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Abstract Brucellosis, primarily caused by Brucella abortus, is a significant zoonotic disease that
negatively impacts both public health and the livestock economy, especially in regions dependent
on animal husbandry. This study evaluated the spatial distribution and estimated the relative risk
(RR) of B. abortus infections in Malaysia from 2018 to 2024, using two statistical methods: the
Standardized Mortality Ratio (SMR) method and the Bayesian Poisson-Gamma model. Disease
incidence data were obtained from the World Organization for Animal Health (WOAH), and
analyses were performed using R Programming and ArcGIS software to generate risk estimates
and create spatial disease maps for 14 Malaysian states. The SMR method provided initial risk
estimates but showed limitations in regions with zero reported cases, often underestimating
potential disease burden. In contrast, the Poisson-Gamma model produced more nuanced and
robust risk estimates, identifying additional high-risk areas such as Kuala Lumpur and Sarawak,
where the SMR method indicated no observed risk. This discrepancy highlights the Bayesian
model’s strength in addressing data sparsity and underreporting. Both models consistently
identified Perlis, Perak, and Johor as very high-risk states. The study concludes that the Poisson-
Gamma model offers superior performance in detecting spatial risk patterns of B. abortus,
particularly in areas with incomplete surveillance data. However, its limitations include reduced
flexibility in adjusting for covariates and spatial dependencies. These findings also highlight the
importance of using advanced spatial modeling techniques in disease surveillance to inform
targeted interventions, optimize resource allocation, and support evidence-based policy
development for managing brucellosis and similar zoonotic diseases.

Keywords: Brucella Abortus, Relative Risk Estimation, Disease Mapping, Classical Approach,
Bayesian Approach.

Introduction

Brucellosis, primarily caused by Brucella abortus, remains one of the most significant zoonotic diseases,
severely impacting public health and the global economy [1, 2]. The disease is transmitted between
animals and humans through direct contact with infected animals or their products, such as
unpasteurized milk [3, 4]. In livestock, B. abortus causes reproductive failures, including abortions,
infertility, and decreased milk production, which are directly linked to substantial economic losses for
farmers [5, 1, 6]. The zoonotic nature of the disease further increases its impact, as it can be transmitted
to humans, resulting in Malta fever, which leads to long-term health complications [7, 2].

Globally, the annual human burden of brucellosis is estimated to exceed 2.1 million cases, with rural and
agriculture-dependent regions disproportionately affected due to their proximity to livestock farming [8].
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Approximately 500,000 new cases occur each year in developing countries, with Southeast Asia
accounting for a significant portion of this burden [9, 10]. In this region, Malaysia has reported increasing
case numbers in recent years, consistent with broader trends in developing nations [10]. Studies have
confirmed significant geographical variation in the distribution of B. abortus worldwide, highlighting the
need for region-specific risk assessments [11-13].

In Malaysia, brucellosis remains a significant challenge despite substantial efforts to manage and control
the disease, particularly infections caused by B. abortus. The livestock sector is vital to the national
economy, with cattle farming serving as a primary source of livelihood in many rural areas. Effective
brucellosis control is therefore essential for safeguarding both public health and economic stability [5, 9].
B. abortus infections cause serious reproductive issues in cattle, leading to economic losses and posing
zoonotic risks to humans [14, 7, 15]. Data from 2018 to 2024 show considerable year-to-year variability
in prevalence (Figures 2 and 3), with periodic resurgences highlighting gaps in surveillance and control
measures [9, 16, 17].

Despite these challenges, previous studies in Malaysia have largely relied on descriptive epidemiology
or basic spatial analyses, which often have limitations in handling small-area data, underreporting, and
instability in risk estimation [18]. Specifically, conventional methods such as crude rates or Standardized
Mortality Ratios (SMR) method can produce unstable estimates in regions with sparse or zero cases
[19-20], while more advanced Bayesian smoothing approaches such as the Poisson-Gamma model [21-
22] remain underexplored in the context of brucellosis mapping in Malaysia.

To address these methodological gaps, this study aims to compare the performance of SMR and
Poisson-Gamma models in estimating the Relative Risk (RR) of B. abortus across Malaysian cattle
populations and to assess their usefulness in identifying high-risk areas through disease mapping. These
methods were selected for their established utility in disease mapping [23-24]: SMR method is widely
used for initial risk assessment but is limited by high variance in small areas [20, 19, 18], while the
Poisson-Gamma model incorporates Bayesian smoothing to stabilize estimates and improve accuracy
in low-count settings [21, 22, 25], a common issue in veterinary surveillance data [26]. Disease mapping
displays the geographical distribution of disease occurrence using noisy observed data on disease rates
[27]. In other words, disease mapping displays the geographical variability of the disease on maps using
different colours or shading. With advancements in computational tools, disease mapping has become
widely used in descriptive epidemiology [28]. Disease maps can help government agencies allocate
resources effectively and evaluate the performance of public health interventions [24]. In any case, maps
must be designed to communicate effectively with the public, health researchers, and decision makers
[29, 28, 30, 31]. The use of disease mapping and advanced statistical models in this study offers a
promising approach to enhancing disease surveillance and control, ensuring that resources are directed
to high-risk areas and contributing to a reduce the economic burden of brucellosis in Malaysia.

Materials and Methods

Data Source and Study Area

In this study, all observed B. abortus incidence data and data on the exposed livestock population in
Malaysia from 2018 to 2024 were obtained from the World Organization for Animal Health (WOAH). This
dataset provides the annual number of reported cases during the study period. The study area includes
13 states in Malaysia: Perlis, Kedah, Pulau Pinang, Perak, Selangor, Negeri Sembilan, Melaka, Johor,
Kelantan, Terengganu, Pahang, Sabah, and Sarawak, as well as one Federal Territory, Kuala Lumpur.
To reduce complexity, both the states and the Federal Territory are collectively referred to as states in
this study.

Software

Data analysis and visualization were conducted using R version 4.3.1 for statistical computation and
graphing [32-33], and ArcGIS Pro version 3.1 for spatial mapping and risk visualization [34-35]. The
study’s overall findings are presented in tables and figures, with risk maps for B. abortus generated from
computed data.

Rationale for Model Selection

Disease mapping is a strategic tool for risk assessment that the Department of Veterinary Services (DVS)
Malaysia can use to identify high-risk areas. It is also importance in research, particularly in public health
and epidemiology [36, 2]. For B. abortus, disease mapping generated with ArcGIS software can help
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DVS Malaysia in pinpoint regions with a high concentration of infection cases. Identifying these high-risk
areas is essential for supporting DVS Malaysia’s control intervention strategies, including culling and
slaughtering measures, to manage B. abortus outbreaks in cattle herds nationwide [37-39]. In this
section, the existing models used in disease mapping studies are described and applied. Commonly
used models in such studies include non-spatial models, spatial models, and space-time models [40-
42]. For this study, the Standardized Mortality Ratio (SMR) method and the Poisson-Gamma model were
selected to address specific methodological gaps in B. abortus risk estimation in Malaysia. The SMR
method provides a straightforward, non-spatial baseline estimate of relative risk (RR), which is useful for
initial identification of high-risk areas [23]. However, SMR method estimates can be unstable in regions
with small or zero case counts, potentially leading to misleading risk interpretations [20, 19]. To address
this limitation, the Poisson-Gamma model, a Bayesian hierarchical approach was applied [21, 25]. This
model incorporates prior information and smooths risk estimates, improving stability and accuracy in low-
count settings [22], which is particularly relevant for underreported diseases such as brucellosis [26, 24].
Comparing these two methods allows for an evaluation of their respective strengths and limitations in
the context of veterinary disease surveillance [18]. The analysis of RR estimation begins with the SMR
method, which is widely used in disease mapping studies to assess disease incidence in a particular
area. This is followed by the application of the Poisson-Gamma model to estimate the RR of B. abortus
infection in Malaysia.

Standardized Mortality Ratio (SMR) Method

The SMR method is a widely used epidemiological measure employed for initial disease mapping to
estimate relative risk (RR) [43, 20]. In this study, the SMR method is calculated by comparing the
observed number of B. abortus cases (0;) within a specific region to the expected number of B. abortus
(E;), derived from a reference population. This method has traditionally been used for analyzing case
counts within tracts, as described by Lawson [23]. In disease mapping, the study area is assumed to be
divided into Z mutually exclusive regions (i = 1,2, ..., Z), where each region has its own observed number
of B. abortus cases (0;) and expected number of B. abortus cases (E;). Based on the values of 0; and
E; obtained from the World Organization for Animal Health (WOAH) data, the RR §;, which is the SMR
method for region i, can be calculated using the following equation:

§=%i=12,..,2 1)

E;

In general, the SMR method strategy offers a straightforward risk comparison tool through the application
of equation (1) for Malaysian regions, highlighting both high-risk and low-risk areas for B. abortus
infection. This ratio serves as a fundamental indicator for the Department of Veterinary Services (DVS)
Malaysia to identify regions that require policy improvements and enhanced control measures. However,
the SMR method approach has limitations, particularly in areas with no observed cases, as it inherently
assigns a risk value of zero, which may misrepresent the actual disease burden [44-46]. Therefore, the
application of Bayesian methods is necessary, as they improve the accuracy of detecting disease
patterns [47, 48, 19, 49].

Poisson-Gamma Model

Considering the shortcomings of the SMR method approach, the Poisson-Gamma model has emerged
as a preferred Bayesian method recommended by numerous scholars [21, 22, 50]. This study employs
the Poisson distribution due to its suitability for modeling count-based data. Within this framework, it is
assumed that the number of newly reported infections, denoted as z;;, follows a Poisson distribution
across a specific time interval, where both the mean and variance are defined as e;j0;;. In this context,
i=12,..,P indicates the geographical areas under investigation, while j =1,2,...,Q refers to the
respective periods. The term e;; represents the expected count of new infections, and 6;; denotes the
estimated relative risk (RR):

Zijl €ij» 9,:]'~POiSSOTl(€ij9ij). (2)

The RR parameter follows a gamma prior distribution, with parameters a and :
0;j~Gamma(a, f). 3)
According to Lawson et al. [25], the prior parameter values a and (8 in the Poisson-Gamma model are

unknown, and the hyperparameter values are assumed to be 0.1. In this study, the model-based prior
estimates for RR are set at 0.5 for a and 0.0001 for (3.
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Risk Visualization

For Malaysian B. abortus data, relative risk (RR) estimates from the traditional Standardized Mortality
Ratio (SMR) method and Poisson-Gamma model were visualized as thematic maps in ArcGIS, with risk
categories defined by quartiles of the estimated RR [18]. An RR value close to one (RR=1) indicates that
individuals in a particular group are not significantly different from the overall population in their likelihood
of contracting the disease. An RR value below one (RR<1) indicates that the population in the area has
a lower probability of contracting the disease compared to the general population. Conversely, an area
with an RR value greater than one (RR>1) indicates that its inhabitants have a higher likelihood of
contracting the disease compared to the overall population [51-53].

Analytical Workflow

The analytical process followed a structured sequence, as summarized in Figure 1. The first phase
involved data acquisition and preparation. Observed case counts and exposed cattle population data at
the state level for 2018 to 2024 were obtained from the World Organization for Animal Health (WOAH).
After cleaning and validation, these data were aggregated into 14 administrative regions. For each
region-year unit, expected case counts were calculated using indirect standardization, with national
incidence rates as the reference population. The second phase focused on estimating relative risk (RR).
Using the prepared observed and expected counts, RR was calculated independently through two
methodological frameworks: the classical Standardized Mortality Ratio (SMR) method and a Bayesian
Poisson-Gamma model. This dual approach enabled direct comparison between frequentist and
hierarchical Bayesian estimators.

In the third phase, results from the two models were systematically compared. A quantitative comparison
of the RR values was performed, followed by a reclassification analysis to examine how risk categories
(e.g., low, moderate, high) assigned by the SMR method differed from those assigned by the Poisson-
Gamma model, thereby assessing model performance and consistency. The final phase included
visualization, interpretation, and output generation. Results were visualized using R and ArcGIS Pro to
create comparative graphs and detailed risk maps. This synthesis enabled the identification of persistent
high-risk regions and the assessment of model performance. The workflow was designed to provide
actionable insights, including targeted policy recommendations for intervention and priority areas for
improving epidemiological surveillance.
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Figure 1. Analytical Workflow for Estimating and Visualizing Regional Disease Risk
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Results and Discussion

Temporal Trend

The epidemiological trend of B. abortus incidence in Malaysia from 2018 to 2024, as shown in Figure 2,
reveals a complex temporal pattern with significant year-to-year variation, reflecting possible changes in
both disease transmission and national surveillance efforts. The annual case count, reported through
national surveillance, started at 196 in 2018 and declined steadily to a low of 53 in 2021. A marked
resurgence to 158 cases occurred in 2022, followed by decreases to 66 in 2023 and 52 in 2024. This
pattern of decline, resurgence, and subsequent decline suggests a non-stationary epidemic process,
potentially influenced by external factors.

The notable resurgence in 2022 may indicate a decline in the long-term effectiveness of control
measures such as livestock vaccination or movement restrictions, or changes in local transmission
dynamics influenced by environmental, demographic, or husbandry factors [9, 16, 54, 55]. Similar post-
suppression resurgences in brucellosis epidemiology are well documented, studies often associate such
rebounds with gaps in sustained vaccination coverage [9], reductions in surveillance intensity [26], or the
introduction of infection through livestock trade [27-28]. These recurring patterns highlight the challenge
of maintaining durable disease control and underscore the need for adaptive, resilient public health and
veterinary strategies that can respond to shifting risk landscapes.
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Figure 2. Incidence of Brucella Abortus Cases from 2018 to 2024

Spatial Distribution

Figure 3 shows the spatial distribution of B. abortus cases across Malaysian states from 2018 to 2024.
The highest cumulative case counts were in Pahang (134 cases), Negeri Sembilan (129 cases), and
Melaka (126 cases), followed by Selangor (110 cases) and Johor (105 cases). Terengganu and Pulau
Pinang consistently reported lower incidence throughout the period, while all other states recorded
between 0 and 19 cases.

This marked geographical heterogeneity may be influenced by several factors, including differences in
livestock density, regional animal husbandry and management practices, environmental conditions, and
proximity to cross-border livestock trade routes [27, 56]. Previous studies in similar settings have linked
higher brucellosis incidence to intensive dairy farming and less stringent biosecurity measures [57, 6].
Additionally, differences in surveillance intensity and reporting completeness across states could
contribute to the observed pattern, as noted in prior research on zoonotic disease surveillance in
Malaysia [58]. These factors collectively highlight the need for targeted, state-specific interventions and
strengthened surveillance systems to address the underlying drivers of disease persistence.
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Figure 3. Total Number of Brucella Abortus Cases Reported for each State in Malaysia from 2018
to 2024

Relative Risk Estimation of Brucella Abortus

This study presents the estimated relative risk (RR) outcomes using the existing models, namely the
Standardized Mortality Ratio (SMR) method and the Poisson-Gamma model, for all 14 states in Malaysia
over seven years from 2018 to 2024, as shown in Table 1. Table 1 displays the numerical RR values
derived from both models. During the study period, several states recorded RR values less than one
(RR<1), indicating that the observed number of B. abortus cases (0;) was lower than the expected
number of cases (E;) in those states according to both models. Five states in Malaysia recorded RR
values less than one (RR<1), namely Negeri Sembilan, Kedah, Selangor, Terengganu, and Sabah under
both models.

Table 1. Relative Risk Based on the SMR Method and Posterior Expected Relative Risks Based on the
Existing Model (Poisson-Gamma Model) for Brucella Abortus Cases from 2018 to 2024

State SMR Method Poisson-Gamma Model
Perlis 18.96 19.47
Kedah 0.88 0.90
Pulau Pinang 1.55 1.57
Perak 6.95 7.27
Kuala Lumpur 0.00 9.48
Selangor 0.77 0.78
Negeri Sembilan 0.98 0.98
Melaka 1.29 1.30
Johor 3.71 3.73
Pahang 1.02 1.02
Terengganu 0.40 0.40
Kelantan 1.01 1.06
Sabah 0.05 0.07
Sarawak 0.00 9.48

Standardized Mortality Ratio (SMR) Method

Based on the SMR method (Table 1, Figure 4), seven states had a relative risk (RR) greater than one
(RR>1), indicating that the observed number of B. abortus cases exceeded the expected number from
2018 to 2024: Perlis (18.96), Perak (6.95), Johor (3.71), Penang (1.55), Melaka (1.29), Pahang (1.02),
and Kelantan (1.01). Five states had an RR less than one (RR<1): Negeri Sembilan (0.98), Kedah (0.88),
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Selangor (0.77), Terengganu (0.40), and Sabah (0.05). Kuala Lumpur and Sarawak were assigned an
RR of 0 because no cases were reported. These results differ from estimates obtained using the Poisson-
Gamma model.
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Figure 4. Plot of Estimated Brucella Abortus Relative Risk using the Standardized Mortality Ratio (SMR)
Method from 2018 to 2024

Poisson-Gamma Model

The Poisson-Gamma model produced notably different results, generating non-zero relative risk (RR)
estimates for all states and smoothing extreme values (Table 1, Figure 5). Under this model, nine states
showed an RR greater than one (RR>1), indicating that observed B. abortus cases exceeded
expectations from 2018 to 2024. These include the seven states identified by the SMR method (Perlis,
Perak, Johor, Penang, Melaka, Pahang, and Kelantan), as well as Kuala Lumpur and Sarawak (RR=9.48
for both). This contrasts sharply with the SMR method, which assigned an RR of 0 to Kuala Lumpur and
Sarawak due to zero reported cases. The model's ability to assign elevated risk in areas with no observed
cases highlights a key limitation of the SMR approach.
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Figure 5. Plot of Estimated Brucella Abortus Relative Risk using the Poisson-Gamma Model from 2018
to 2024
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Model Comparison and Interpretation

The Poisson-Gamma model consistently produced higher and more stable relative risk (RR) estimates
than the Standardized Mortality Ratio (SMR) method, especially in states with low or zero case counts
[21, 20]. This difference occurs because the Bayesian approach incorporates prior information and
shrinks estimates toward the mean, reducing the influence of sampling variability [19, 25, 23] and better
accounting for underreporting [26, 24]. A notable example is Kuala Lumpur and Sarawak, which shifted
from RR=0 under SMR method to RR = 9.48 under the Poisson-Gamma model. This quantitative
reclassification of two states from zero-risk to very high-risk changed the status of 2 out of 14 states,
representing a 14.3% change in high-risk designations. This shift demonstrates the model’s utility in
settings with sparse or unreliable surveillance data. Overall, Table 1 shows significant discrepancies in
identifying high- and low-incidence regions for B. abortus across Malaysian states, depending on the
model used. Therefore, RR estimation using the Poisson-Gamma model addresses a key shortcoming
of the SMR method, particularly in areas with no observed cases. This suggests that cattle populations
in states such as Kuala Lumpur and Sarawak may have a higher likelihood of B. abortus exposure than
raw surveillance data indicate. The elevated risk in these states is likely due to underreporting and
underdiagnosis, as noted in studies of zoonotic disease surveillance in Malaysia and similar settings
[58], along with the persistent demand for raw dairy products in potential brucellosis hotspots [4, 59, 60].
Additionally, cross-border livestock trade, particularly in Borneo, may further contribute to the increased
risk [61, 62, 63, 57].

Brucella Abortus Disease Mapping in Malaysia

The geographical distribution of B. abortus risk across Malaysian states from 2018 to 2024 was
visualized using thematic maps based on relative risk (RR) estimates derived from the Standardized
Mortality Ratio (SMR) method and Poisson-Gamma model. A color-graded thematic mapping approach
was used to improve interpretability and clearly distinguish different risk levels [27, 43, 33]. This method
enables visual identification of high- and low-risk zones, which is essential for guiding targeted
interventions [28, 12, 64].

RR values were grouped into five levels: very low risk [0.0, 0.5), low risk [0.5, 1.0), medium risk [1.0,
1.5), high risk [1.5, 2.0), and very high risk [2.0, «). This classification was chosen because it aligns with
established epidemiological mapping practices and provides a policy-relevant gradient that clearly
differentiates regions with below-average (RR<1), moderately elevated (RR 1.0-1.5), and substantially
elevated risk (RR=1.5) [18]. A continuous color scale was applied across the 14 states, ranging from the
lightest shade for very low risk to the darkest for very high risk.

Figure 6 shows the SMR-based thematic map for 2018 to 2024. According to this classification, Perlis
(RR=18.96), Perak (RR=6.95), and Johor (RR=3.71) were categorized as very high-risk states. Penang
(RR=1.55) was classified as high risk, while Melaka, Kelantan, and Pahang (RRs between 1.01 and
1.29) were assigned to the medium-risk category. The remaining states were mapped as low or very low
risk. However, this approach does not account for uncertainty in areas with no reported cases, such as
Kuala Lumpur and Sarawak, which were assigned an RR of 0 and therefore appeared without observable
risk on the map.

Figure 7 shows the corresponding thematic map based on the Poisson-Gamma model, which addresses
this limitation by accounting for uncertainty in regions with zero cases. This adjustment resulted in a
notable reclassification: Kuala Lumpur and Sarawak shifted from “no observed risk” under SMR method
to “very high risk” under the Poisson-Gamma model (RR=9.48 for both). As a result, five states (Perlis,
Perak, Johor, Kuala Lumpur, and Sarawak) were classified as very high risk using the Poisson-Gamma
model, compared to only three under SMR method. Penang remained high risk, and Melaka, Kelantan,
and Pahang remained medium risk. All other states retained their low or very low risk classifications.

Although both models consistently identified Perlis, Perak, and Johor as core high-risk zones, the
Poisson-Gamma model provided a more refined spatial assessment, especially for regions with sparse
or unreported data. The elevated risk in these areas may be associated with factors such as high
livestock density, cross-border animal movement, and surveillance gaps [61, 62, 65, 56]. For Penang,
the high-risk status may be due to challenges in managing disease transmission across urban—rural
interfaces and intensive dairy farming [62, 66]. In contrast, the medium- to low-risk classifications in other
states may reflect stricter veterinary controls, geographical isolation, or more effective regulatory and
surveillance systems [61, 62, 56].
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Relative Risk Estimation for Brucella Abortus Disease Mapping in Malaysia:
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Figure 6. Standardized Mortality Ratio Method Map for Brucella Abortus Cases during the years 2018 to 2024
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Figure 7. Poisson-Gamma Model Map for Brucella Abortus Cases during the years 2018 to 2024

Conclusions

This study compared the Standardized Mortality Ratio (SMR) method and the Poisson-Gamma model
for estimating the relative risk (RR) of B. abortus in Malaysian cattle populations from 2018 to 2024. The
findings indicate that the Poisson-Gamma model provides a more robust estimation of spatial risk,
especially in regions with zero or sparse reported cases, such as Kuala Lumpur and Sarawak. By
incorporating Bayesian smoothing, this model addresses a key limitation of the SMR method, which
inaccurately assigns zero risk to areas with no reported data, and offers a more realistic reflection of the
underlying disease burden in the context of likely underreporting.

Applying these models has identified several states, including Perlis, Perak, Johor, Kuala Lumpur, and
Sarawak, as priority areas for intensified surveillance and intervention. The spatial patterns revealed
through disease mapping highlight the need for a targeted, risk-based approach to brucellosis control in
Malaysia. This includes strengthening diagnostic capacity, enforcing livestock movement restrictions,
and implementing vaccination programs in high-density farming regions.
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In practical terms, the Poisson-Gamma model is recommended for ongoing national surveillance
because it produces stable risk estimates even with incomplete data. However, the model’s limitations,
such as difficulty adjusting for covariates and handling spatial correlation, suggest that future research
should explore more advanced spatial Bayesian frameworks. These methodological advancements
could further improve the accuracy of risk estimation and support more effective, evidence-based public
health and veterinary policies in Malaysia.
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