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Background: Diphtheria, caused by Corynebacterium diphtheriae, remains a serious public
health threat in areas with low vaccination coverage, despite global declines due to
widespread immunization and improved clinical management. A major outbreak in
Nigeria from 2022 to 2023 underscored the persistent risk in regions with inadequate
vaccination. This study aims to assess the transmission dynamics of diphtheria in Kano
State, the epicenter of the outbreak, by estimating key epidemiological parameters,
including the generation time (GT), approximated in our study by serial interval, and
effective reproduction number (Rt).

Methods: We analyzed diphtheria case-based data from Kano State, Nigeria, collected
between August 18, 2022, and November 29, 2023. Generation time was approximated
using serial intervals in confirmed cases within the same geographical areas. The effective
reproduction number (R:) was calculated using four methods: Maximum Likelihood
Estimation (MLE), Exponential Growth (EG), Sequential Bayesian (SB), and Time-
Dependent (TD), focusing on the period of maximum exponential growth. A sensitivity
analysis was conducted to quantify the impact of uncertainties in the GT derived from our
data on the estimation of R:.

Results: Over the 469-day outbreak period, 13,899 diphtheria cases were reported, with
complete data available for 9406 cases. The estimated mean generation time was 2.8 days
(SD = 3.48 days), with 97% of cases having a GT of less than 21 days. The R: estimates varied
across methods, with the TD method producing the highest reproduction number of 2.21
during the peak growth period. Sensitivity analysis showed that R: estimates increased
with longer generation times. The models, except for the SB method, demonstrated a
generally strong fit with the outbreak exponential growth period.
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Conclusion: The ongoing diphtheria outbreak in Nigeria highlights the critical threat posed
by declining vaccination coverage. This study provides valuable insights into the trans-
mission dynamics of diphtheria during a prolonged and widespread outbreak, enhancing
our understanding of disease spread in this context. While certain limitations may influ-
ence the interpretation of our estimates, the findings offer valuable information for future
diphtheria outbreak preparedness and response in the African context.
© 2025 The Authors. Publishing services by Elsevier B.V. on behalf of KeAi
Communications Co. Ltd. This is an open access article under the CC BY-NC-ND license
(http://creativecommons.org/licenses/by-nc-nd/4.0/).

1. Introduction

Diphtheria is a bacterial infection caused by Corynebacterium diphtheriae, characterized by the production of a potent and
potentially lethal toxin. The primary mode of transmission of the disease is through respiratory droplets, though cutaneous
diphtheria can occur through contact with infected lesions (Pinkbook: Diphtheria, 2022). Diphtheria can lead to severe
complications, including breathing difficulties, heart damage, and nerve damage. Although most people recover with
treatment, the disease has a case fatality rate of 5—10%, with an even higher risk of death in children under 5 years of age
(Mayo Clinic [Internet]). Once widespread, diphtheria has seen a substantial decline in incidence due to the development and
widespread adoption of effective vaccines, along with advances in clinical management through diphtheria antitoxin and
antibiotics (Clarke et al., 2019). Nevertheless, outbreaks persist in regions with inadequate or decreasing vaccination coverage,
including in Nigeria, which is among the top African countries with the highest number of unvaccinated children (New
UNICEF report shows 12; Nigeria zero) and the country with the highest number of children who have not receive any
routine vaccine (zero-dose children) (New UNICEF report shows 12; The Zero). The declining immunization coverage poses a
continued threat of diphtheriae, particularly in African countries that accounted for nearly 16% (910 cases) of the 5856 cases
reported globally to the World Health Organization (WHO) in 2022 (WHO [Internet]. World Health Organization). Inadequate
surveillance and limited diagnostic capabilities in some affected countries likely lead to a significant underestimation of the
true burden of diphtheria (Nicholson et al., 2022; Why diphtheria presents a growing).

Although Nigeria had previously reported sporadic diphtheria cases annually, the country experienced a gradual increase
in cases beginning in December 2022. This was followed by an unusual surge between June and August 2023, during which
nearly 6000 suspected cases were reported across 59 local government areas (LGAs) in 11 states. The majority of these cases
(99.4%) were from the six states of Kano, Katsina, Yobe, Bauchi, Kaduna, and Borno (Diphtheria-Nigeria). By November 30,
2023, nearly 14,000 suspected cases had been reported in the country, including 9895 cases in Kano state — a state located in
the Northern region of Nigeria, and one of the most populous of the country with a 2023 population estimates at 16,253,549
(List of Nigerian states by, 2024) — making this outbreak one of the largest diphtheria outbreaks ever documented in Africa
(Sutherland & CNN, 2023).

According to the World Health Organization, the diphtheria outbreak in Nigeria was driven by low routine immunization
coverage with the pentavalent vaccine, particularly among the pediatric population of whom an estimated 43% are unvac-
cinated, a figure well below the 80—85% coverage required to ensure community protection and preventing such large-scale
outbreaks (Diphtheria vaccines).

Understanding disease transmission dynamics during outbreaks is crucial to inform public health interventions. Several
metrics, including the generation time (GT) (Svensson, 2007a) and the basic reproduction number (Ro) (Delamater et al.) are
used to describe the transmission dynamics of infections. This information can help public health officials understand the
severity of the outbreak and disease transmission patterns to inform the development of potential control strategies.

1.1. Generation time (GT) and basic reproduction number (Ro)

1.1.1. Generation time (GT)

The generation time is defined as the time between the infection of a primary case and one of its secondary cases
(Svensson, 2007a), or the time interval between the infection of a primary case (infector) and the subsequent infection of a
secondary case (infectee) within a transmission pair (Lehtinen et al., 2021). GT is an important concept in infectious diseases
modeling and has been used to estimating the basic reproduction number. GT is typically estimated by analyzing the time lag
between identified infection pairs; however, such data are often unavailable during outbreaks, especially during large,
geographically spread and prolonged outbreaks. Consequently, GT is often approximated using serial intervals (SI) defined as
the average time between the infection of a primary case and the subsequent infection of others by that individual, or the time
between two similar events such as the onset of disease (Lehtinen et al., 2021; Svensson, 2007b). Consequently, SI are usually
less cumbersome to measure during outbreaks and are expressed as units of time (e.g. hours, days, weeks). A systematic
review by Truelove et al.(Truelove et al., 2020) reported an average GT of 7.8 days (95% Cl: 6.3—9.7 days) for diphtheria, while
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Flavio et al. (Finger et al., 2019) estimated a GT of 4—5 days in a short and localized outbreak setting, illustrating how the GT
can vary depending on the characteristics of the outbreak and the methods and assumptions underlying their measure. GT
and SI play a crucial role in public health planning and interventions by indicating the transmission window for an infected
individual. Throughout the paper, we use SI as a proxy to the GT.

1.1.2. Reproduction number

The reproduction number (R) defines the average number of secondary cases generated by a single primary case
(Svensson, 2007a; Delamater et al.). This metric helps gauge outbreak severity and informs control strategies. Two variants of
the reproduction number exist, including.

e Ro: The basic reproduction number represents the average number of secondary cases during the initial outbreak phase
when the entire population is susceptible and without control measures.

e Re: The effective reproduction number is a time-varying adjustment to Ro, reflecting changes in population immunity over
time and the impact of control measures.

In practice, R is estimated during outbreaks and varies considerably due to factors like vaccination coverage, public health
interventions, and population behavior. It then changes over time as more people become infected and subsequently immune
to the disease and as control measures such as expanded vaccination, in the case of vaccine preventable diseases, are
implemented. Truelove et al. (Truelove et al., 2020) reported an Rt range of 1.7—4.3 for diphtheria, while Matsuyama et al.
(Matsuyama et al., 2018) found R; to range from 4.7 to 14.8 in a specific refugee camp setting in Bangladesh, demonstrating
the potential for significant variation in R over time, across contexts and analytical approaches.

Data on diphtheria transmission dynamics in Africa remains limited, largely due to the scarcity of data from well-
documented outbreaks. This gap in knowledge constrains our understanding of diphtheria's spread to inform public
health response. This study estimates diphtheria transmission parameters, notably the generation time and effective
reproduction number (Ry), using data from the 2022—2023 diphtheria outbreak in Kano State. Our research aims to highlight
the challenges associated with estimating these key infectious disease parameters in an Africain setting, while contributing
valuable insights to inform outbreak preparedness and response strategies in similar contexts.

2. Methods
2.1. Data and data source

We utilized case-based data (line-list) from Kano State, covering the period from August 18, 2022, to November 29, 2023.
These data were collected as part of the diphtheria outbreak response through the surveillance system established by the
Nigeria Centre for Disease Control (NCDC) in collaboration with the Kano State health authorities.

The raw dataset included 7 variables and 13899 record. A detailed description o the dataset is provided in the supple-
mental material. The variables in the diphtheria outbreak dataset relevant to our analysis were the following.

o State of residence of the case

o Date of onset of symptoms

e Final classification of the case laboratory confirmed, clinically compatible, epidemiological link, discarded (non-
diphtheria)

e Outcome: death or alive

e Othe variables included in the dataset provided by NCDC, but not used in our analysis included the age and sex of the cases,
and their vaccination status against diphtheria.

Cases were identified through a dual approach, combining passive reporting from health facilities with active reporting
involving community health workers conducting house-to-house active case search and contact tracing. Each case in the line-
list could be assigned one of the following classifications of the disease status.

e Laboratory confirmed: for cases with a laboratory confirmation of diphtheria through laboratory analysis of a collected
sample

o Clinically compatible: for cases with no laboratory diagnosis, but with signs and symptoms compatible with diphtheria, in
the context of the outbreak,

e Epidemiological linked (epi-linked): for cases with no laboratory diagnosis, but with direct connection (close contact,
shared exposure) with a laboratory confirmed or clinically compatible cases

For our analysis, confirmed diphtheria cases included laboratory-confirmed, clinically compatible and epi-linked cases.
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2.2. Estimation of the serial time distribution

The generation time, defined as the time interval between the infection of a primary case (infector) and the subsequent
infection of a secondary case (infectee) within a transmission pair, in an interrupted chain of transmission, has been used to
estimating the basic reproduction number. The infector-infectee pair could not be derived from our data since the actual time
of infection was unknown; therefore, we used the serial interval, defined as the onset of symptoms in a primary case (infector)
and the onset of symptoms in a secondary cases (infectee) to approximate the generation time for confirmed cases (Svensson,
2007b) within the same smallest administrative unit of residence (LGA), The infector-infectee pair was determined by the
order of the symptom onset date of the cases within a cluster, and used to generate a distribution of serial intervals within a
cluster such as:

Serial Interval = Tsymptom onset(x) — Tsymptom onset(y)

with Tsymprom onsety) @a0d Tsymprom onset(y) T€Presenting the dates of symptom onset for two consecutive cases (infectee,
infector), with data sorted in ascending dates of symptom onset.

The serial intervals calculated for each of the LGAs reporting at least 2 confirmed cases of diphtheria were accumulated to
construct a distribution of serial intervals. We modeled the serial interval distribution using several candidate distributions
selected based on the observed form of the serial interval distribution. These candidate distributions were evaluated for
goodness of fit using criteria such as the Akaike Information Criterion (AIC) and Bayesian Information Criterion (BIC). The
parameters of the best-fitting distribution (mean, standard deviation) were then used in our estimation of the reproduction
numbers.

2.3. Modelling the diphtheria outbreak

We described the dynamic diphtheria incidence for the entire period of data availability through a combination of visual
inspection and modeling approaches. We identified periods of increasing and decreasing transmission using the regression of
log-incidence method (Cori et al., 2013) implemented with the incidence package in R-Studio (Jombart et al.). The log-
incidence method involves three steps: first, log-transformation of the incidence data; second, fitting a linear regression
model to the log-transformed data as a function of time and examining the slope of the regression line to determine whether
the incidence of cases is increasing (phase of growth), decreasing (phase of decay), or remains stable over time (Cori et al.,
2013; Nishiura et al., 2009; Wallinga & Teunis, 2004) and third, identifying periods of increasing or decreasing disease
transmission/incidence based on the value of the slope of the regressions and using the slope value to derive the outbreak
doubling and halving times (days, weeks).

2.4. Identification of the period of maximum growth

To estimate the R, we focused on the period of maximum growth of the outbreak. The period of maximum growth for an
outbreak refers to the time interval during which the incidence of cases increases most rapidly, typically reflecting the phase
of exponential growth in the epidemic curve (Ma, 2020). Considering the length of the outbreak, the period of increasing
transmission (i.e. the period from the date of the first case to the date of the maximum incidence) was further subdivided into
intervals equal to the doubling time identified in growth phase of the outbreak, from the day of highest incidence towards the
start of the outbreak. The trend of the outbreak was then examined for each of the intervals using the log-incidence method.
The interval exhibiting the highest deviance r-squared statistic was identified as the period of maximum exponential growth
and used for estimating the effective reproduction numbers.

2.5. Estimation of the effective reproduction numbers

We estimated the effective reproduction number (R:), a time-varying reflection of R, considering changes in immunity and
control measures in the population.

Four approaches were employed to estimate the effective reproduction number from the identified period of maximum
exponential growth: the Maximum Likelihood Estimation (MLE) method, the Exponential Growth (EG) method, the
Sequential Bayesian (SB) method, and the time-dependent (TD) methods. These four methods are commonly used to estimate
key epidemiological parameters in infectious diseases dynamics (Anderson & May 1992, p. 766).

2.5.1. Maximum likelihood estimation (ML) method

We utilized the maximum likelihood estimation approach proposed by White and Pagano (White et al., 2021) to estimate
R. The approach assumes the number of secondary cases caused by an index case is Poisson distributed with expected value R.
Given observation of (Ng, N1, ..., N7) incident cases over consecutive time units (days, weeks, etc ...) and a generation time
distribution w, R is estimated by maximizing the log-likelihood as:
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T e He N
LL(R) = Zlog( Nt"‘t Eq[1]
t=1 :

Where g,;= RY°%_; Ne—;w; with the likelihood calculated on a period of exponential growth and the deviance r-squared used
to select the most appropriate method of exponential growth. The method makes no assumption on mixing in the population.

2.5.2. Exponential growth (EG) method

We used the approach summarized by Wallinga and Lipsitch (Wallinga & Lipsitch, 2007), demonstrating that the expo-
nential growth rate during the early phase of an outbreak can be linked to the initial reproduction ratio. We denoted the
exponential growth rate as r as the per-capita change in number of new cases per day and was estimated using a Poisson
regression, with the reproduction number estimated as

Eql2): R=p;—

with M as the moment generating function of the generation time distribution, and r the exponential growth rate. The
approach requires choosing a period in the epidemic curve over which growth is exponential, guided by the deviance-based r-
squared statistics, with no assumption made on mixing in the population.

2.5.3. Sequential Bayesian method (SB)

The SB method allows a sequential and real time estimation of the initial reproduction number(Bettencourt & Ribeiro,
2008). The SB approximates an SIR model with incidence at time ¢t + 1, N(t +1) can be approximated to a Poisson distribu-
tion with mean N(t)e(Y(®=1) where 1 is the average duration of the infectious period. The SB updates the R distribution as new
data is obtained using the algorithm:

P(N¢.1R.No, ..., Nt)P(R|Ng, ...N)

P(R|N07'-~7Nt+]): P(NO ---Nt+l) Eq[3]

The SB approach uses an exponential distribution of the generation time and assumes random mixing in the population.

2.5.4. Time dependent reproduction numbers (TD)

Time-dependent reproduction number approach (Fraser, 2007; Wallinga & Teunis, 2004) computes reproduction numbers
by averaging over all transmission networks compatible with observations. The probability P;; that case i with onset at time ;
was infected by case j with onset at time ¢; is calculated as:

Nl‘W(f —i- t')
P S ) Fal)

The effective reproduction number for case j is estimated as R; = }_ iP; and is averaged as R; = TlT[th _¢R; over all cases with
the same date of onset. Estimates of the number of cases at time t as a function of the number of prior cases multiplied by their
infectiousness, as described by equation (5) below.

Eq(5] : Ro =0

M=

w(T)N(t —7)

-
Il

1

We applied the R; estimation methods to the diphtheria epidemic curve, using the distribution best fitted to the generation
time. To assess the reproduction rates, we defined a targeted time window selected from the day with the highest case
incidence, backward, by periods of 60 days, purposely chosen to be around the tenth of the entire outbreak period. Using the
deviance r-squared statistic across each of the temporal segments of interest, we identify the segment exhibiting the highest
deviance r-squared statistic as the period of maximum exponential growth. This period of maximum exponential growth of
the outbreak was used in our estimations of the reproduction numbers.

2.6. Sensitivity analysis

Recognizing that the assumption of fully linked chains of transmission within LGAs is unlikely to hold for the diphtheria
outbreak in Kano—potentially introducing bias in the estimation of the generation time (GT)—we conducted a sensitivity
analysis. This involved calculating values of the effective reproduction number (Rt) across a range of GT values. The analysis

aimed to quantify the impact of uncertainties in the GT derived from our data on the estimation of R:.
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2.7. Data analysis

For all our analysis of R, we followed the approach described by Boelle et al. (Boelle & Obadia, 2023). All analyses were
done using R-Studio (RStudio) and the RO (Boelle & Obadia, 2023)and Incidence (Jombart et al.) packages. Results are pre-
sented as graphs and tables.

3. Results
3.1. Description of the diphtheria epidemic

The available data for the outbreak covered the period from August 18, 2022, to November 29, 2023, spanning 469 days.
During that period, a total of 13,899 diphtheria cases were reported through the outbreak surveillance system in Kano State of
which 9406 had data with a final diagnosis. Most cases (9178, 97.6%) were classified as clinical compatible with diphtheria,
143 (1.5%) laboratory confirmed diphtheria, and 85 (0.9%) epidemiologically linked to a clinically compatible or laboratory
confirmed case. The cases ranged in age from 1 to 70 years and originated from 46 LGAs of Kano State, with three states
accounting for more than half of all those cases (Fig. 1)

Overall, visual inspection of the epidemic curve reveals a clear pattern of increasing transmission leading to a peak
incidence, followed by a subsequent decline. Closer examination of the phase of increased transmission shows a sharp and
dramatic rise in case numbers from late May 2023, culminating in the peak incidence around mid-August 2023, before
transitioning into a phase of declining transmission. However, the factors driving this rapid acceleration could not be
determined from the available data.

3.2. Modeling the epidemic curve

The regression of log-incidence (r) over time (in days) applied to the 469-days period of the outbreak revealed two notable
transmission patterns centered around the August 27, 2023 (375th day of the outbreak). The first phase of the outbreak
(Phase 1) was characterized by a long period (from day 1—-375) of low but gradual increase in incidence (deviance r-squared
statistic (r) = 0.00981, 95%Cl: 0.0078—0.0117, doubling time of 70.63 days (95%Cl: 59.00—88.03 days)), peaking at 123 cases on
day 358 (Aug 10, 2023); and a second phase (Phase 2) from day 376 (August 27, 2023) till the end of the series of steady

Case distribution /

[J1-100

[ 100- 1000
I 000-2000 /
B -2000
" LGAsboundaries

= States boundaries i

Map generated on
Date: 13 Sept 2024

Fig. 1. Distribution of confirmed mpox diphtheria cases within local government authorities of Kano state, Nigeria, from Aug 18, 2022 to Nov 29, 2023.
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decline in daily incidence (r = -0.0101; 95%CIl: —0.0123 -0.0079, with a halving time of 68.414 days (95%Cl:
56.3280—87.1057)) (Fig. 2).

3.3. Estimation of the generation time distribution

The generation time (GT) distribution, approximated in our study by the serial interval distribution, was accumulated from
serial intervals from each of the 42 LGAs reporting at least two cases is presented in Fig. 3.

The serial interval distribution was fitted to three theoretical distributions: gamma, lognormal, and Weibull. Among the
tested distributions, the lognormal distribution showed the best overall fit, with the lowest Akaike's Information Criterion
(AIC) (6294.71) and Bayesian Information Criterion (BIC) (6306.17) values compared to the gamma (AIC: 7570.43, BIC:
7581.89) and Weibull (AIC: 7763.12, BIC: 7774.58) distributions. Additionally, the lognormal distribution performed slightly
better in the C-vM (Cramer-von Mises) statistic (88.44) compared to gamma (94.44), although Weibull had the lowest C-vM
statistic (87.00), indicating a strong overall fit. Weibull distribution had the smallest Kolmogorov-Smirnov statistic (0.379),
suggesting it aligned most closely with the empirical cumulative distribution function. However, the Anderson-Darling
statistic, which is sensitive to differences in the tails, favored the lognormal distribution (438.47) over gamma (461.59)
and Weibull (422.06). Based on the combination of goodness-of-fit criteria and statistical diagnostics, we concluded that the
serial interval distribution was best fitted with a lognormal distribution, with a mean of 2.80 days and a standard deviation of
3.48 days, a minimum value of 1 day, and 97% of the GT distribution below 21 days (Fig. 3-A).

3.4. Identification of period of maximum growth

Because of the length of the outbreak, that first period was secondarily, arbitrarily, subdivided into approximately to 5-
time intervals of 70 days each, corresponding to the outbreak doubling time, starting from the day of highest incidence,
moving toward the start of the outbreak. The 70-day interval, ranging from day 288 to day 358 (from June 1, 2023 to August
23, 2023) of the outbreak yielded the highest deviance r-squared statistic (r = 0.078; 95% CI: 0.072—0.086) with a doubling
time of 8.77 days (95% CI: 8.07—9.60). This timeframe was identified as the period of maximum exponential growth and was
used for estimating the reproduction numbers. Fig. 2 overlays on the epidemic curve, the modeled trends for the two phases
of the outbreak and the period of maximum exponential growth.

3.5. Calculation of reproduction numbers

We confined our analysis of reproductive numbers to the phase marked with the highest exponential growth (288 to day
358 of the outbreak). Primary inputs in our calculations included the generation time estimated for the entire outbreak and
the case incidence series during the period of maximum exponential growth.

125

r=0.000 r=0.012

Daily incidence (N)

'
' '
' '

' '

' '

' '

L P AP
T T !

2022:08-18 2022:11-18 2023-02-18 2023-05-19 2023-08-18 20231118
Date of onset

Fig. 2. Overall epidemic curve of the diphtheria outbreak in Kano State, by day of onset, from Oct 18, 2022 to Nov 29, 2023. The grey vertical line set on Aug 27,
2023 splits the outbreak into Phase 1 (growth) and Phase 2 (decay). The solid blue line marks the day (Aug 10, 2023) with highest incidence. The dashed blue
lines mark the limits of the interval used to identify the period of maximum growth, with their corresponding r-squared values (r). The curves model the
incidence of diphtheria (with 95% confidence interval) for the entire outbreak (black curves), and the period of maximum growth (solid blue curve, r = 0.078).
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Weibull Goodness-of-fit statistics gamma  lognormal Weibull
o4 Kolmogorov-Smirnov statistic 0.43 0.44 0.38
Lognormal Cramer-von Mises statistic 94.44 88.44 87.00
— Anderson-Darling statistic 461.59  438.47  422.06
s I Gamma Goodness-of-fit criteria
> Akatike's Information Criterion 7570.43 620471 7763.12
ng) Empirical / observed Bayesian Information Criterion 7581.89 6306.17 _7774.58
o

10
Serial interval (days)

Fig. 3. Modeling the diphtheria outbreak serial interval distribution of the 2022—2023 outbreak in Kano (Nigeria). The curves show the empirical/observed,
Weibull, lognormal, and gamma distributions, with associated goodness-of-fit estimates. The serial interval distribution is best approximated with a lognormal
distribution with mean 2.80 and a standard deviation of 3.48 days.

The distribution of reproduction numbers generated using the TD and SB approaches is depicted in Fig. 3-B, with a
comprehensive summary of estimates provided in Table 1. Notably, point estimates and median values from the SD and TD
methods did not exhibit significant differences. Among the methods employed, the Time-Dependent approach yielded the
highest reproduction number with a maximum value of 2.21.

When fitting the four models to the exponential growth phase of the epidemic, a generally strong fit was observed, except
for the SB method (Fig. 4-A).

3.6. Assessing the influence of the generation time on R; estimation - sensitivity analysis

To evaluate the impact of the chosen generation time on our reproduction number estimates, we performed a sensitivity
analysis by computing values of R; across a range of generation times, varying from 1 to 6 days in increments of 1 day for the
ML and EG methods only. The outcome of this analysis is depicted in Fig. 4-B.

As expected, there is an increase in the value of Ry with increasing values of generation times (Fig. 3B). Our results indicate
that the estimated reproduction number of the epidemic ranges from 1.1 to 1.40 for the ML method and from 1.14 to 1.55 for
the EG method, with incremental values of the generation time from 1 to 6 days.

4. Discussion

This study provides a pragmatic assessment of the reproduction number and generation time of diphtheria during a large
and lengthy outbreak in Kano State, Nigeria.

The effective reproduction number for the Kano 2022—2023 diphtheria outbreak was estimated at 1.25 and 1.18 using the
EG and ML methods, respectively, with higher maximum values of 1.7 and 2.21 observed using the SB and TD methods. While
most methods showed a strong fit with the data during the period of maximum exponential growth, the SB performed less
effectively. We stipulate that this discrepancy can be attributed to the method's assumption of a smooth and gradual change
in Re over time, which does not align with the observed fluctuations in transmission dynamics during the outbreak. These
fluctuations may reflect changes in surveillance sensitivity, the implementation of localized interventions, and variations in
public behavior, all of which can introduce variability in transmission that the SB method may fail to capture adequately.

Our calculations of R; were consistent with Trulove et al. study (Truelove et al., 2020) in their pool analysis of 23 outbreaks
in which R; ranged from 1.7 to 4.3, but they significantly diverged from the median estimate of 7.2 obtained by Matsuyama
et al. (Matsuyama et al., 2018) based on a diphtheria outbreak in a refugee camp in Bangladesh.

Our estimates of the serial interval, used as proxy to the generation time (mean GT 2.8 days) in our analysis differ from
those reported in the literature; Finger et al. estimated a diphtheria generation time of 4—5 days, while Truelove et al. re-
ported a serial interval—a proxy for generation time—of 7.8 days, suggesting faster cycles of transmission of diphtheria in

Table 1
Estimates of reproductive numbers derived from the period of highest exponential growth (day 298—358) of the 2022—2023 diphtheria outbreak in Kano
(Nigeria).

Methods (Mean R, and 95% CI)

Estimates EG ML SB TD
R¢ 1.25(1.23-1.26) 1.18 (1.10—1.25) 1.14 (1.08-1.21) 1.26 (1.19—-1.35)

Bootstrap was used to estimate the mean and 95% CI (normal) of the R; for SB and TD. Median and extremes values of R; distributions generated using SD and
TD methods were 1.16 (Max: 1.95) and 1.17 (Max: 2.20) respectively.
Re: effective reproduction number, EG: Exponential growth; ML: Maximum likelihood; SB: Sequential Bayesian, TD: Time-dependent.
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Fig. 4. Modeling diphtheria exponential growth, and sensitivity analysis of changes in R; with generation time. A) Modeling the period of exponential growth of
the epidemic with the four approaches (EG, ML, SB, and TD) to estimate the reproduction numbers. The red dashed vertical line represents the mean of the
distribution; B) Sensitivity analysis assessing the change in estimation of Rt (EG and ML methods) with generation time.

EG: Exponential growth, ML: maximum likelihood. TD: time-dependent, SB: Sequential Bayesian, Obs: Observed.

Kano Truelove's analysis found that 95% of cases had a serial interval shorter than 21 days, which falls within the range of our
estimates for 95% of cases. The disparities in the estimates of the GT are unsurprising given the differences in the estimation
methods, variabilities in transmission contexts, scale and duration of the outbreaks and differences in case ascertainment.
Truelove et al. estimates are based on a literature review, and Flavio et al. estimates are derived from a localized outbreak,
whereas our estimates are based on data from a prolonged outbreak spanning a large geographic area (Kano State).
Furthermore, the estimation of generation time assumes a continuous chain of transmission within the same geographical
areas, limited to confirmed cases, and without case importation. Given the geographic extent of some local government areas
(LGAs), these assumptions may not hold true for most cases. Furthermore, most of the cases in our database were clinically
compatible rather than laboratory-confirmed, suggesting that some of the cases may not have been diphtheria, which could
further contribute to the differences in our estimates.

The relationship between the GT and R¢ underscores the importance of accurately estimating the generation time, as over-
or underestimating GT can lead to significant bias in the calculation of Rt. In outbreak settings, such biases may affect the
assessment of transmission potential and the design of public health interventions. To assess the potential of such bias and the
impact of uncertainties in the GT on the estimation of Rt, we conducted a sensitivity analysis across a range of GT values.

The sensitivity analysis revealed variability in Rt estimates based on the selected GT values, underscoring the dependency
of Rt on the choice of GT. This finding suggests that biases in GT estimation will propagate into Rt calculations, potentially
affecting the accuracy and interpretation of transmission dynamics.

Even when using GT values closer to those reported in the literature (Finger et al., 2019; Truelove et al., 2020), our R¢
estimates remained on the lower end of the spectrum compared to previously published findings (Islam et al., 2022). These
discrepancies highlight potential data reliability issues that have likely influenced our estimation of the GT. First, the
assumption of fully linked chains of transmission within Kano is unlikely to hold, leading to missed transmission chains.
Additionally, uncertainties surrounding case diagnostics and the heavy reliance on clinically compatible cases—which
constituted much of our dataset—may have resulted in the inclusion of non-diphtheria cases. These factors, coupled with
general data quality challenges, likely contributed to compressed GT estimates and subsequently lower Rt values. This con-
trasts with the longer GT and higher Rt values observed in other outbreaks with eventually more robust data.

5. Limitations

Our study is one of the few to describe the diphtheria transmission dynamics during a prolonged and geographically
widespread outbreak in the African context. It is important to acknowledge its limitations, which warrant caution in inter-
preting our findings.
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The approach we used in our analysis assumed that all diphtheria cases were detected by the surveillance system, linked in
a continuous chain of transmission, and that no cases were imported. However, these assumptions are unlikely to fully apply
to the diphtheria outbreak in Kano, given the outbreak's duration and wide geographical scope with increased likelihood of
external case importation, unrelated, broken and missed transmission chains. To maximize the likelihood of capturing linked
chains of transmission, we estimated the generation time at the LGA Level, the lowest administrative level for cases available
in the dataset. However, LGAs are not the smallest administrative subdivisions in Kano State and cover substantial geographic
areas. As a result, our GT and R; estimates likely reflect not a single, continuous localized outbreak, but rather multiple
outbreaks occurring in various locations. This suggests that our parameters will not fully capture the transmission dynamics
at the more localized levels.

Moreover, the prolonged periods of low incidence may suggest ongoing transmission that was not detected by the sur-
veillance system. Variations in population heterogeneity, disparities in the ascertainment of diphtheria diagnoses —
particularly with less than 2% of cases confirmed through laboratory testing — and spatial differences in transmission dy-
namics across Kano State, possibly due to non-uniform implementation of control measures, all contribute to the observed
differences in our findings. Finally, the methods used to estimate reproduction numbers may account for differences in the
estimates obtained; for instance, Matsuyama et al. (Matsuyama et al., 2018) employed a Latin Hypercube Sampling Method
and accounted for the loss of susceptibility over time.

6. Conclusion

The diphtheria outbreak in Nigeria, one of the largest and longest in recent history, is a reminder of the persistent threat
posed by vaccine-preventable diseases amid declining vaccination coverage. While certain limitations may influence the
interpretation of our estimates, the findings offer valuable information for future diphtheria outbreak preparedness and
response strategies in the African context. This study sheds light on the transmission dynamics of this unprecedented
outbreak, contributing to the limited body of knowledge on diphtheria transmission during protracted and geographically
widespread outbreaks in Africa. It also provides critical insights to support outbreak control efforts, particularly in settings
often marked by suboptimal surveillance systems and constraints in data quality and availability.
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