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Abstract

Hepatitis remains a major public health concern in Nigeria, yet quantitative evidence on its
age-specific transmission dynamics is limited. This study applies the Catalytic Linear Infection
Model (CLIM) to characterise the age-dependent force of infection of hepatitis in Plateau State, Ni-
geria. Age-stratified hepatitis surveillance data were obtained from the Surveillance, Outbreak Re-
sponse, Management and Analysis System (SORMAS) of the Plateau State Ministry of Health, while
population data were sourced from the National Population Commission through the Plateau State
Bureau of Statistics. Model parameters were estimated using the maximum likelihood method, and
their precision was assessed through bootstrap procedures. The estimated force of infection in-
creased linearly after a threshold age of approximately 1.5 years, with a mean time to infection of
12.13 years (95% CI: 12.12-12.15 years). These findings establish the CLIM as a robust framework for
modelling age-specific hepatitis transmission and provide valuable epidemiological evidence to
support age-targeted prevention and control strategies. The study also extends the application of
catalytic modelling to hepatitis epidemiology in Nigeria.
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1. Introduction

The force of infection (FOI) is one of the most important parameters in infectious disease
modelling because it quantifies the rate at which susceptible individuals become infected (Saikh et al.,
2021). Since infection times are rarely observed directly, statistical models are required to infer
transmission dynamics from age-specific disease data. Catalytic models have become popular for
this purpose because they relate observed infection patterns to the underlying hazard of infection.
(Falodun et al., 2025)

Infectious diseases continue to impose substantial public health burdens globally, particularly
in low- and middle-income countries where socioeconomic conditions, limited access to healthcare,
and infrastructural challenges facilitate disease transmission (Falodun et al.,, 2025). Among these,
hepatitis infections encompassing hepatitis A, B, and C remain critical causes of morbidity and
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mortality in Nigeria. The chronic sequelae of viral hepatitis, including cirrhosis and hepatocellular
carcinoma, make it an urgent target for surveillance and intervention (Olakunde et al., 2025).

Understanding how hepatitis infections spread through populations and across age groups is
fundamental to designing effective prevention and control strategies. Epidemiological modelling
offers powerful tools for quantifying disease transmission dynamics, especially when direct longi-
tudinal data are unavailable (Kwon & Lee, 2011). In this context, catalytic infection models provide a
mathematical framework to estimate the force of infection (FOI), the rate at which susceptible indi-
viduals acquire infection, based on age-specific prevalence data (Kamau et al., 2025; Grosso et al.,
2025; Blaizot et al., 2019).

The classical catalytic model assumes a constant infection hazard across all ages. However,
exposure to infectious diseases often changes with age due to behavioural, environmental, and bio-
logical factors. (Lombard et al., 2025) The Catalytic Linear Infection Model (CLIM), proposed by
Griffiths (1974), relaxes this assumption by allowing the force of infection to increase linearly after a
threshold age.

Although hepatitis remains a major public health challenge in Nigeria, most previous studies
have focused on prevalence estimation or risk-factor analysis (Olakunde et al., 2025). Limited atten-
tion has been given to estimating the age-dependent force of infection using likelihood-based cata-
lytic models. This study therefore applies the CLIM to age-structured hepatitis data from Plateau
State to estimate transmission parameters and evaluate its statistical performance.

Most existing hepatitis studies estimate prevalence and associated risk factors but provide
limited information on how infection risk changes with age. Traditional catalytic models also assume
constant infection pressure, which may not reflect the true transmission process. (Wariri et al., 2025)
Consequently, there is a need for a flexible statistical model capable of estimating age-dependent
force of infection using routinely collected surveillance data.

To estimate the age-dependent force of infection of hepatitis using the Catalytic Linear Infec-
tion Model and evaluate its performance using age-structured surveillance data from Plateau State,
Nigeria. The objectives of this study are to estimate model parameters using Maximum Likelihood
Estimation, to estimate the Mean Time to Infection and to demonstrate the applicability of the model
using Plateau State hepatitis data.

The study contributes to statistical modelling by providing a likelihood-based framework for
estimating age-dependent force of infection. The model also provides useful evidence for designing
age-targeted hepatitis control strategies.

2. Materials and Methods.
2.1. Study Area and Data

Age-structured hepatitis surveillance data for Plateau State, Nigeria, were analysed. The data
consisted of reported hepatitis cases grouped by age categories and obtained from routine surveil-
lance records for 2022. The model estimates transmission parameters from age-specific infection
frequencies.

Griffiths (1974) defined the CDF and PDF of a catalytic linear infection model as:

F(t)=1—exp{la((r+c)2 —(t+c)2)}, t>7
2 M

1
f(t)= a(t+c)exp{§a[(r+c)2 —(t+c)2]}, t>7
)
where @>0 represents the slope of the hazard, C> 0 adjusts the intercept, and 7 > 0 is the

threshold age below which infection risk is negligible.
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Griffiths (1974) also noted that for equations (1) and (2), the force of infection for children's
diseases at least aged between zero and adolescent age is approximated by a linear function given as:

W(t):{a(t+c), t>r

0, t<r )

where V/(t) is the force of infection at time t, conditional on not having been infected before.

The CLIM model in equation (3) assumes that below a certain time (say, before a child reaches some
age 7)), there is no risk of infection. This reflects immunity (maternal antibodies, vaccination, or
biological immaturity). So we set w(t)=0 for LT After 7 , the hazard increases linearly with
age. That is, the risk of infection per unit time grows proportionally with t, with slope & The shift

parameter C ensures positivity and allows flexibility. Therefore, the CLIM model, w(t)=alt+c)

for 1>7 in equation (3), is a simple linear-in-age force of infection.

2.2. Survival Function

The survival function, S(t), gives the probability of not being infected by time t (Sadiq et al.,
2022; Sadiq et al., 2023a; Sadiq et al., 2023b; Sadiq ef al., 2023c). From equation (1),

1
S(t)=1-F(t)=exp —a[(r+c)2 —(t+c)2] , t>1
2
4)
This function decays exponentially, meaning the probability of avoiding infection decreases over
time.

2.3. Hazard Function

The hazard function h(t) describes the instantaneous rate of infection at time t, given survival
up to that point (Sadiq et al., 2025; Sadiq et al., 2024; Sadiq et al., 2025a):

From equations (2) and (4)

1 2 2
0 £(1) :a(t+c)exp{2a[(r+c) —(t+c) ]}
S exp{la[(r+c)2—(t+c)2}}
2

=a(t+c), t>r

®)
The results in equation (5) show that the infection risk grows linearly over time.
2.4. Statistical Estimation of CLIM Parameters
2.4.1. Likelihood-based estimation
. o t,.t) t>7 . o
Assume independent observations N’ with all andcontinuous-time (individ-

ual times). The likelihood is the product of the PDF F(t) values for each observed time (Sadiq et al.,
2022; Sadiq et al., 2023a; Sadiq et al., 2023b; Sadiq et al., 2023c). The likelihood function of CLIM is
derived by using equation (32) as follows:

L(a,c) = H f(t)= ﬁ[a(ti +¢) exp{% (+¢)> —(t, +c)2)}]

(6)
The Log-likelihood function of the CLIM is obtained from equation (33) as follows:
n a a n
((a,c)=nloga+ ) log(t +c)+—-n(r+c)*—= > (t; +¢)°
i=1 2 2 i=1 (7)
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a
Taking the partial derivative of equation (3) with respect to the parameter ( ), we obtain the fol-
lowing;:
o/ n 1 13
—=—+=n(r+c)? == (t +c)’
a 2 2 &

oa (8)

(a)

Setting equation (35) to zero and solving for the parameter , we have:

g:%(g(ti+c)2—n(r+c)zj

©)
. (a) . o
Hence, a closed-form estimator for the parameter from equation (36) is given as:
5 2n
a=
n
Dt +c)* —n(r+c)’
i=1 ; (provided denominator (>0)). (10)

C
Taking the partial derivative of equation (34) with respect to the parameter ( ), we obtain the fol-
lowing;:

ol

n 1 n
— =Y ——+an(r+c)—a)_(t +c)
oc Tt+c Y (11)
2.4.2. Bootstrap and Delta Methods

To estimate the uncertainty (standard errors and confidence intervals) around the MTI and the

parameters (a’ C) in CLIM, researchers cannot simply use closed-form formulas because the MTI is
a complex non-linear function of & and ©.

In CLIM applications (like the Hepatitis seroprevalence study mentioned earlier), the Bootstrap and
Delta method are the two standard frequentist approaches used to quantify this uncertainty.

3. Results and Discussions

The results obtained from the application of the CLIM to hepatitis transmission data collected
from Plateau State, Nigeria, for the year 2022. The analysis focuses on estimating key epidemiological
parameters, including the force of infection, threshold age, and the MTIL, using MLE techniques.

2.4. Application to Hepatitis Data

Table 1 provides the parameter estimates for the hepatitis transmission model in Plateau State,
including bootstrap standard errors and the mean time to infection with its corresponding 95% con-

fidence interval.
Tablel. Parameter estimates for the CLIM

Parameter Estimates Bootstrap Standard Errors
a 0.009636604 7.786835e-06
¢ 0.963660385 1.956268e-09
7 1.499339432 8.666742e-10

Mean Time to Infection 12.13374 DM 95% CI-MTI [12.1198, 12.14767]

Table 1 presents the maximum likelihood estimates and bootstrap standard errors for the pa-
rameters (a,c,and 7 ) of the CLIM fitted to the 2022 hepatitis data from Plateau State. The estimated
slope parameter 4=0.00964 indicates that the force of infection increases gradually with age,
suggesting a slow but steady rise in hepatitis exposure risk as individuals grow older. The estimate
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of the intercept-shifting parameter € =0.96366 is small and precisely estimated (bootstrap SE on
the order of 1.956268e-09, implying minimal deviation from a near-linear age-infection relationship
when ages are shifted by c. The thresholdparameter 7 =1.4993 years indicates that the model
identifies a short “latency window” in early childhood before the force of infection begins to increase
measurably. This is consistent with public health patterns where hepatitis infections in Plateau State
are relatively rare among infants but begin to accumulate more noticeably from early childhood
onward.

The Mean Time to Infection (MTI), estimated at 12.13 years with a narrow delta-method 95 per
cent confidence interval [12.12, 12.15], provides a population-level summary of the average waiting
time until infection occurs under the CLIM assumptions. The precision of this estimate, driven by the
very small standard errors of the model parameters, reflects a stable age-infection structure within
the surveillance data. Biologically, an MTI of approximately 12 years suggests that hepatitis exposure
in Plateau State accumulates slowly, with the majority of infections occurring in late childhood and
adolescence rather than early in life. This pattern aligns with the observed epidemiological context in
which hepatitis transmission is primarily driven by behavioural and environmental risk factors that
become more relevant as individuals age. The tight confidence interval further indicates that the
CLIM provides internally consistent estimates of transmission timing.

A useful perspective on the Plateau hepatitis estimates is obtained by comparing them with the
classic catalytic analysis of measles transmission presented in Griffiths (1974). In Griffiths” work, the
estimated force of infection parameters indicated a rapidly increasing infection hazard during early
childhood, with measles infections typically occurring within the first few years of life. Specifically,
Griffiths’ fitted linear catalytic models produced high values of the slope parameter (a) and very
small threshold ages (€), reflecting the strong epidemic pressure of measles and its early-age trans-
mission pattern. Consequently, the mean age at infection for measles, often between 3 and 5 years in
pre-vaccination settings, was much lower than the MTI observed for hepatitis in Plateau State. The
steep rise in measles FOI in Griffiths” model contrasts sharply with the slow, gradual increase cap-
tured in the Plateau hepatitis data.

In contrast, the CLIM fitted to the hepatitis data yields a much smaller slope parameter and a
mean time to infection of approximately 12.13 years, indicating a far more protracted accumulation
of risk across the lifespan. Whereas Griffiths' measles model captures a vivid early-age infection
spike, the Plateau hepatitis model reflects a disease with lower transmissibility, more heterogeneous
exposure pathways, and greater dependence on behavioural, environmental, or iatrogenic factors
that become relevant in later childhood and adolescence. Moreover, the estimated threshold param-
eter years suggests a modest delay before meaningful exposure occurs, again consistent with hepa-
titis but very different from measles, where infection pressure is present almost from birth in highly
endemic populations. These differences highlight the flexibility of catalytic models but also empha-
sise that infection-age structures are deeply disease-specific. CLIM, when applied to hepatitis, pro-
duces a smooth and gradual FOI curve, whereas the same model applied to a classic childhood in-
fection, such as measles, as in Griffiths (1974), captures a sharply accelerated early-life infection
process. This comparison gives the appropriateness of catalytic modelling for a broad class of infec-
tions while illustrating how parameter contrasts reveal fundamental differences in disease ecology
and transmission dynamics.

4. Conclusion

The findings demonstrate that the CLIM offers a superior and epidemiologically meaningful
framework for understanding hepatitis transmission dynamics in Plateau State. The model’s ability
to incorporate a threshold age and a linearly increasing force of infection aligns well with the ob-
served data, capturing both early-childhood susceptibility and the gradual accumulation of infection
risk through adolescence.
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The estimated MTI of approximately 12 years provides important insight into the typical age at
which individuals acquire hepatitis infection in this setting.

Importantly, the strong performance of CLIM in real-world data indicates that it is a reliable
and interpretable tool for age-structured infectious disease modelling. The study extends the foun-
dational work of Griffiths by demonstrating that catalytic modelling remains relevant and effective
for contemporary epidemiological challenges, especially where disease exposure increases progres-
sively with age. The results call attention to the need for timely, age-targeted interventions and
support the integration of catalytic models into hepatitis surveillance and planning in Nigeria.
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