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ABSTRACT
The	number	of	cases	of	Lassa	 fever	reported	 in	Nigeria	 is	overdispersed,	autocorrelated	and	highly	seasonal,	and	claims	of	better	
forecasting	and	outbreak	alerting	based	on	machine	learning	(ML)	should	be	evaluated	against	appropriate	statistical	benchmarks.	We	
examine	236	weekly	national	counts	of	con�irmed	cases	and	deaths	from	the	Nigeria	Centre	for	Disease	Control	(NCDC)	(2021	week	9	to	
2025	week	36,	4,849	cases,	765	deaths).	Alert	weeks	are	determined	using	an	EWMA	chart	(λ	=	0.2)	of	Pearson	residuals	of	a	seasonally	
based	 negative	 binomial	 baseline,	 and	 the	 control-limit	multiplier	 is	 determined	 by	 simulation	 to	 have	 an	 average	 run	 length	 of	
approximately	100	weeks	(L	=	2.24).	Nine	one-step-ahead	forecasting	methods,	�ive	ML-type	methods	and	four	statistical	benchmarks	
were	 evaluated	 and	 compared	 using	 rolling-origin	 evaluation	 over	 140	weeks	 of	 three	 dry	 seasons	 based	 on	MAE,	 RMSE,	MASE,	
Diebold–Mariano	tests	and	block-bootstrap	intervals.	The	negative	binomial	model	performed	best	in	terms	of	MAE	(7.94	vs.	8.95	for	the	
benchmark),	but	this	result	was	not	robust	to	multiplicity	adjustments;	the	linear	regression	model	had	the	lowest	MAE	(8.95	vs.	13.3),	
which	was	not	signi�icantly	different	from	the	benchmark.	A	logistic	model	with	the	EWMA	statistic	alone	(AUC	0.92)	performed	as	well	
as	or	better	than	a	random	forest	(AUC	0.88)	and	a	neural	network	(AUC	0.77)	for	predicting	next	week's	alert	status.	Sophisticated	ML	
added	very	little	to	simple	statistical	baselines	for	this	series.

1Department	of	Mathematics	and	Statistics,	Rufus	Giwa	Polytechnic,	Owo,	Ondo	State,	Nigeria
2Ekiti	State	Polytechnic,	Isan-Ekiti,	Ekiti	State,	Nigeria

Original	Research	Article		| ISSN	3041-5454

1.	Introduction
Lassa fever is an acute viral haemorrhagic disease caused by 
Lassa virus, an arenavirus transmitted by the multimammate 
rat (Mastomys natalensis) to humans primarily via contact with 
the excreta of the rats and secondarily via infected body �luids 
[1] Nigeria has the highest reported burden, with 20-34 cases 
reported in the 37 states of the country from 2018 to 2023, and 
epidemics occurring during the dry season [1] [2] [3] The case 
fatality rate for con�irmed cases has been reported to be 
approximately 13.5-18.3% (Eneh et al., 2025). 
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The Nigeria Centre for Disease Control (NCDC) is therefore a 
practical priority to provide timely warning of the annual 
epidemic, with weekly situation reports being the primary 
source of public national counts.
Descriptive or seasonal and driver-focused analyses of Lassa 
fever in Nigeria have been published [4][5]. Other diseases have 
seen reviews and comparisons that tree ensembles and neural 
networks perform well or better than classical time-series 
models [6][7][8]. Boosted trees were also found to be 
signi�icantly better than count regressions for weekly mortality 
(R² of 0.85 vs below 0.20) for Lassa fever by [9], while other 
studies use multi-source data to apply ML to outbreak 
progression and early warning [10][11]. However, these 
comparisons may be misleading for surveillance series. The 
counts are overdispersed, and highly autocorrelated, and the 
naive forecast is the last week's value, which is dif�icult to 
outperform [12]. If a control chart is used on the raw series 
without modelling seasonality, it will only indicate a dry season. 
High sensitivity does not necessarily mean that ML models are 
good for early warning when trained to predict an alert label 
based on the same case counts used as inputs.
These problems can be addressed with principled tools from the 
statistical literature on outbreak detection: seasonally adjusted 
regression baselines for overdispersed counts [13][14], control 
charts [15][16], and rigorous evaluation of prospective 
detection [17]. 
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This paper applies these tools to a national Lassa fever series 
and poses a narrow question: can ML add measurably to 
statistical benchmarks, after seasonality, overdispersion and 
honest out-of-sample evaluation are done properly? Our 
contributions are (i) a seasonally adjusted EWMA with a limit 
that is calibrated by simulation for negative binomial counts, (ii) 
a rolling-origin comparison of nine forecasting methods, 
including ARIMA, seasonal naı̈ve and negative binomial 
benchmarks, with formal tests and bootstrap intervals, (iii) a 
prospective alert-prediction task with benchmarks that reveals 
how much of the apparent skill is the persistence of the EWMA 
signal, and (iv) a documented data-quality audit of the public 
series. The rest of the paper is organized as follows: Section 2 
presents the data and quality control, Section 3 presents the 
methods, Section 4 presents the results, and Section 5 discusses 
limitations and implications.

2.	Methodology
2.1	Source	of	Data
Con�irmed Lassa fever cases and deaths were manually 
extracted from NCDC situation reports.
(https://ncdc.gov.ng/diseases/sitreps) every week. The �ile is 
transcribed for 236 epidemiological weeks (2021 week 9 to 
2025 week 36). Counts are based on the reporting week, not the 
onset of symptoms, and are not re�lective of revisions to 
previous weeks. The series were screened for missing values 
(2.1% of the series) for weeks of 2021 (weeks 21, 23, 24, 30 and 
32) were linearly interpolated between adjacent counts; the 
impact of this was not evaluated separately as all missing weeks 
were in the low-transmission season with counts below 13. 

2.1	Design	of	Notation	and	Evaluation
Let 	y_t denote the number of con�irmed cases in week t,	d_t	
denote the number of deaths in week t	 and w_t	 denote the 
epidemiological week, w_t	=	1,	...	,p,	in which the cases in week t	
are con�irmed. All forecasts are one week ahead, i.e., the forecast 
for week t	-	1.	The evaluation of models is based on rolling origin 
[18]. The �irst T_0 = 96 weeks (2021 week 9 to 2022 week 52) 
form the initial training window. Afterwards the origin advances 
by 4 weeks, and at each origin each model is re-�itted on all data 
up to that point and generates one-step-ahead forecasts (based 
on the actual observed lags) for the next 4 weeks. The evaluation 
period is therefore 140 weeks (from 2023 week 1 to 2025 week 
36), with 47 weeks in the dry season (weeks 49-52 and 1-13). 
Hyperparameters were selected only once, at the �irst window, 
and then remained constant throughout the evaluation period, 
meaning that they were not tuned based on data from the 
evaluation period.

2.2	Seasonal	Negative	Binomial	Baseline.
The negative binomial (NB2) regression model with two annual 
harmonics is used to model expected weekly counts when there 
is no unusual activity:

Were P is period (52 for weekly data), k	=	1,	...	,	K	hamonics (k	=	1	
or	2) is usually enough). The parameters are estimated using 
maximum likelihood (plus a small ridge penalty on the 
harmonic coef�icients for numerical stability). 

The �it is in-sample for weeks within the training window, and 

the baseline are prospective for each evaluation week    and   
since they are based on the most recent origin. The quantity 
monitored is then the Pearson residuals

Since r is a standardised residual, the variance of z is t 	 t 	

approximately equal to the unit variance (4) in the steady state 
and is used throughout. The multiplier L is not taken from 
normal theory. Rather, it is calibrated by Monte Carlo 
simulation: counts are simulated from the �itted baseline 
(1)–(2) with a random starting week of the season, the EWMA is 
applied to the true Pearson residuals of the simulated counts, 
and L is selected to make the average run length to the �irst false 
signal (ARL₀) close to 100 weeks, or about 2 years (4,000 
replications, horizon 1,200 weeks). This is the reason for the 
skewness of low counts. It does not consider estimation error of 
the baseline, so the actual ARL₀ will be slightly different. 
Sensitivity to λ ∈ {0.1, 0.2, 0.3} and ARL₀ ∈ {52, 100, 200} is 
reported in Section 3.2. Alert weeks should be interpreted as 
“excess-incidence alerts”, not as independently con�irmed 
outbreaks; there is no external outbreak declaration to validate 
alert weeks.

2.4	Forecasting	Methods
A comparison of nine one-step-ahead methods was performed. 
The models are: (i) naıv̈e persistence A comparison of nine one-
step-ahead methods was performed. The models are: (i) naıv̈e 
persistence, ŷₜ	 =	 yₜ₋₁; (ii) seasonal naıv̈e, ŷₜ	 =	 yₜ₋₅₂; (iii) an 
ARIMA(p, d, q) model for log (1	+	yₜ) with order determined by 
AIC on the initial window, estimated by conditional sum of 
squares (our own implementation) and back-transformed with 
truncation at zero; and (iv) an NB – AR model, i.e. NB2 
regression with log (1	+	yₜ₋ₖ),	k	=	1,	…,	4, plus a single annual 
harmonic pair, whose mean is the point forecast and whose NB 
quantiles yield prediction intervals. The ML-type methods 
include multiple linear regression (MLR), support vector 
regression with a radial basis kernel (SVR; [19]), random forest 
(RF; [20]), gradient boosting (GB; [21]) and a feed-forward 
neural network (MLP) with ReLU units and L2 penalty averaged 
over �ive random initialisations.The eight predictors all ML-type 
methods employ are lags yₜ₋₁,	…,	yₜ₋₄	and the mean and standard 
deviation of the previous four weeks, and sin (2πwₜ/P)	and cos	
(2πwₜ/P).	There is no linear trend term, and so tree ensembles 
(which do not extrapolate) and linear models are given the same 
information. The standardisation of the predictors for SVR and 
the MLP is done using only the moments within the training 
window. 
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The hyperparameters were selected using the expanding 
window cross-validation method (three folds of 13 validation 
weeks each) within the initial window, by minimising RMSE on 
the small grids in Appendix A. The selected values were: SVR	C	=	
1,	γ	=	0.05,	ε	=	1; RF maximum depth 3, minimum leaf size 3 (300 
trees); GB 100 trees of depth 2, learning rate 0.05, subsampling 
0.8; MLP hidden layers (16, 8), penalty 1.

2.5	Alert-Status	Prediction
Alert prediction is formulated prospectively: given the eight 
forecasting predictors and the previous week's EWMA statistic 
Zₜ₋₁ and alert indicator aₜ₋₁, predict aₜ	 =	 1 using only the 
information available up to week t − 1. The classi�iers are logistic 
regression (ridge penalty C	=	 0.3), random forest (300 trees, 
depth 4, minimum leaf 3) and a single hidden layer neural 
network (8 units, 5 initialisations averaged, ridge penalty C = 
0.1, re�itted at each origin with labels observed at that point). 
Two benchmarks are provided to indicate the extent to which 
the skill is due to the EWMA state itself: persistence of alert 
status (aₜ predicted by aₜ₋₁) and logistic regression on Zₜ₋₁ alone. 
Probability of ≥ 0.5 is considered as an alert (class-prior 
thresholds were not tuned due to small number of alert weeks). 
Correct prediction of the �irst alert week of an episode (onset 
detection) is reported separately, as onsets cannot be detected 
by construction.

2.6	Performance	Measures	and	Inference
The forecasts are compared using mean absolute error (MAE), 
root mean squared error (RMSE), mean absolute scaled error 
(MASE; [22]), and RMSE relative to the naıv̈e forecast. The mean 
absolute percentage error (MAPE) is not used because it is 
unde�ined if counts are zero. The Diebold–Mariano test [23] is 
used to test differences in predictive accuracy in each of the 
eight comparisons, with squared and absolute error loss, and 
using a Newey–West variance with four lags and the small-
sample correction of [24]. The 95% percentile intervals for the 
RMSE, MASE and RMSE ratio are presented with uncertainty, 
calculated using a moving-block bootstrap (block length 8, 
3,000 resamples; [25]). The nominal 90% prediction interval for 
the NB-AR model is reported.

Figure	1.	Weekly	con�irmed	cases	(top,	with	the	seasonal	negative	binomial	baseline;	
the	dotted	line	marks	the	start	of	the	evaluation	period)	and	deaths	(bottom),	Nigeria,	
2021	week	9	to	2025	week	36.

For alert prediction we report the area under the ROC curve 
(AUC, with block-bootstrap interval), Brier score, sensitivity, 
speci�icity and positive predictive value with exact 
Clopper–Pearson 95% intervals [26], which are optimistic in 
light of the run structure of alerts.

3	Results	and	Discussions	
3.1	Descriptive	analysis
The series has 4,849 con�irmed cases and 765 deaths over 236 
weeks, with a case fatality rate of 15.8%. The number of cases 
per week is highly skewed and overdispersed relative to a 
Poisson distribution, with 20.5 cases per week (SD 24.9, range 
0-137), skewness 2.06, and a variance-to-mean ratio of 30.1. 
The lag-1 autocorrelation is 0.88. Weekly deaths average 3.24 
(SD 4.71, maximum 23). The 73 dry-season weeks (weeks 
49–52 and 1–13, 30.9% of the series) contain 72.4% of all cases 
(Figure 1). The highest weekly peak (137 cases) was recorded in 
2023, while the annual CFR in 2025 (to week 36) was 18.4% 
compared to 13.7% in 2022, and there was no formal trend test 
conducted for the two years. Annual totals are not directly 
comparable as 2021 starts at week 9 and 2025 ends at week 36.

Table	1:	Annual	summary	of	con�irmed	cases,	deaths,	case	fatality	rate	(CFR,	with	exact	95%	interval)	and	number	of	EWMA	alert	weeks

3.2	Seasonal	EWMA	Alerts
Calibration resulted in L = 2.24 (simulated ARL₀ 99.7 weeks), which is equivalent to a limit of 0.747 on the scale of Z 	in 8 episodes, 23 t

of 236 weeks (9.7%) were �lagged as alerts, and 21 of 140 evaluation weeks (15.0%) were alerts, with 7 episode onsets (Figure 2). 
There were 11 alert weeks during the Dec–Mar season, and 12 weeks in other seasons, including a six-week period from April–May 
2023 (weeks 16–21). The longest episode was for seven weeks from week 49 of 2024 to week 3 of 2025. The baseline for April-May 
2023 was only approximately 6-9 cases per week (observed 7-21), which meant that any excursions above this very low baseline 
were considered excess incidence. This is likely because of a baseline that is based on a short history of low counts during the off-
season of 2021, and it demonstrates that alert de�initions are dependent on the reference period.
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Figure	 2.	 EWMA	 chart	 (λ	 =	 0.2)	 of	 Pearson	 residuals	 from	 the	 seasonal	 negative	
binomial	baseline.	Red	points	exceed	the	control	limit	calibrated	to	an	in-control	ARL	of	
about	100	weeks.

The number of alert weeks is sensitive to the design choices, 
from 5 to 69 evaluation weeks; reported alert counts should 
therefore always be quoted with their chart settings.

3.3	Forecasting	Performance
Table 3 presents the out-of-sample performance of the 
forecasts. The differences between the better methods are 
relatively small. The NB-AR model (13.34) and MLR (RMSE 
13.29) have slightly lower RMSE than naıv̈e persistence (13.90), 
while random forest (14.15) and gradient boosting (13.96) are 
not distinguishable from it. The MLP (17.08), ARIMA (16.49), 
seasonal naıv̈e (19.56) and SVR (24.09) are worse. The naıv̈e 
forecast is the only method that does not outperform the others 
in terms of squared-error loss (Diebold–Mariano p ≥ 0.32 for all 
methods except the naıv̈e forecast), and the bootstrap intervals 
for the RMSE ratio of all methods except the seasonal naıv̈e and 
SVR contain 1. The NB-AR model has the lowest MAE (7.94 vs 
8.95; raw p = 0.032), but this result is not statistically signi�icant 
after Holm adjustment (adjusted p = 0.26) when compared to 
the other models. The differences between RF, GB and MLR and 
naıv̈e persistence are within sampling noise, with MAE ranging 
from 8.36 to 8.41. The seasonal naıv̈e forecast is far from being 
as good as persistence (p = 0.039), as the size of the peak of each 
year varies from the previous year. 

Table	3:	One-step-ahead	forecast	accuracy,	rolling-origin	evaluation	(n	=	140	weeks,	2023	week	1	to	2025	week	36).	RMSE	and	MASE	are	shown	with	95%	block-bootstrap	intervals;	
the	last	two	columns	give	raw	Diebold–Mariano	p-values	against	naïve	persistence	(squared	and	absolute	loss)

Table	2:	Sensitivity	of	the	alert	de�inition	to	the	smoothing	constant	λ	and	the	target	in-
control	ARL₀	(L	recalibrated	for	each	setting)

There is a signi�icant difference in accuracy among seasons 
(Table 4). The RMSE is four to ten times higher in the dry-season 
weeks than in the rest of the year, and it is in these weeks that the 
methods differ: MLR and NB-AR model slightly reduce the RMSE 
for the dry season (21.7 and 22.2 respectively) below the naıv̈e 
value (22.9), while SVR and MLP are much worse (41.2 and 28.9 
respectively), with the same pattern of under-prediction of 
peaks higher than those in the training window. The tree 
ensembles, SVR and the MLP are best outside the dry season 
(RMSE 4.0–4.1 compared to 5.0 for the naıv̈e forecast), but the 
errors are small in absolute terms. The importance of the 
random forest (Appendix A) is focused on the previous week's 
count (89%), which means that it acts as a persistence model to 
a large extent.

Table	4:	Forecast	error	by	season:	dry	season	(weeks	49–52	and	1–13;	47	evaluation	
weeks)	and	remainder	of	the	year	(93	weeks)

The NB-AR model had a 90% prediction interval that covered 
95.7% of the evaluation weeks (95.7% during the dry season 
and 95.7% during the rest of the year), and a mean width of 34.8 
cases. The width of the intervals indicates that a one week-ahead 
interval is wide compared to the typical off-season counts, and 
coverage above the nominal level indicates that the intervals are 
conservative. The point forecasts are compared to the observed 
series in Figure 3

Figure	3.	Observed	weekly	cases	and	one-step-ahead	forecasts	from	naïve	persistence,	
MLR,	 NB-AR	 and	 random	 forest	 over	 the	 evaluation	 period,	 with	 the	 NB-AR	 90%	
prediction	interval.
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Table	5.	Prospective	one-week-ahead	alert	prediction	(140	evaluation	weeks;	21	alert	weeks;	7	onsets).	AUC	and	Brier	score	are	threshold-free;	sensitivity,	speci�icity	and	PPV	use	a	
0.5	probability	threshold.	Intervals:	block	bootstrap	(AUC),	exact	binomial	(others)

Figure	4.	Predicted	next-week	alert	probability	from	random	forest	and	from	logistic	
regression	on	the	EWMA	statistic	alone;	shaded	bars	mark	observed	alert	weeks.

5. Discussion
None of the ML methods performed signi�icantly better than the 
simple statistical benchmarks in the one-week-ahead 
forecasting of national Lassa fever counts under a leakage-free 
rolling-origin design with formal inference. This is not in 
contradiction with the optimistic comparisons found in the 
literature, and is not due to different targets (e.g., mortality), 
longer or multi-region series, or weaker baselines (as is often 
the case in those studies). In this case the naive forecast is 
already good since the lag-1 autocorrelation of the weekly series 
is close to 0.88, and most of the more elaborate methods are 
based primarily on the previous week's count. The NB-AR model 
provides the smallest errors and, crucially, calibrated-in-
principle prediction intervals for counts (which point-forecast 
ML models do not have).
The reading of the alert-prediction analysis is similar. The 
benchmark of persistence of alert is a formidable one and the 
most useful single predictor of next week's alert is the EWMA 
statistic itself. The addition of case-history predictors to the ML 
classi�iers did not enhance discrimination, and few onsets were 
detected with the random forest and the neural network at a 
conventional threshold. Its usefulness is thus that it transforms 
a noisy count series into an interpretable, calibrated signal, and 
whether or not ML on top of it adds anything can only be 
determined after more seasons and, ideally, independent 
outbreak labels. 

3.4	Alert	status	prediction
Table 5 shows the prospective prediction of next week's alert status over the 140 evaluation weeks, 21 of which were alert weeks and 
7 were episode onsets. By construction, the previous week's alert status has a sensitivity of 67% and a speci�icity of 94% and will not 
detect any of the 7 onsets. The logistic regression model based on the EWMA statistic alone has the highest AUC (0.925, 95% CI 
0.82–0.97) and identi�ies 5 of 7 onsets (positive predictive value 38%) at the cost of 31 false-alarm weeks. Random forest has a lower 
AUC (0.882), but the best Brier score (0.086) and speci�icity (96%) and at the 0.5 threshold it detects 43% of alert weeks and 0 of 7 
onsets. The full-feature logistic model (AUC 0.834) and the neural network (0.767) are not better than the EWMA-only model. The 
case-history predictors are the least important and account for the remaining 17% of the importance of the random forest (Figure 4). 
Bootstrap intervals for AUC overlap for all classi�iers, so no ranking should be taken as given. Early-origin �its are limited by the two 
weeks of alert time in the initial training window

This operating threshold was set at 0.5, but a lower threshold 
would increase sensitivity and increase the number of false 
alarms, which should be determined in consultation with NCDC 
based on the relative costs.
6 Conclusion
After a data-quality audit, we used 236 weeks of NCDC data and 
found that the naıv̈e, MLR and negative binomial forecasts were 
not distinguishable in terms of RMSE, that the negative binomial 
model had a nominal advantage in terms of MAE but this did not 
survive multiplicity adjustment, and that a logistic regression on 
a seasonally adjusted EWMA statistic predicted next-week 
alerts as well as random forest or a neural network. Any claim of 
ML superiority for Lassa fever surveillance should be backed up 
by comparison with calibrated statistical baselines, and rolling-
origin evaluation and inference on differences. NCDC is 
recommended to pilot the seasonal negative binomial – EWMA 
signal in addition to the situation reports, and to test it out in the 
coming seasons and make the weekly series underlying the 
negative binomial – EWMA signal available in a veri�ied 
machine-readable format.
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Appendix	A	Predictors,	hyperparameters	and	variable	importance
Predictors common to MLR, SVR, RF, GB and MLP (eight): yₜ₋₁,	yₜ₋₂,	yₜ₋₃,	yₜ₋₄;	mean and standard deviation of	yₜ₋₄,	...,	yₜ₋₁;	sin(2πwₜ/52);	cos(2πwₜ/52). 
NB-AR uses log	(1	+	yₜ₋ₖ),	k	=	1,	...,	4, and one harmonic pair.

Table	A1:	Hyperparameter	grids	searched	on	the	 initial	window	(selected	values	in	
Section	3.4).

Table	A2:	Random	forest	impurity	importance	(�it	to	all	data,	for	illustration	only)
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