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Abstract: (1) Background: Spatial energy expenditure patterns, driven by physical activ-
ity, particularly among females, remain underexplored in Ghana. This study, therefore,
investigates spatial energy expenditure clustering or dispersion patterns using metabolic
equivalents of task (METs) values among Ghanaian females across rural and urban ar-
eas. (2) Methods: Using 13,799 data from the 2022 Ghana Demographic and Health
Survey, METs values were assigned to self-reported occupation categories as proxies
for physical activity. Global and local spatial autocorrelation metrics (Queen contigu-
ity and Moran’s I) were employed to assess spatial clustering or dispersion of METs
values across the 16 administrative regions. (3) Results: Rural females reported higher
METs (mean = 3.35 ± 1.627) and lower BMI (23.476 ± 3.888) than urban females (METs:
mean = 2.42 ± 1.208, BMI: 25.313 ± 4.854). There was a significant but weak global spatial
autocorrelation (Moran’s I = 0.003, p-value = 0.001), with stronger clustering observed
in rural (Moran’s I = 0.004, p-value = 0.001) than in urban areas (Moran’s I = 0.002,
p-value = 0.002). Also, High–High clusters were prevalent in the Northern, Savannah
and Northeast regions particularly due to the lingering labour-intensive occupations as
compared to Low–Low clusters in the Eastern and Greater Accra regions where jobs are
often desk-based and sedentary. (4) Conclusions: Given the revealed geographic hetero-
geneity (High–High and Low–Low clustering) of female energy expenditure in Ghana,
there is a need for regionally tailored health policies targeting physical inactivity and its
associated risks.

Keywords: metabolic equivalents of task (METs); physical activity; spatial autocorrelation;
Moran’s I; rural; urban; females; Ghana

1. Introduction
Energy expenditure is a critical determinant of health, especially in countries such as

Ghana, where the burden of obesity and non-communicable diseases (NCDs) continues to
increase. Notably, energy expenditure is associated with physical activity, which serves
as both a salient driver of health and a measurable indicator of physiological exertion [1].
On the one hand, physical activity is a conventional determinant of health outcomes,
including known NCD associations, mental well-being and quality of life, in general [2].
For instance, a Lee et al. [3] study on the impact of physical activity on major NCDs revealed
that increasing physical activity among the inactive in Ghana will increase the nation’s
life expectancy by about 0.49 years. Also, the inverse association between self-reported
physical activity and type 2 diabetes incidence is well reported [4]. On the other hand,
physical activity manifests as an important quantifiable energy expenditure indicator [4].
Metabolic equivalent (METS), the standardised unit for quantifying energy expenditure,
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measures the energy cost (expenditure) level associated with specific activities. Moderate
physical activities yield 3.0–5.9 METS, whereas vigorous activities may generate about
6.0+ METS, unlike physical inactivity, which yields ≤ 1.5 METS. Physical activities such
as running or jogging, swimming, cycling and brisk walking yield about 7 or more, 5, 4.5
and 4 METS values, respectively, while prolonged sitting or sleeping generates about ~1.5
or less METS [5–7]. The former group shows moderate to vigorous energy expenditure,
whereas the latter shows low energy expenditure, correlating with central obesity and an
increased risk of cardiometabolic diseases and NCDs, in general [8].

The application of METS for quantifying energy expenditure per physical activity
provides a framework for comparability between populations and geographical areas. First,
males and females exhibit varying levels of physical activity and energy expenditure, with
males showing higher levels of physical activity than females [9]. This disparity corresponds
with the perilous health implications, including risk or incidence of cardiometabolic disease,
and cancer, associated with occupational, leisure or household activities in females than in
males [6,10,11]. Second, specific regions of Ghana exhibit shared similarities in activities,
especially occupational activities associated with energy expenditure. For instance, labour-
intensive agricultural activities are predominant in all regions of Ghana, with the forest
and Northern belts, comprising Ashanti, Ahafo, Western North, Eastern, Bono, Oti, Bono
East, Northern, and Savannah regions, showing the most significant prevalence [12]. On
the contrary, most services and professional activities are widely distributed in the forest
and coastal belts, especially in Greater Accra and Ashanti, compared to the Northern
and Savannah belts, which include the Savannah, Northeast, Upper East and Upper West
regions. Additionally, urban and rural differences augment the intensity and concentration
of occupational activities [13]. Thus, by applying standard METS values, these activities
can be measured to compare energy expenditures among females in urban and rural areas
across different regions of Ghana. Such data will inform policy formulation, support further
energy expenditure research and enhance the comprehension of disease epidemiology.

Comprehending the spatial variations in METS can provide insights into population-
level physical activity dynamics to inform targeted interventions further. However, the
quantification of the METS in countries like Ghana has been underexplored because of
inherent challenges in acquiring data. Self-reported activity data are usually plagued
by inconsistencies, recall bias and cultural differentials in activity perception, and are,
therefore, unreliable. In addition, surrogate measures, such as occupational activities,
have been overlooked as proxies for leisure or household or physical activities in general,
leading to incomplete or inaccurate energy expenditure (EE) quantification. There is also a
limited understanding of how METS vary across geographic regions in Ghana, even though
sedentary lifestyles and low energy expenditure behaviours are implicated in the emergence
of numerous health challenges in the country [14,15]. These gaps impede the mapping of
spatial convergence or divergence in METS estimates, particularly whether METS values
or physical activity levels in one location correlate with those in neighbouring locations to
reveal clustering or dispersion patterns. Accordingly, the present study investigates spatial
patterns of METS among females in rural and urban Ghana, aiming to uncover regional
trends and spatial dependencies that may inform national health policy and regional
planning. Specifically, the study answers the following questions: 1. What are the spatial
patterns and regional variations in METS among females across different regions? 2. How
do these regional patterns of METS among females differ between urban and rural areas
across different regions?
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2. Materials and Methods
2.1. Context

Ghana is a West African country undergoing rapid urbanisation and socioeconomic
transitions. The country also has sixteen (16) administrative regions (see Figure 1). Across
these regions, there exists a varying prevalence of occupation types [12,13] and associated
levels of physical activity. Occupational statistics in Ghana show that about 75 to 79% of
all residents’ employment in the Oti, Savannah and North East regions stems from the
agrarian sector. In contrast, industrial sector jobs, manufacturing and processing industries,
range from 4.1% in the Northeast to 23.7% in Western regions. The Greater Accra (22.5%)
and Western (23.7%) regions also have more industrial occupations than the Oti (5.5%)
and Northern (6%) regions. The service sector is most prominent in the Greater Accra
(71%) and Ashanti (53.5%) regions, whereas North East (16.2%) and Savannah (16.3%) have
the lowest service sector engagement [13]. Also, there are disparities in urbanisation and
socioeconomic transitions at the regional level [13,16]. The lingering disparities present
a distinct context for investigating the spatial characteristics of occupations translated
into METS values. By integrating a geospatial analysis with socioeconomic and health
information, this research contributes to the growing body of literature on the spatial
epidemiology of physical activity in Ghana and Africa.
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2.2. Data and Data Source

The study sourced the Ghana Standard Demographic and Health Survey Programme
(DHS) (individual recode [IR]) 2022 data (see Figure 2) [18]. The DHS programme is a
United States Agency for International Development (USAID)-funded programme that
provides large-scale health and population survey data for many low- and middle-income
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countries (LMICs) [19]. The sourced data were collected in collaboration with the host
country (Ghana) government and other partners and conformed to the legal standards for
population-based studies in Ghana [20,21]. Also, the sourced data were the most recent
GDHS and accounted for recent developments, including societal health shifts and activity
patterns. Specifically, the 2022 GDHS is the eighth repeated cross-sectional standard DHS
conducted since the maiden survey in 1988. The GDHS data collection process utilised
structured questionnaires, a cross-sectional design and a multistage sample approach. A
total of 15,014 Ghanaian females became the respondents of the GHDS. This study followed
the guidelines of the Strengthening the Reporting of Observational Studies in Epidemiology
(STROBE) checklist.

2.3. Variables, Covariates, Inclusion and Exclusion Criteria
2.3.1. Variables and Covariates

Variables were selected from geographic, sociodemographic and health domains (e.g.,
age, wealth, education, occupation, residence, regions, geocoordinates and BMI). Age,
education, wealth and BMI were the controls. These covariates were employed to ensure
that the observed differences in the dependent variable were not solely due to differences
in these characteristics between the study participants [22,23]. The study included BMI as a
control because of its association with METS [24]. Occupation became the proxy variable for
physical activity because of the limited GDHS information on physical activities, and more
importantly, because engagement in occupational activities results in some level of energy
expenditure [6,10,11]. Thus, different jobs were assigned specific METS values based on
similarity with the activities specified by the National Cancer Institute, USA [7,25]. The
newly assigned METS values for the type of occupation became the metabolic equivalent of
task (METs) values (see Table 1). The study included residence, urban and rural and region
variables to allow for the spatial analytics of the METs.

Table 1. Metabolic Equivalent of Task (METs) Values Assigned to Management Occupations.

Occupation Type METs

Salespersons, demonstrators and models 1.5
Sales and services, elementary occupations 2.5
Other craft and related workers 4
Personal and protective services workers 3.5
Not working and did not work in last 12 months 1.5
Other associate professionals 2.3
Teaching professionals 2.5
Market-oriented skilled agricultural and fishery workers 5
Agricultural, fishery and related labourers 5.5
Precision, handicraft, printing and related trades workers 3.5
Life science and health professionals 2
Stationary machine operators and assemblers 3
Customer services clerks 2
General managers 1.5
Office clerks 2
Physical science and engineering associate professionals 2.2
Life science and health associate professionals 2
Labourers in mining, construction, manufacturing and transport 6
Corporate managers 1.5
Other professionals 2.3
Extraction and building trades workers 6
Physical, mathematical and engineering science professionals 2
Drivers and mobile machine operators 3
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Table 1. Cont.

Occupation Type METs

Subsistence agricultural, fishery and related workers 5.5
Industrial plant operators 3
Metal and machinery trades workers 5

Source: Adapted from the National Cancer Institute, Division of Cancer Control and Population Sciences [7] and
applied to the GDHS data from The DHS Program [18].

2.3.2. Inclusion and Exclusion Criteria

Pregnancy status and occupation became the main variables for elimination. Preg-
nancy status was measured as a binary variable, with a value of “1” indicating that the
respondent was pregnant and “2” indicating that the respondent was not pregnant. Re-
sponses from 1111 pregnant Ghanaian females (see Figure 2) were excluded. Pregnant
females usually experience rapid changes in their morphology due to their medical condi-
tion. Hence, including pregnant females in the sample may result in biased estimates [26].
The study also excluded 104 occupation categories labelled ”other or no classification” due
to the inability to assign specific METS values. Thus, the final sample for Ghana became
13,799 (refer to Figure 2). All BMI values greater than 60 kg/m2 or less than 14 kg/m2 were
set to N/A and imputed using iterative imputations based on random forest regressors.
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Figure 2. Flowchart Summarising the Inclusion and Exclusion Criteria for the GDHS Data. Source:
Author’s creation based on GDHS data from The DHS Program [18].

2.4. Statistical Analysis
2.4.1. Descriptive Analysis

The study conducted descriptive statistics to inform the urban–rural distribution of
the indicators [23]. Categorical variables (e.g., residence, regions, wealth, education) were
presented as percentages (%), whereas numerical variables (age, BMI, BMI Imputed) were
presented as means and standard deviations (SD).
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2.4.2. Inferential Analysis

The study employed spatial analysis to examine the clustering or dispersion of
metabolic equivalent task (METs) values, focusing on global and local spatial autocor-
relation. Global spatial autocorrelation was used to assess overall spatial clustering. Based
on this approach, a global Moran’s I was computed using ”Queen” contiguity to define
neighbourhood structures, where regions sharing any boundary point are considered
neighbours. The analysis was based on weighted METs values, capturing occupational
physical activity levels across the 16 regions. Moran’s I values ranged from +1 (strong
clustering) to −1 (dispersion), with 0 indicating spatial randomness. Statistical significance
was determined using z-scores and corresponding p-values, where a significant result
(p < 0.05) suggested non-random spatial patterns. The local spatial autocorrelation (LISA)
was used to detect localised (regional) patterns. LISA decomposed global Moran’s I to
identify specific areas with significant clustering or spatial outliers. The same Queen-based
spatial weights matrix was used, with 999 Monte Carlo permutations, to test significance.
Regions were categorised into High–High (HH): areas with high METs values surrounded
by other regions with high METs values (positive LISA); Low–Low (LL): regions with low
METs values surrounded by other areas with low METs score (positive LISA); High–Low
(HL) and Low–High (LH): became outliers where a region differed from its neighbours; and
Not Significant: no spatial pattern detected. All analyses were weighted and performed
with Python 3.125.

3. Results
The summary of the indicators of the study is presented in Table 2. From the table

(Table 2), seven (7) indicators—age, BMI, METs values, education, wealth and regions—in
urban and rural areas, with a total sample of 6829 (49.5%) urban and 6970 (50.5%) rural
females, are presented. Generally, there are variations in the outcomes across rural and
urban areas. The average age is relatively similar in both groups: 29.66 years (urban) and
29.56 years (rural). Also, on average, urban female residents have a higher BMI (25.3 kg/m2)
than their counterparts in rural areas (23.7 kg/m2). Rural residents report higher (3.35)
METs values (occupational physical activity) than urban residents (2.42). The proportion of
females with secondary and tertiary education is higher in urban areas, while more females
with no or primary education are in rural areas. Many rural female residents are in the
poorest (43.1%) wealth quintile, while urban female residents are more evenly distributed
across wealth groups, particularly in the middle and rich categories. There are many rural
residents in regions like the Northeast, Oti, Savannah and Upper East.

Table 3 shows the outcomes of global spatial autocorrelation statistics in the general,
rural and urban populations. From the table (Table 3), a subtle but statistically significant
spatial variation in the METs values is revealed. Specifically, Moran’s I statistic for the
general population is weak but shows a statistically significant clustering pattern (0.003
[z = 15.880, p = 0.001]). In urban areas, Moran’s I statistics are lower (0.002 [z = 4.927,
p = 0.002], but higher, though weak (0.004 [z = 14.514, p = 0.001]), in rural areas.

Figure 3 shows the outcomes of the local indicators of spatial association (LISA)
analysis of METs values among females across Ghana’s 16 administrative regions. The
LISA outcomes are illustrated in four panels, including local Moran’s I statistics, scatterplot
quadrants, statistical significance and a Moran’s cluster map to identify clustering and
dispersion patterns in energy expenditure per occupational activity. There is High–High
(HH) clustering in the northern belts (e.g., Northern, Savannah), indicating high METs
values among females (local Moran’s I: 0.002–0.56, p ≤ 0.05). Conversely, a Low–Low
(LL) cluster in the southeast (e.g., Eastern) highlights a concentration of low MET values
(p ≤ 0.05). Outliers include the High–Low (HL) regions in the Central, Greater Accra and
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Volta, and Low–High (LH) regions in the Western and Northeast regions. Non-statistically
significant autocorrelation is observed in coastal urban areas like Bono and Oti, indicating
heterogeneous activity patterns.

Table 2. Summary Statistics of the Study’s Indicators.

Urban Rural

Total (%) Total (%)
6829 (49.489) 6970 (50.511)

Indicators
x ± SD x ± SD

Age 29.657 ± 9.726 29.560 ± 9.922
BMI 25.304 ± 4.854 23.467 ± 3.891
BMI (imputed) 25.313 ± 4.854 23.476 ± 3.888
METs values 2.415 ± 1.208 3.351 ± 1.627

Total (%) Total (%)
Education
No education 919 (13.457) 2150 (30.846)
Primary 813 (11.905) 1233 (17.690)
Secondary 4164 (60.975) 3328 (47.747)
Tertiary/Higher 933 (13.662) 259 (3.716)
Wealth
Poorest 323 (4.730) 3001 (43.056)
Poorer 993 (14.541) 2105 (30.201)
Middle 1810 (26.505) 975 (13.989)
Richer 1905 (27.896) 568 (8.149)
Richest 1798 (26.329) 321 (4.605)
Regions
Ahafo 387 (5.667) 400 (5.739)
Ashanti 610 (8.932) 445 (6.385)
Bono 442 (6.472) 317 (4.548)
East 484 (7.087) 425 (6.098)
Central 494 (7.234) 416 (5.968)
Eastern 436 (6.385) 350 (5.022)
Greater Accra 740 (10.836) 164 (2.353)
Northeast 351 (5.140) 513 (7.360)
Northern 525 (7.688) 519 (7.446)
Oti 333 (4.876) 511 (7.331)
Savannah 343 (5.023) 556 (7.977)
Upper East 312 (4.569) 585 (8.393)
Upper West 312 (4.569) 576 (8.264)
Volta 376 (5.506) 401 (5.753)
Western 398 (5.828) 340 (4.878)
Western North 286 (4.188) 452 (6.485)

Source: Author’s computation based on GDHS from The DHS Program [18].

Table 3. Global Spatial Correlation Statistics Estimated by the Moran’s I Statistic.

Global Statistics

General
Population Urban Population Rural Population

Moran’s I 0.003 0.002 0.004
z-value 15.880 4.927 14.514
p-value 0.001 0.002 0.001

Source: Author’s computation based on GDHS from The DHS Program [18].
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Figure 4 illustrates the outcomes of a local indicators of spatial association (LISA)
analysis of METs values among urban female residents across Ghana’s 16 administrative
regions. The LISA outcomes are illustrated in four panels, including local Moran’s I
statistics, scatterplot quadrants, statistical significance and a Moran’s cluster map to identify
clustering and dispersion patterns in energy expenditure per occupational activity. There
is a significant spatial autocorrelation in METs values. Though no High−High (HH)
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clustering is recorded, there are records of Low–Low (LL) clusters in Greater Accra, Eastern
and Central regions (local Moran’s I: 0.02–0.33, p ≤ 0.05); Low–High (LH) (Savannah,
Upper West and Upper East (local Moran’s I: −0.01–−0.61, p ≤ 0.05)); and non-significant
(ns) (i.e., Northern, Ashanti and Volta) clustering.
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Figure 5 illustrates the outcomes of a local indicators of spatial association (LISA)
analysis of METs values among rural female residents across Ghana’s 16 administrative
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regions. The LISA outcomes are illustrated in four panels, including local Moran’s I
statistics, scatterplot quadrants, statistical significance and a Moran’s cluster map to identify
clustering and dispersion patterns in energy expenditure per occupational activity. There
is a significant spatial autocorrelation in METs values. A High–High (HH) clustering is
recorded in Savannah, Northern and Western North (local Moran’s I: 0.04–−0.001, p ≤ 0.05)
regions. Also, there are records of Low–Low (LL) clustering in the Eastern region (local
Moran’s I: 0.04–0.34, p ≤ 0.05), Low–High (LH) (Western and Ahafo regions), and non-
significant (ns) (Central, Ashanti and Bono East regions) clustering.
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4. Discussion
The study investigated the spatial patterns of metabolic equivalents of task (METs)

among females in urban and rural areas in Ghana, uncovering significant urban–rural
disparities and spatial dependencies in METs levels (energy expenditure). Using a sample
of 13,799 Ghanaian females (49.5% urban and 50.5% rural), it was noted that rural females
exhibited higher METs compared to urban females. There was a stronger clustering of METs
in rural areas than urban areas, with High–High (HH) clusters observed in the Northern
regions and Low–Low (LL) clusters along the coastal regions for rural and urban areas. The
key differences in demographic, socioeconomic and activity-related indicators across urban
and rural settings, as well as regional variations in METs, are elucidated to inform public
health policy.

The revealed differences in METs values between urban and rural female residents
affirm prior research [12,27,28] findings of the dominance of labour-intensive activities,
associated with high energy expenditure and therefore METs values, in rural areas in
Africa, Latin America and Asia, and reports of the higher prevalence of sedentary service
and professional jobs in urban areas in Ghana [13]. The higher METs values in rural
compared to urban female residents may present valuable protective effects against NCDs.
Therefore, the intense labour work might be, among other factors, the reason for the
observed lower NCD risk in most rural populations in low- and middle-income countries
with commensurate health profiles like those in Ghana [29]. In addition, these variations
align with socioeconomic status levels, as many urban females were wealthier and more
educated than their counterparts in the rural areas. These findings highlight the influence
of socioeconomic and environmental measures on occupational physical activity and all
other forms of physical activity.

Energy expenditure was spatially dependent in rural and urban areas, with a more
pronounced dependency in rural settings. Multiple reasons could drive the observed
outcomes. In Ghanaian rural settings, shared occupational activities are predominant, with
occupations in the agriculture sector being the most common [13]. Moreover, the rural
population are exposed to agricultural production knowledge and skills at an early stage.
Consequently, this population grows with the knowledge and skills to produce agricultural
goods and agrarian culture as the main way of life [30]. Furthermore, rural areas lack the
modern infrastructure and mechanisms for agriculture. Therefore, agricultural practices
are still traditional, and often labour rather than capital-intensive [7,31,32]. Also, more
rural than urban females in Ghana are within the poorest wealth quintiles (43.1% in the
poorest category) and have limited access to education and resources. This socioeconomic
disadvantage in rural areas compared to urban areas drives the reliance on manual or
labour-intensive activities for survival, resulting in higher METS values.

Regional clustering and dispersion in METs values among rural and urban females
were observed. In the general population, High–High (HH) clusters in the northern belts
(e.g., Northern, Savannah) reflects the intensity of occupations with higher energy ex-
penditure, inluding agricultural activities, as the main occupational pathway in these
regions [13,31], where agrarian practices remain labour-intensive due to inadequate finance
to support access to contemporary infrastructure [33]. Conversely, the absence of HH in
urban areas depicts low levels of physical activity, possibly due to increasing sedentary
occupations, mainly because of the high prevalence of white collar jobs, which are char-
acterised by long periods of sitting, as reported by Atorkey et al. [15]. For instance, the
concentration of major financial institutions in the urban areas provides opportunities for
employment in such spaces, but the workers (tellers and customer service personnel) of
those institutions (say, banks) serving in the banking hall and back office spend the greater
part of the day sitting due to the nature of their tasks and urban lifestyle constraints, as
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reported by Addo et al. [34]. Subsequently, low energy expenditure levels are recorded,
further driving lower METs values for such engagements. The Low–Low (LL) cluster in
the Eastern region for both rural and urban areas reflects a concentration of low energy
expenditure, potentially corroborating the growing sedentary lifestyles due to the rapid ur-
banisation of the area and its proximity to the capital city, the Greater Accra region [35–37].
Outliers, such as High–Low (HL) clusters in Central, Greater Accra and Volta, and Low–
High (LH) clusters in the Western and Northeast regions, point to local anomalies, possibly
driven by rural–urban transitions, and unique socioeconomic, developmental or cultural
factors [13,31,35,38]. The findings underscore the need to implement context-specific phys-
ical activity and health promotion interventions, particularly in urban areas where low
METs values are predominant, while sustaining and providing guidance on improving
beneficial activity levels in rural areas within the regions.

4.1. Implications of the Study

The observed spatial patterns have significant implications for public health in Ghana.
The HH clusters in rural northern regions suggest that sustaining high physical activity
levels as part of one’s occupation can protect against poor health. However, interventions
should be implemented to address the potential health risks associated with overexertion,
such as immune system suppression and musculoskeletal issues, by promoting ergonomic
practices and providing supportive occupational infrastructure and tools. Conversely, the
LL clusters in urban areas like the Greater Accra and Eastern regions highlight the need for
interventions to increase physical activity as part of occupational activities among females.
These may include promoting workplace physical activity programmes and addressing
cultural barriers to female participation in leisure-time physical activity.

4.2. Limitations and Future Research

The study has public health merits but also several limitations. First, relying on self-
reported data from the GDHS may introduce unreliable responses, which could affect METs
estimates. However, categorising the occupation types reduces the potential influence of
individual response errors on the estimate. Second, including only regional data and not
an estimation at the community or district levels may omit the acquisition of the METs
values’ dispersion or clustering at a granular level. Third, while the study introduced
control variables, it did not include confounders such as cultural norms, which may
influence occupation and associated METs values and spatial patterns. Despite these, the
regional-level analysis masks a finer representation of the spatial clustering and dispersion
of METs values in Ghana. Fourth, the METs values were derivatives of the reported
occupational status rather than a direct measurement of physical activity, but renowned
institutions, including the National Cancer Institute, have proven that engagement in
specific types of occupations results in energy expenditure, which further corresponds
with the outcomes of physical activities. Given the timing of the data collection for the
study, the study may be limited by the negative impact of COVID-19 on occupations and
associated physical activity levels among females, which may have influenced the METs
values observed. Consequently, the findings may differ under alternative circumstances
where such restrictions or disruptions are absent. Nevertheless, the reported results affirm
the current research on the growing prevalence of sedentary life and urban–rural variation
in energy expenditure due to occupational variations. Future research should incorporate
objective measures of physical activity (e.g., accelerometers) to support the estimation
of METs values and the role of cultural and environmental factors for this purpose. In
addition, a longitudinal study of the impact of urbanisation and socioeconomic transitions
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on METs values will help to understand the spatial clustering and dispersion in Eastern
and Greater Accra at the granular level.

5. Conclusions
The study offers insights into the epidemiology of physical activity, derived from

occupation, among rural and urban female residents in the 16 administrative regions
of Ghana, while illustrating the variance and dependencies in METs values. Of the
13,799 Ghanaian females studied, more rural than urban residents were recorded. Higher
METs values were recorded among females in rural areas compared to urban areas. High–
High (HH) clusters in Northern regions (e.g., Savannah) reflect labour-intensive occupa-
tions, predominantly agriculture. In contrast, Low–Low (LL) clusters in Eastern and Greater
Accra indicate urbanisation-driven sedentary occupations, translating into the effects of
growth, service sector jobs like banking and other desk-based jobs. Outliers in Central
and Western regions highlight socioeconomic transitions. By integrating this epidemio-
logical analysis with geographic, demographic and socioeconomic information, the study
contributes to scholarship comprehending physical activity patterns in Ghana, offering a
path for context-specific evidence-based policy to reduce the health risks associated with
physical inactivity among females.
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