present day. Strains the host has been infected with are
shown in red; coloured bars show the magnitude of observed log titre as a result of past infection with each strain. (B) Boosting of prior responses via
antigenic seniority. Infections boosted observed titres to earlier infecting strains by a certain scaling factor, controlled by the parameter τ1. The magnitude of
titre to a particular strain therefore depends on the number of infections that occurred after infection with that strain. (C) Suppression of new responses via
antigenic seniority. The response to each strain was reduced as a result of immunity generated by previous infections. This reduction was controlled by the
parameter τ2. The titre to a particular strain therefore depended on the number of infections that occurred before that strain circulated. (D) Cross-reactivity. In
the absence of antigenic seniority, the observed titre to a test strain depended on the response as a result of infection with that strain, plus cross-reactive
responses from infection with other strains. These cross-reactive responses decreased with the distance (measured in years) between each infection and the
test strain. Strains that circulated further from the test strain in time contributed less to the observed response.

doi:10.1371/journal.pbio.1002082.g001

Estimating the Life Course of Influenza A(H3N2) Antibody Responses
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•  Explores	4	serological	mechanisms	
•  Boos7ng	from	infec7on	with	test	

strain(A)	
•  Boos7ng	of	earlier	responses	as	a	result	

of	subsequent	infec7on	(B)	
•  	Suppression	of	subsequent	responses	

as	a	result	of	prior	immunity	(C)	
•  Cross-reac7vity	from	an7genically	

similar	strains	(D)	
	

•  Governed	by	a	rate	equa7on	for	λij	
where	log	7ter	in	individual	i	against	
strain	j	~	Poisson(λij)	

•  Nested	
•  Outputs	log	7ter	in	individual		i	

against	strain	j	
•  Stochas7c,	output	comes	from	a	

distribu7on	

	
	



Estimating the Life Course of Influenza A(H3N2) Antibody Responses from 
Cross-Sectional Data.  

Methods 
  

factor s2ðX; jÞ ¼ e$t2ðNj$1Þ. Here, observed titres to each strain depended on how many infec-
tions had occurred previously. When τ2 = 0, prior infections did not lead to reduced responses
against later strains. When τ2 was large, the formulation was equivalent to a model of original
antigenic sin, in which immunity from the primary infection suppressed all subsequent re-
sponses [28,34].

Finally, we incorporated cross-reactivity by assuming that mean titre against a specific strain
was equal to the sum of cross-reactive responses to all strains in an individual’s infection history.
We assumed that the contribution made by each strain depended on the temporal distance be-
tween the strain in the infection history and the test strain (Fig. 1D). The level of cross-reaction
between a test strain j and infecting strainm was given by d(j,m) = e−σ|tm − tj|, where |tm − tj| was
the number of years between strains j andm, and σ was a parameter to be fitted. If σ was large, it
was equivalent to having no cross-reactivity between strains.

To combine the four mechanisms in the model, we assumed that the log titre individual i
has against a strain j was Poisson distributed with the following mean:

lij ¼ m
X

m2X

dðj;mÞs1ðX;mÞs2ðX;mÞ ð1Þ

Fig 1. Schematic of mechanisms that shape observed titres in the model. (A) Simple boosting. In the absence of cross-reactivity and antigenic seniority,
if an individual had been infected with a particular strain, they exhibited a fixed response to that strain equal to μ. This was controlled by a single parameter in
the model. In the figure, strains are sorted by date of isolation, with serological samples taken in present day. Strains the host has been infected with are
shown in red; coloured bars show the magnitude of observed log titre as a result of past infection with each strain. (B) Boosting of prior responses via
antigenic seniority. Infections boosted observed titres to earlier infecting strains by a certain scaling factor, controlled by the parameter τ1. The magnitude of
titre to a particular strain therefore depends on the number of infections that occurred after infection with that strain. (C) Suppression of new responses via
antigenic seniority. The response to each strain was reduced as a result of immunity generated by previous infections. This reduction was controlled by the
parameter τ2. The titre to a particular strain therefore depended on the number of infections that occurred before that strain circulated. (D) Cross-reactivity. In
the absence of antigenic seniority, the observed titre to a test strain depended on the response as a result of infection with that strain, plus cross-reactive
responses from infection with other strains. These cross-reactive responses decreased with the distance (measured in years) between each infection and the
test strain. Strains that circulated further from the test strain in time contributed less to the observed response.

doi:10.1371/journal.pbio.1002082.g001
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factor s2ðX; jÞ ¼ e$t2ðNj$1Þ. Here, observed titres to each strain depended on how many infec-
tions had occurred previously. When τ2 = 0, prior infections did not lead to reduced responses
against later strains. When τ2 was large, the formulation was equivalent to a model of original
antigenic sin, in which immunity from the primary infection suppressed all subsequent re-
sponses [28,34].

Finally, we incorporated cross-reactivity by assuming that mean titre against a specific strain
was equal to the sum of cross-reactive responses to all strains in an individual’s infection history.
We assumed that the contribution made by each strain depended on the temporal distance be-
tween the strain in the infection history and the test strain (Fig. 1D). The level of cross-reaction
between a test strain j and infecting strainm was given by d(j,m) = e−σ|tm − tj|, where |tm − tj| was
the number of years between strains j andm, and σ was a parameter to be fitted. If σ was large, it
was equivalent to having no cross-reactivity between strains.

To combine the four mechanisms in the model, we assumed that the log titre individual i
has against a strain j was Poisson distributed with the following mean:

lij ¼ m
X

m2X

dðj;mÞs1ðX;mÞs2ðX;mÞ ð1Þ

Fig 1. Schematic of mechanisms that shape observed titres in the model. (A) Simple boosting. In the absence of cross-reactivity and antigenic seniority,
if an individual had been infected with a particular strain, they exhibited a fixed response to that strain equal to μ. This was controlled by a single parameter in
the model. In the figure, strains are sorted by date of isolation, with serological samples taken in present day. Strains the host has been infected with are
shown in red; coloured bars show the magnitude of observed log titre as a result of past infection with each strain. (B) Boosting of prior responses via
antigenic seniority. Infections boosted observed titres to earlier infecting strains by a certain scaling factor, controlled by the parameter τ1. The magnitude of
titre to a particular strain therefore depends on the number of infections that occurred after infection with that strain. (C) Suppression of new responses via
antigenic seniority. The response to each strain was reduced as a result of immunity generated by previous infections. This reduction was controlled by the
parameter τ2. The titre to a particular strain therefore depended on the number of infections that occurred before that strain circulated. (D) Cross-reactivity. In
the absence of antigenic seniority, the observed titre to a test strain depended on the response as a result of infection with that strain, plus cross-reactive
responses from infection with other strains. These cross-reactive responses decreased with the distance (measured in years) between each infection and the
test strain. Strains that circulated further from the test strain in time contributed less to the observed response.

doi:10.1371/journal.pbio.1002082.g001

Estimating the Life Course of Influenza A(H3N2) Antibody Responses

PLOS Biology | DOI:10.1371/journal.pbio.1002082 March 3, 2015 5 / 16



Estimating the Life Course of Influenza A(H3N2) Antibody Responses from 
Cross-Sectional Data.  

Data: 
•  Quantity/titer of neutralization antibodies 

against 9 influenza strains 
 

•  From 5 study locations in southern China 
 

•  Cross-sectional data collected between 
2003 and 2008  



Inference: Markov Chain Monte Carlo (MCMC)  
 
•  MCMC: Algorithms from sampling from a distribution 

 
•  Interested in parameter distribution  

 
•  Updated parameter distribution ≈ prior parameter 

distribution × Likelihood 
APosterior  ≈ Prior × Likelihood 

•  Given an initial idea of the parameter distribution, scan 
the parameter space and return an updated distribution 
that is highly supported by the data.  

 

Estimating the Life Course of Influenza A(H3N2) Antibody Responses from 
Cross-Sectional Data.  



Results: 
  

Estimating the Life Course of Influenza A(H3N2) Antibody Responses from 
Cross-Sectional Data.  

correlation between the two variables, suggesting that boosting from later infections had little
effect on observed neutralisation titres to the first strain (S3 Fig.).

As there may be a trade-off between the short-term and long-term dynamics of influenza in-
fection, we also examined how our estimate for boosting from antigenic seniority changed if
we assumed that titres could wane over time after the initial infection [35–38]. First we tested

Fig 2. Estimated titres by strain and participant age. Black points show observed titre against that strain for each participant. Grey points showmodel
estimates. Red line is spline fitted to the data; blue line shows spline fitted to the model estimates, with the 95% confidence interval given by the shaded
region. (A–I) Results for each of the nine test strains. Parameters in the model are taken from the maximum a posteriori probability estimates. HK, Hong
Kong; ST, Shantou.

doi:10.1371/journal.pbio.1002082.g002

Estimating the Life Course of Influenza A(H3N2) Antibody Responses

PLOS Biology | DOI:10.1371/journal.pbio.1002082 March 3, 2015 7 / 16

Sa7sfactory	fit	to	
the	data	



•  Parameter estimates imply order of infection with different 
strains determines observed titers to a particular virus. 

 
•  Mechanisms: strain specific boosting  

A A A A A A A A A+  
A A A A AWaning cross reactivity  
A A A A A A A A A+ 
A A A A ASuppression of subsequent  
A A A A Aresponses as a result of antigenic  
A A A A Aseniority 

 
•  Rate of infection initially decayed with age but stabilized after 30 

years 

Estimating the Life Course of Influenza A(H3N2) Antibody Responses from 
Cross-Sectional Data.  



Shortfalls: 
•  Could not distinguish boosting from antigenic 

seniority and waning  
 

•  Model predictive power varied with time 
between strains 
 

•  Longitudinal data would make things clearer 
  

Estimating the Life Course of Influenza A(H3N2) Antibody Responses from 
Cross-Sectional Data.  



Comparisons 

Scale	 Popula7on	level	(compartmental)	 Individual	level	

Type	 Determinis7c	 Stochas7c	

Output	 Propor7ons	seroposi7ve	at	a	
given	age	

An7body	levels	

Inference	 Maximum	likelihood	 Markov	Chain	Monte	Carlo	
(MCMC)	

Structural	uncertainty	 Nested	equa7ons	 Nested	equa7ons	

Data	 Serological	 Serological	

Dormand-Prince pair. Optimization was performed using the fmincon function, which applies
constrained nonlinear optimization. Two of the models in the nested structure have the same
number of estimated parameters; as such model comparison was done using the second order
Akaike information criterion (AICC). Confidence intervals on the parameters were established
by re-fitting the model to a set of bootstrapped samples of the data. Resampling was done 1000
times and the 95% credible interval established using the 2.5th and 97.5th percentiles[25].

Using the parameters estimated, we calculated the average age at primary infection A, using

the formula A à 1
sá 1

l̂
where l̂ à Öl0�1⇥12ÜáÖl1�12⇥8Ü

20
, for 12 age groups between 0 and 1 year and

8 age groups between 1 and 12 years, and the optimal age to vaccinate, Av, using the formula

Av à lns�lnl̂
s�l̂ a modification of the original[26]. Here we define the optimal age to vaccinate as

the age where there will be minimal maternal antibody interference and a majority of infec-
tions will not have occurred, as determined by the seropositive status.

Fig 2. The nested model structure for exploring age-prevalence data for RSV using catalytic infection models. The compartments in the model
represent the following states of the population: M = Individuals with maternally acquired antibodies (split into 2, M1 and M2 to allow for improved fit),
S0 = Seronegative after loss of maternally acquired antibodies, F0 = Permanent seropositive status after infection, F1 = Temporary seropositive status
after primary infection, S1 = Seronegative after loss of infection acquired antibodies. When p = 0, the model reduces to MSF, when p = 1 and only 1 rate
of infection is estimated (λ0 = λ1) the model is MSFSF1 and with p = 1 and 2 rates of infection estimated (λ0 6à λ1) the model is MSFSF2.

https://doi.org/10.1371/journal.pone.0177803.g002

Table 1. Description of the model parameters.

Parameter Description Value

p Proportion that loses antibodies after primary infection. 0 or 1

δ Rate of loss of antibodies post primary infection 4/person/year [15, 17]

σ Rate of loss of maternal antibodies Fitted

λ0 Rate of primary infection (primary force of infection) Fitted

λ1 Rate of secondary infection (secondary force of infection) Fitted

https://doi.org/10.1371/journal.pone.0177803.t001
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factor s2ðX; jÞ ¼ e$t2ðNj$1Þ. Here, observed titres to each strain depended on how many infec-
tions had occurred previously. When τ2 = 0, prior infections did not lead to reduced responses
against later strains. When τ2 was large, the formulation was equivalent to a model of original
antigenic sin, in which immunity from the primary infection suppressed all subsequent re-
sponses [28,34].

Finally, we incorporated cross-reactivity by assuming that mean titre against a specific strain
was equal to the sum of cross-reactive responses to all strains in an individual’s infection history.
We assumed that the contribution made by each strain depended on the temporal distance be-
tween the strain in the infection history and the test strain (Fig. 1D). The level of cross-reaction
between a test strain j and infecting strainm was given by d(j,m) = e−σ|tm − tj|, where |tm − tj| was
the number of years between strains j andm, and σ was a parameter to be fitted. If σ was large, it
was equivalent to having no cross-reactivity between strains.

To combine the four mechanisms in the model, we assumed that the log titre individual i
has against a strain j was Poisson distributed with the following mean:

lij ¼ m
X

m2X

dðj;mÞs1ðX;mÞs2ðX;mÞ ð1Þ

Fig 1. Schematic of mechanisms that shape observed titres in the model. (A) Simple boosting. In the absence of cross-reactivity and antigenic seniority,
if an individual had been infected with a particular strain, they exhibited a fixed response to that strain equal to μ. This was controlled by a single parameter in
the model. In the figure, strains are sorted by date of isolation, with serological samples taken in present day. Strains the host has been infected with are
shown in red; coloured bars show the magnitude of observed log titre as a result of past infection with each strain. (B) Boosting of prior responses via
antigenic seniority. Infections boosted observed titres to earlier infecting strains by a certain scaling factor, controlled by the parameter τ1. The magnitude of
titre to a particular strain therefore depends on the number of infections that occurred after infection with that strain. (C) Suppression of new responses via
antigenic seniority. The response to each strain was reduced as a result of immunity generated by previous infections. This reduction was controlled by the
parameter τ2. The titre to a particular strain therefore depended on the number of infections that occurred before that strain circulated. (D) Cross-reactivity. In
the absence of antigenic seniority, the observed titre to a test strain depended on the response as a result of infection with that strain, plus cross-reactive
responses from infection with other strains. These cross-reactive responses decreased with the distance (measured in years) between each infection and the
test strain. Strains that circulated further from the test strain in time contributed less to the observed response.

doi:10.1371/journal.pbio.1002082.g001
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Summary 

•  Data & research question determine 
choice of model 

•  Every analysis has limiting assumptions & 
and conclusions should be made in light of 
this 

•  Be mindful of the limits of your data  
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