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Abstract
Background: Scabies, a neglected tropical disease, poses a significant public health challenge in resource-limited

settings such as Kokofu in Ghana’s Ashanti Region. Accurate forecasting of scabies incidence is crucial for
effective allocation and management of healthcare resources. Obyective: This study aimed to develop and validate
predictive models of scabies incidence in the Ashanti Region of Ghana using time series analysis and generalized
linear models. The goal was to demonstrate the potential utility of these models in enhancing infectious disease
control by generating accurate predictions to inform healthcare resource allocation and planning. Mezhods: Monthly
scabies case data from January 2016 to May 2023 were extracted from the Kokofu Hospital Information System.
We applied Seasonal Autoregressive Integrated Moving Average (SARIMA) models for time-series analysis and
compared Poisson and Negative Binomial regression models. The model selection was based on the Akaike
Information Criterion (AIC) and Bayesian Information Criterion (BIC). Forecasting accuracy was assessed using
Mean Absolute Percentage Error (MAPE) and Mean Absolute Scaled Error (MASE). Resuits: The
SARIMA(1,1,2)(0,1,1) modelhas emerged as the optimal forecasting tool (AIC: 866.79, BIC: 878.44). This model
revealed a significant upward trend in scabies incidence and distinct seasonal patterns, with peak incidence during
the dry season. The Negative Binomial regression outperformed the Poisson model (AIC: 1039.6 vs. 2496.4),
identifying significant increases in scabies cases in June and July; and decreases in November and December.
Conelusion: Our study demonstrated the efficacy of combining time-series analysis with generalized linear models
in forecasting the incidence of scabies. The developed models provide a robust framework for predicting outbreaks
and seasonal variations, offering valuable insights into healthcare planning and resource allocation.Our approach
has the potential to enhance scabies management and can be integrated into existing health information systems

to support evidence-based decision making in similar resource-limited settings.
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Introduction

Human skin is the largest organ in the body and plays an important role in the body and the external
environment. The skin is affected by various chemicals, such as allergens, irritants, and pollutants, as well as living
organisms like bacteria, fungi, and parasites [1]. Poisons from foods and medications can also cause skin irritation
and infections. Scabies are very common in many parts of the world, particularly in low-income tropical regions,
with prevalence rates ranging from 0.2% to 71.4% depending on the population studied [2]. In temperate regions,
scabies has a higher impact in winter than in summer, with studies showing a 20-30% increase in cases during
colder months [3].

Scabies is caused by a tiny mite called Saroptes scabie, which burrows into the upper layer of the skin and lays
its eggs [4]. Female mites burrow into the skin and cause scabies, which is caused by mites in human hosts. The
female burrows into the skin and lays eggs, which develop into larvae in 2 to 3 days and into mites in approximately
15 days. Normal scabies usually has five to fifteen female mites, whereas crusted scabies can have hundreds or
even millions of mites [5]. Scabies causes itching and inflammation of the skin due to mite infestation [6]. Scabies
can be transmitted through close physical contact, including sexual activity, as mites that cause scabies spread
through prolonged skin-to-skin contact [7]. Although it is rare for scabies to spread through shared clothing or
other indirect exposures, it can occur during normal infections. This can cause skin irritation and serious
complications such as sepsis (blood infection), heart disease, and kidney problems.

Scabies disease not only affects physical health but also mental health. The physical discomfort and social stigma
associated with the condition can lead to embarrassment, social isolation, anxiety about contagion, low self-esteem,
and fear of re-infestation. These mental health impacts were experienced by 77% of those affected [7, 3]. Scabies
mainly affect low-income tropical areas, increasing the vulnerability of children and the elderly in areas with limited
resources [3]. According to a British epidemiological study (United Kingdom, 2014), scabies has a higher impact
in winter than in summer, with a 20-30% increase in cases during colder months, especially among women and
children [3]. The greatest impact of the disease is seen in low- and middle-income countries, where overpopulation
and lack of access to quality healthcare play a major role in promoting transmission [8].

Romani et al. [2] estimated the global scabies prevalence to be between 0.2% and 71.4%, depending on the
populations studied. In Ghana, a retrospective study of skin diseases at Korle Bu Teaching Hospital identified a
scabies disease rate of 5.1% [9]. However, the incidence of scabies across countries has not yet been systematically
reported. Information on scabies, both in general and within published sources, is limited. Despite scabies being
acknowledged as a common skin ailment in numerous impoverished rural and urban communities in Ghana, the
available evidence primarily comprises unreliable accounts. In general, scabies exert a greater impact in hot tropical
areas, where infestations are persistent and intermittent outbreaks occur [10]. Although there are effective
treatments, scabies is still classified as a tropical disease because there is no systematic approach to its treatment
[11].

The prevalence of scabies is very high in some countries, ranging from 32.1% to 74%, especially in crowded
places such as prisons, boarding schools, and orphan care centers [8]. In September 2019, an outbreak of the
disease was recorded in locations such as the East Mamprusi region of northern Ghana [8]. Fortunately, the World
Health Organization (WHO) formally identified scabies as neglected tropical disease in 2017 to raise awareness
and boost efforts to eliminate it [13]. Scabies is also included in the WHO Roadmap for Neglected Tropical
Diseases 2021-2030, which aims to end neglect to achieve Sustainable Development Goals. Among these, scabies
is a major disease [14]. To prevent and control the disease, it is important to have knowledge of the disease and
develop an effective prevention and control plan.

Recent studies have also applied SARIMA models to scabies incidence, such as Ghiebi et al. [15], who analyzed
vector-borne diseases including scabies in Iran, and Perez et al. [16], who studied scabies infections among wild
ibex in Spain. These studies highlight the utility of time-series models in understanding scabies dynamics across
different contexts.

The present study aimed to apply a time series and generalized linear model to forecast and identify months
with infections contributing to scabies diseases in the Bekwai Local Government Area of the Ashanti Region,
Ghana.
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Materials and Methods

Data Sonrce and Study Design

The data used in this research was secondary and consisted of monthly scabies case records extracted from the
Kokofu Hospital Information System, covering the period from January 2016 to May 2023. The data were obtained
with permission from the hospital administration and is not publicly available due to patient confidentiality
agreements

Time Series Model

Time series analysis is a statistical method used to analyze and interpret data points collected over a specific
time, typically at regular intervals [17]. The components of the time series refer to the distinct undetlying patterns
of variation within a time seties, that is, trend, seasonal, cyclic, and irregular components [18]. A time seties is
generally considered stationary if periodic variation is eliminated and there is no change in the mean (no trend) or
variance. Metrics like the mean and variance change over time and revert to long-term averages [19]. Several models
are commonly used in time-series analyses, and the features of the data mostly influence model selection. The
autoregressive (AR) model of order p, denoted as AR(p), expresses the current value of a time series ¥; as a linear
function of its past p-values. It is defined as:

p
Y, = Z brYeop +ut+ e
h=1 )

where €, is the error, p is the mean of the time seties, and ¢y, is the parameter.
On the other hand, moving average (MA) models predict future values by incorporating past forecast errors.
An MA(q) model of order q is represented by

q
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where 0}, are the parameters, and & and e;_j are the white noise processes.
The ARMA (p, q) model combines both AR and MA components to capture data dependencies. It is
formulated as:

p q
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Finally, the Autoregressive Integrated Moving Average (ARIMA) (p, d, q) model extends the Autoregressive
Moving Average (ARMA) by introducing differencing to make nonstationary data stationary. The model is
described as follows.

p q
W, = Z dnYep + Z Orer—i + U+ €
h=1 =1

where W, = A%Y, = (1 - B)?%Y,,d represents the differencing degree, and B is the backshift operator.

)

Seasonal Autoregressive Integrated Moving Average Models

Seasonal Autoregressive Integrated Moving Average (SARIMA) models are expansions of regular
Autoregressive Integrated Moving Average (ARIMA) models that can capture seasonal variations in time-series
data. These models help work with data that display seasonality or recurrent patterns at regular intervals such as
monthly, quarterly, or annual cycles. SARIMA (p, d, q) (P, D, Q)[s], where (p, d, q) denotes the non-seasonal
ARIMA components (P, D, Q)[s] denotes the seasonal ARIMA components, and is the acronym for the seasonal
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ARIMA model. For example, an ARIMA(1,1,1)(1,1,1)[4] model (without a constant) can be used for quarterly
data(m=4) as follows:

(1—-¢:B)(1—®BY)y, = (1+6,B)(1+0,;BYe,

While the SARIMA(1,1,2)(0,1,1) model requires the estimation of 17 parameters (12 for seasonality and 5 for
autoregressive and moving average components), the seven years of data (89 observations) are sufficient for model
fitting. Comparable models have been successfully applied to shorter time series in a similar study [20].

Various tests and models were utilized to assess the time series data. A unit root test, such as the Augmented
Dickey-Fuller (ADF) test or Kwiatkowski-Phillips-Schmidt-Shin (IKPSS) test, is employed to determine whether a
time series is stationary or requires differencing. The Phillips-Perron test is an extension of the Dickey-Fuller test
and tests the opposite hypothesis. To detect monotonic trends in the time series data, the Mann-Kendall test was
used. The test statistic was computed as follows:

52"2 i sgn(xl- —xj)

i=1 j=i+1
©)
where S represents the Mann-Kendall test statistic, n is the number of observations, and sgn(x; — x;) is the sign
of the difference between the i and j* observations. Positive values indicate an increasing trend, negative values
indicate a decreasing trend, and zero indicates no trend [21].
Welch’s t-test, a two-sample location test, was used to test for seasonal variations by comparing the means
across different periods. The test statistic is:

X1 — X
t =—
753
n

()
where X; denotes the sample mean, Szzl- is the sample variance, and N, is the sample size for populations i=1,2.
The Generalized Linear Model (GLM) extends the linear model framework to accommodate response variables
that follow distributions from the exponential family, such as normal, binomial, Poisson, and negative binomial
distributions [17]. For Poisson regression, the probability distribution is given by

Ae=t

x!

fled) =
(8)
where A represents the expected number of occurrences and the log-transformed model is log(Ai) = x'i. Parameters
B and 7 are estimated using the maximum likelihood, with 7 indicating the degree of dispersion.
The Negative Binomial distribution is expressed as:
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with the conditional mean E[yi/xi] = A = exif and vatiance Var [yi/xi] = exif (1+n2exip).

Model diagnostics include the Akaike Information Criterion (AIC) and Bayesian Information Criterion (BIC)
to assess the trade-off between model fit and complexity [22]. Also, the Ljung-Box Q-statistic test was used to
assess residual autocorrelation, ensuring that the model residuals are independent and free from significant
autocorrelation.

m 2
O =n(n+2) ) T

n
k=1 (10)

where 12 is the autocorrelation of the residuals at lag k; n is the number of residuals; and m is the number of time
lags included in the test.
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Forecast accuracy is measured by Root Mean Squared Error (RMSE) and Mean Absolute Percentage Error
(MAPE). RMSE is:

n
1
RMSE = |- (7, = 5)?
t=1

(11
where Y, is the actual value, J; is the forecasted value, and n is the sample size. MAPE is:
1w |4, —F,
MAPE = _Z —| X 100%
n = t
-~ (12)

where A; is the actual value, and F; is the forecast value. Lower RMSE and MAPE values indicate better model
performance.

Model Selection and Adeguacy

We used a combination of statistical metrics and diagnostic checks to determine the best model. Various
SARIMA models were evaluated, and the best model was considered the one with the lowest AIC, AICc, and BIC
values, which implied an optimal balance between fit and complexity. The Ljung-Box Q-test was used to evaluate
the seasonal trends and patterns in the data. Forecasting accuracy was assessed using MAPE and MASE, with
lower values indicating better forecasting performance.

Statistical Analysis

The analysis was performed using the R-console version 4.3.1 statistical package. To analyze the time series, we
applied Seasonal Autoregressive Integrated Moving Average (SARIMA) models to determine trends and seasonal
trends in the incidence of scabies. The parameters of the model were selected using the Akaike Information
Criterion (AIC) and Bayesian Information Criterion (BIC), with lower values indicating improved model fit. The
Corrected Akaike Information Criterion (AICc) was also used to account for small sample sizes, providing a more
accurate measure of model fit. Residual diagnostics were conducted with the Ljung-Box Q-test for independence
and absence of autocorrelation.

To model the count data, we compared Poisson and Negative Binomial regression models. We used the
Negative Binomial model since it can accommodate overdispersion, as favored by a lower AIC value. Model
performance was quantified by Mean Absolute Percentage Error (MAPE) and Mean Absolute Scaled Error
(MASE), with lower values indicating more accurate forecasting. Statistical tests were conducted at a 0.05
significance level in all instances.

The stationarity of the scabies time-series data was assessed using Augmented Dickey-Fuller (ADF) and
Kwiatkowski-Phillips-Schmidt-Shin (KKPSS) tests. The test revealed that the original data were not stationary at a
5% significance level. To address this, first-order differencing was applied to remove the trend component by
subtracting each observation from the previous one, seasonal differencing was also employed resulting in a
stationary and non-seasonal series.

Poisson and Negative Binomial regression models were used to analyze the incidence of scabies. The Poisson
model assumes that the mean and variance of count data are equal. However, this assumption often leads to
overdispersion when the variance exceeds the mean, which is a common characteristic of real-world data.
Overdispersion can result in a Poisson model underestimating the standard errors, leading to misleading
conclusions [23]. To address overdispersion, we employed a Negative Binomial regression model, which includes
an additional dispersion parameter to accommodate the variability in the data better.

Data Splitting and Model V alidation

The dataset comprising 89 monthly observations from January 2016 to May 2023 was chronologically divided
into training and test sets to ensure robust model validation. The training set comprised 71 observations (January
2016 to November 2021), representing approximately 80% of the total dataset, while the test set included the final
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18 observations (December 2021 to May 2023), representing 20% of the data. This chronological split preserves
the temporal structure essential for time series validation and allows assessment of the model's forecasting
performance on unseen future data. The SARIMA model was fitted using the training data, and forecasting

accuracy was subsequently evaluated on the test set using established metrics, including Mean Absolute Percentage
Error (MAPE), Mean Absolute Scaled Error (MASE), ACF1, and Theil's U statistic.

Forecast Accnracy Metries

Autocorrelation Function at lag 1 (ACF1) measures the correlation between consecutive forecast errors, with
values closer to zero indicating better model petformance and absence of systematic bias in residuals. Theil's U
statistic is a relative accuracy measure comparing forecast performance to a naive benchmark, where values less
than 1 indicate superior forecasting performance compared to a simple random walk model. Mean Absolute
Percentage Error (MAPE) provides a percentage measure of forecasting accuracy, while Mean Absolute Scaled
Error (MASE) offers a scale-independent measure that compares forecast accuracy against a seasonal naive
forecast.

Results

The dataset comprises 89 observations of monthly scabies cases, ranging from a minimum of 99 to a maximum
of 412 cases, with an average of 259.10 cases and a standard deviation of 75.79.

Exploratory Data Analysis and 1 isualization

Initial data exploration revealed that the scabies case data are slightly right-skewed (skewness = 0.23) and have
heavier tails (kurtosis = 2.22) than a normal distribution. Figure 1 reveals several key insights: there is a consistent
rise in scabies cases within the region over time, as shown by the upward slope in the trend component. From
Figure 1, a distinct seasonal trend is evident, with scabies reaching its highest levels during the dry seasons (typically
June-August) and its lowest levels during the rainy seasons (usually September-November). The remainder of the
component shows fluctuations in the data that are not explained by trends or seasonal patterns, which appear to
be relatively small compared with the overall signal.

P\-./‘/ ‘\/A\ ._,/ \"{ (\\/'\
\/ \ / ' \J D

data

\/\/ : \‘v’/\'“'\v / \,/"’/V f\/ Nl N

rend

seasonal
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Figure 1. A decomposed plot of the scabies time series data.

The Mann-Kendall test confirmed a significant upward trend (p = 0.006), while Welch's test demonstrated
significant seasonality (p = 0.009) in the scabies case data (Table 1),
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Table 1. Mann-Kendall and Welch Tests for Trend and Seasonality.

Test Test Statistic ‘ P-Value ‘ Conclusion
Mann-Kendall | 4.32 0.006 Significant upward trend
Welch 3.75 0.009 Significant seasonality present

Stationarity Analysis

Stationarity analysis revealed that the original time series data were non-stationary, requiring first-order
differencing to achieve stationarity (Table 2).

Table 2. Tests for stationarity of scabies cases.

Test | Order of Differencing p-value Conclusion

ADF | Original Data 0.062 | Not Stationary
After First Differencing | 0.01 Stationary
KPSS | Original Data 0.01 Not Stationary
After First Differencing | 0.1 Stationary
Welch | Original Data 0.01 Seasonal
After Differencing 0.92 Not Seasonal

Model Selection and Adegnacy

Table 3 presents a comparison of various SARIMA models based on their Akaike Information Criterion (AIC),
Cortrected Akaike Information Criterion (AICc), and Bayesian Information Criterion (BIC) scores. Among the
models evaluated, SARIMA (1,1,2)(0,1,1) recorded the lowest AIC (866.79) and BIC (878.44) values, indicating
that it provides the best balance between model fit and complexity. This suggests that the SARIMA(1,1,2)(0,1,1)
model is the most appropriate for forecasting scabies incidence in the study setting

Table 3. Comparison of SARIMA models based on AIC, AICc, and BIC.

SARIMA Model AIC AICc BIC

SARIMA(0,1,3)(0,0,1) | 977.06 | 977.79 | 989.44
SARIMA(1,1,2)(1,0,0) | 977.84 | 978.58 | 990.23
SARIMA(1,1,1)(0,0,1) | 981.02 | 981.50 | 990.92
SARIMA(1,1,3)(0,0,1) | 979.00 | 980.04 | 993.87
SARIMA(2,1,2)(1,0,0) | 979.48 | 980.52 | 994.35
SARIMA(0,1,3)(0,1,0) | 884.39 | 884.95 | 893.71
SARIMA(1,1,2)(0,1,1) | 866.79 | 867.65 | 878.44
SARIMA(0,1,3)(1,1,0) | 872.96 | 873.82 | 884.62
SARIMA(0,1,3)(1,1,1) | 869.20 | 870.42 | 883.19
AIC: Akaike Information Criterion;

AlCc: Corrected Akaike Information Criterion;
BIC: Bayesian Information Criterion

Model Adequacy, Residnals Diagnostic, Parameter Estimates, and Forecast Accuracy

The SARIMA(1,1,2)(0,1,1) model was evaluated using various tests of model adequacy, residual diagnostics,
and forecast accuracy. The parameter estimates are also presented below, confirming the adequacy of the
SARIMA(1,1,2)(0,1,1) model for forecasting scabies cases in the Ashanti Region, as indicated in Table 4.
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Table 4. Model adequacy, residuals diagnostic, parameter estimates, and forecast accuracy for

SARIMA(1,1,2)(0,1,1).

Category ‘ Metric/Test Value ‘ Conclusion
Ljung-Box Test Statistic 7.55 Model is appropriate
Model Adequacy ]ng’ngBox P-Value | 09113 P
Residuals Diagnostic Lilliefors Test Statistic | 0.093 | Residuals normally distributed
Lilliefors P-Value 0.062
AR1 Coefficient -0.76 Standard Error: 0.08
Parameter Estimates MAT1 Coefficient 0.26 Standard Error: 0.13
MA2 Coefficient -0.74 Standard Error: 0.11
SMAT1 Coefficient -0.67 Standard Error: 0.15
Training Set MAPE 18.89
Test Set MAPE 17.65
Forecast Accuracy Training Set MASE 0.60
Test Set MASE 0.68
Test Set ACF1 0.06
Test Set Theil’s U 0.87

Extended Forecasted 1 alues

The SARIMA (1,1,2) (0,1,1) model was trained on the full dataset (January 2016 to May 2023) and used to
generate out-of-sample forecasts for June 2023 to May 2025, as shown in Table 5. The extended forecast values
for scabies cases from June 2023 to May 2025 using the SARIMA(1,1,2)(0,1,1) model, along with 95% confidence
intervals, are presented below. Based on the forecast, after an initial dip, scabies cases are projected to increase
over time with steady fluctuations. The extended forecast indicates a similar pattern to the previous forecast: a dip
in cases in mid-2023 followed by a steady rise through mid-2025, with seasonal fluctuations.

Table 5. Extended forecasted values for scabies cases.

Month ‘Forecast Lower (95%) Upper (95%)

Jun 2023 315 187.3441 443.5746
Jul 2023 259 117.5761 401.6524
Aug 2023 326 183.2671 469.9287
Sep 2023 373 221.0351 525.4804
Oct 2023 318 164.3329 473.5125
Nov 2023 317 156.3055 478.5499
Dec 2023 276 112.0051 440.3227
Jan 2024 315 145.6561 484.5456
Feb 2024 290 117.4257 463.0270
Mar 2024 290 113.1144 467.9087
Apr 2024 288 107.5599 469.3446
May 2024 334 149.4439 519.5338
Jun 2024 349 160.6445 538.6102
Jul 2024 293 114.3224 473.5419
Aug 2024 364 176.3891 553.3555
Sep 2024 415 218.9127 613.0401
Oct 2024 355 156.5973 555.1301
Nov 2024 | 354 147.2683 561.1240
Dec 2024 307 99.4834 516.2697
Jan 2025 352 137.9125 566.1266
Feb 2025 320 104.3429 536.4940
Mar 2025 320 100.4312 541.0307
Apr 2025 318 94.2989 542.6500
May 2025 369 134.1276 604.9608
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Regression Model Comparison: Poisson vs. Negative Binomial

The Negative Binomial model demonstrated superior performance with significantly lower AIC and BIC values
(1039.6 vs. 2496.4 and 1071.9 vs. 2526.2, respectively), indicating a better fit for the data. The Negative Binomial
model results revealed significant overdispersion, evidenced by a high dispersion parameter of 23.43 and a very
low p-value (5.34¢-14). Significant increases in scabies cases were observed in June and July, whereas November
and December saw significant decreases, highlighting seasonal patterns and variability in the incidence of scabies.

Table 6. Negative binomial regression model output.

Month Estimate Pr(>|z])

January - -
February |-0.064807 | 0.650

March [-0.134621| 0.346
April [-0.081201] 0.570
May  |-0.005844| 0.967
June | 0.111018 | 0.043
July | 0.173004 | 0.024

August | 0.013673 | 0.926

September | 0.084853 | 0565

October | 0.124852 | 0.059

November [-0.130672 | 0.037

December |-0.208334| 0.015

Discussion

This study demonstrated a significant upward trend in scabies incidence in the Ashanti Region of Ghana, with
distinct seasonal patterns peaking during the dry season. The SARIMA(1,1,2)(0,1,1) model provided accurate
forecasts, while the Negative Binomial regression model identified significant seasonal vatiations.. The
SARIMA(1,1,2)(0,1,1)[12] model has emerged as the most suitable for forecasting monthly scabies incidence. This
model effectively captured the seasonal patterns observed in the data, with peak incidence occurring during the
wet season. The time-series analysis revealed a consistent increase in scabies cases over the study period,
highlighting the growing public health concern. The distinct seasonal trend, with cases peaking during the dry
season and reaching their lowest points during the rainy season, underscores the importance of seasonal
preparedness in healthcare facilities. The Negative Binomial regression model outperformed the Poisson model,
indicating significant overdispersion in the data. This model identified significant seasonal variations, with a notable
increase in the number of cases from June to October. July emerged as the month with the highest incidence,
providing crucial information for resource allocation and public health planning. Our findings align with recent
studies that have employed SARIMA models to analyze scabies incidence. For instance, Perez et al. [16] reported
similar seasonal patterns in scabies infections among wild ibex, while Ghiebi et al. [15] demonstrated the
applicability of SARIMA models to vector-borne diseases, including scabies and also align with the literature on
scabies in tropical regions, which often reports a higher prevalence in crowded living conditions and among
vulnerable populations such as children and the elderly. The seasonal pattern observed may be related to factors
such as changes in hygiene practices, population movements, or environmental conditions that favor mite survival
and transmission. The forecasted increase in scabies incidence underscores the need for sustained public health
interventions. The seasonal patterns identified in this study provide valuable insights for resource allocation,
particularly during peak months (June to October). Our study is one of the first to apply SARIMA and Negative
Binomial models to scabies incidence in a resource-limited setting. The findings align with previous studies that
have reported seasonal patterns in scabies infections, such as Perez et al. [16], who observed similar trends in wild
ibex populations.

This study has several limitations. First, the data were obtained from a single hospital, which may limit the
generalizability of the findings. Second, the time series was relatively short (89 months), which may affect the
stability of the model parameters. Future studies should aim to include data from multiple sources and over longer
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periods. The findings of this study have important implications for public health policy and practice. By anticipating
periods of high incidence, healthcare facilities can better prepare for increased demand and implement targeted
interventions. Future research should explore the impact of environmental and socioeconomic factors on scabies
transmission. While this study did not explicitly analyze the influence of sex or gender on scabies incidence,
previous research has shown that children and the elderly are more vulnerable to scabies infections. Future studies
should explore the role of demographic factors in scabies transmission

Clinical and Public Health Implications

The findings from this study have several important implications for healthcare planning and scabies
management in the Ashanti Region and similar settings. Healthcare facilities should enhance their preparedness
for scabies cases during peak transmission periods, particularly from June to October, by ensuring adequate
medication supplies and staffing allocation. Public health authorities should implement targeted awareness
campaigns focusing on prevention strategies, symptom recognition, and treatment adherence, timed to precede
and coincide with peak seasons.

The establishment of robust surveillance systems utilizing the forecasting models developed in this study would
facilitate early detection of potential outbreaks and enable timely intervention measures. Resource allocation
strategies should incorporate the seasonal patterns identified, with increased healthcare capacity during predicted
high-incidence months. Community-based preventive measures targeting overcrowded living conditions,
improved hygiene practices, and enhanced access to clean water represent critical components of comprehensive
scabies control programs.

Healthcare worker training programs should emphasize rapid diagnosis and appropriate treatment protocols,
particularly in preparation for seasonal peaks. Integration of these forecasting models into existing health
information systems could support evidence-based decision making and optimize healthcare resource utilization
in resource-limited settings like the study location.

Conclusion

This study demonstrated the effectiveness of combining time-series analysis and generalized linear models in
understanding and predicting the incidence of scabies. The SARIMA(1,1,2)(0,1,1) model provides a reliable tool
for forecasting monthly cases, whereas the Negative Binomial regression model offers insights into seasonal
variations. This research highlights a concerning upward trend in scabies cases in the Ashanti Region, with clear
seasonal patterns. The highest incidence occurred during the wet season, particularly from June to October, with
July showing the most significant increase in incidence. Conversely, November and December showed a significant
decrease in the cases. These findings have important implications in public health planning and resource allocation.
By anticipating periods of high incidence, healthcare facilities can better prepare for increased demand and
implement targeted interventions measures. The forecasted increase in scabies incidence underscores the need for
sustained public health interventions. The seasonal patterns identified in this study provide valuable insights for
resource allocation, particularly during peak months (June to October).
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