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Abstract 

Background  Primary healthcare systems require adequate staffing to meet the needs of their local population. 
Guidelines typically use population ratio targets for healthcare workers, such as Ethiopia’s goal of two health extension 
workers for every five thousand people. However, fixed ratios do not reflect local demographics, fertility rates, disease 
burden (e.g., malaria endemicity), or trends in these values. Recognizing this, we set out to estimate the clinical work-
load to meet the primary healthcare needs in Ethiopia by region.

Methods  We utilize the open-source R package PACE-HRH for our analysis, which is a stochastic Monte Carlo simula-
tion model that estimates workload for a specified service package and population. Assumptions and data inputs 
for region-specific fertility, mortality, disease burden were drawn from literature, DHS, and WorldPop. We project 
workload until 2035 for seven regions and two charted cities of Ethiopia.

Results  All regions and charted cities are expected to experience increased workload between 2021 and 2035 
for a starting catchment of five thousand people. The expected (mean) annual clinical workload varied from 2,930 h 
(Addis) to 3,752 h (Gambela) and increased by 19–28% over fifteen years. This results from a decline in per capita 
workload (due to declines in fertility and infectious diseases), overpowered by total population growth. Pregnancy, 
non-communicable diseases, sick child care, and nutrition remain the largest service categories, but their priority 
shifts substantially in some regions by 2035. Sensitivity analysis shows that fertility assumptions have major implica-
tions for workload. We incorporate seasonality and estimate monthly variation of up to 8.9% (Somali), though most 
services with high variability are declining.

Conclusions  Regional variation in demographics, fertility, seasonality, and disease trends all affect the workload 
estimates. This results in differences in expected clinical workload, the level of uncertainty in those estimates, and rela-
tive priorities between service categories. By showing these differences, we demonstrate the inadequacy of a fixed 
population ratio for staffing allocation. Policy-makers and regulators need to consider these factors in designing their 
healthcare systems, or they risk sub-optimally allocating workforce and creating inequitable access to care.

Keywords  Human resources for health, Workload, Ethiopia, Sub-national, Monte Carlo, Stochastic, PACE-HRH, Primary 
healthcare

*Correspondence:
Brittany L. Hagedorn
Brittany.Hagedorn@gatesfoundation.org
Full list of author information is available at the end of the article

http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/publicdomain/zero/1.0/
http://creativecommons.org/publicdomain/zero/1.0/
http://crossmark.crossref.org/dialog/?doi=10.1186/s12913-023-10061-1&domain=pdf


Page 2 of 14Hagedorn et al. BMC Health Services Research         (2023) 23:1070 

Introduction
The design of healthcare systems is variable across 
countries depending on the local context, affected by 
the resources available, health priorities, and cultural 
preferences. To meet the needs of a population, pri-
mary healthcare systems require a properly staffed 
healthcare workforce [1]. Building a fit-for-purpose 
workforce requires planning, training, certification, 
placement, and continuing education, as outlined by 
the World Health Organization (WHO) in their six 
building blocks for primary healthcare framework [2].

To estimate the number of trained workers that are 
needed, primary healthcare systems typically use health-
workers-to-population ratio-based targets. For example, 
the WHO established a global threshold of 4.5 doctors 
and nurses/midwives per 1,000 population to achieve 
human resources for health goals of 80% coverage across 
12 health indicators. The indicators selected are linked 
to the health sustainable development goals, which are 
based on empirical analysis of historical trends across 
specific geographies [2]. This is an update from the pre-
vious threshold of 2.3 physicians and nurses/midwives 
per 1,000 population identified in the 2006 World Health 
Report [3] to attain 80% coverage of skilled birth attend-
ance. As demonstrated by these updates, static values are 
inadequate to account for evolving health priorities, cov-
erage targets, and disease burden.

These ratios have been useful for aggregate planning 
[4, 5], but since they are globally derived values, they 
do not reflect the differences in demographics, socio-
economic access to care, or disease burden between 
geographies and populations. Recognizing the need 
for more tailored staffing models, many countries have 
established similar, population ratio-based targets. 
For example, India set a target ratio of one Accredited 
Social Health Activist (ASHA) per 1,000 population [6] 
and Nigeria established a goal of one primary health-
care center (PHC) per ward of 10,000 to 30,000 people 
[7]. The methods by which these national standards are 
set are not often well-documented in the literature, but 
even if they originally came from a bottom-up process of 
estimating workload and the needed number of health-
care workers, once the ratios are enshrined as targets, 
the flexibility to adapt them locally or update based on 
trends over time stagnates.

As a result, these targets still face the challenges of 
being static in time, not being specific to the needs of 
sub-populations, and not reflecting the practicalities 
of local delivery systems such as population density. In 
addition, the rate at which disease burden and fertility are 
changing are heterogeneous at a sub-national level [8], 
so the geographical and temporal variation in healthcare 
needs are not reflected in a fixed ratio.

Even with a constant package of services, local inci-
dence and demography impact the necessary healthcare 
worker capacity. Given this context, we set out to quan-
tify the magnitude of sub-national and temporal varia-
tion in primary healthcare workload faced by healthcare 
workers to understand the implications of fixed-ratio 
planning. In doing so, we question whether fixed staffing 
ratios are adequate to ensure that a healthcare system can 
meet a population’s dynamic health needs.

Ethiopia’s health extension program (HEP) has been 
widely viewed as successful and the government has 
recently completed a planning process for the program 
over the next fifteen years [9], making it an interesting 
potential case study. We use this as the basis for assessing 
the primary healthcare workload across multiple regions 
of the country, projecting forward from 2020 to 2035 to 
align with their strategic roadmap.

Methods
We use a previously published, bottom-up time account-
ing approach [10] to estimate the level of workload for 
each primary healthcare service included in a compre-
hensive service package. The list of healthcare tasks 
(“services”) is based on the Ethiopian HEP optimization 
roadmap for 2021–2035 [9] (complete list in Additional 
file 1, Table S1). This is a general primary healthcare ser-
vice package with a broad range of services including 
immunization, antenatal care, family planning, nutri-
tion, testing and treatment for both infectious and non-
communicable diseases (NCDs), and routine preventive 
care and counseling. The analysis is run in R, based on 
the publicly available PACE-HRH software package [11].

Model structure
The detailed model structure is outlined in a different 
publication [10] and we summarize it here. The model 
calculates the total amount of direct clinical contact 
time (in minutes) required to meet all of the healthcare 
needs for a baseline population. We start with a popula-
tion of 5,000 in 2020, which is the target population size 
that each primary healthcare facility (Health Post) is sup-
posed to serve [9], although the actual catchment popu-
lation varies depending on spatial distribution, varying 
fertility, and internal migration.

For each service, we break out the relevant tasks (e.g. 
testing, treatment, counseling), specify the relevant 
population to which this service applies (e.g. children 
under 5, pregnant women), the number of contacts 
with the health system to fulfill the service (e.g. 1 test 
per suspected malaria case), the amount of time to 
complete the task, and lastly, the incidence or preva-
lence rate to reflect the proportion of the relevant pop-
ulation in need of care. The relevant population and the 
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incidence rate are used to calculate the number of peo-
ple expected to receive the service each year, which is 
multiplied by number of contacts and the time per con-
tact to get the total service time for each PHC service. 

Administrative tasks, in-service trainings, commu-
nity engagement, public health surveillance, travel, and 
related tasks can be optionally included in the model. 
For this study, we have chosen to focus on the popula-
tion-based drivers of workload, so only include direct 
clinical care tasks.

We utilize a Monte Carlo simulation to estimate the 
expected time required for each task, and then sum all 
tasks to calculate the total clinical workload. The model 
includes both parameter uncertainty (the initial rate) 
and the stochasticity (year-over-year change) inher-
ent in estimating future trends. The sampling occurs 
for parameters including fertility and mortality rates by 
five-year age groups, disease incidence rates, and time 
per contact (details of distributions in Additional file 1, 
Table S2).

We account for birth seasonality and time-varying 
conditions including malnutrition, tuberculosis (TB), 
malaria, and diarrhea by applying condition-specific 
seasonality curves to each relevant service. For exam-
ple, birth seasonality is applied to antenatal care (ANC) 
visits, which requires 4 contacts with the health system. 
The seasonality curves are detailed in Additional file  1, 
Table S3 and offsets in in Additional file 1, Table S4.

To demonstrate the calculation method, Table  1 lists 
data inputs required by the model to compute total 
expected service time for a clinical task, using treatment 
for moderate acute malnutrition in under-five children as 
an example.

Total Service Time =

all services

(Relevant population ∗ Incidence rate ∗Number of contacts ∗Minutes per contact)

Data collection and assumptions
We collected data for subnational modeling from a range 
of sources, depending on availability and quality. The 
model accounts for differences between regions across 

each of the key input variables described in Table 1 and 
uses the most localized data possible.

We utilized WorldPop population estimates adjusted 
to United Nations Population Division (UNPD) estimates 
[12] for regions of Ethiopia by 5-year age bands, interpo-
lated to 1-year cohorts and modeled future population 
pyramids based on trends in fertility and mortality. Fer-
tility rates are based on DHS-reported regional fertility 
rates from 2019 [13]. Mortality rates are sourced from 
the World Development Indicators (WDI) from 2020 
[14]. We calculated the annualized rate of year-over-year 
change from the most recent pair of consecutive observa-
tions. In the cases where recent trends conflict with long-
term historical patterns or when we were uncertain about 
whether a rapid change can persist, we include additional 
historical data in calculating the annualized change rate 
to get a more stable trend.

We included seasonal variation in workload for births 
[15] (for pregnancy-related services and immunization), 
diarrhea [16], malnutrition [17], malaria [18], and TB 
[19]. No other services are known to be highly seasonal, 
so demand for the remaining services are assumed to be 
evenly distributed throughout the year.

We searched Google and Google Scholar for pub-
lished research articles, national prevalence surveys, 
and surveillance surveys to gather data on regional 
disease incidence rates, annual change rates in disease 
incidence, and regional seasonality patterns for dis-
ease incidence. In cases where regional data were not 

Table 1  Input parameters for task time calculations. Every clinical task in the model requires a set of inputs that are used in the time 
calculation. One example, for Amhara region, the task of treating moderate acute malnutrition in under-five children, is shown here. 
Incidence rate or prevalence rate are used as appropriate for the task being described. Annual change rates are calculated as a ratio to 
the prior year (i.e., 1.0 = no change)

Task time input parameter Example value

Name of task Treatment for moderate acute malnutrition

Relevant population Children aged 0 to 59 months

Incidence/prevalence rate in the population 41.5% of under-five children

Number of contacts with the health system 2 contacts for malnutrition treatment

Time per contact with the health system 5 min per contact

Annual change in incidence/prevalence rate 0.98

Applicable seasonality curve Malnutrition

Seasonality offset (months) 0 for the first contact, + 1 for the second contact
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published, but the disease is known to exist, we back-
filled with national averages, based on the expectation 
that the national average is the next-best estimate for 
the region. Where the data are inconsistent, we use the 
most recent available and prioritize estimates found in 
population-based surveys and meta-analyses with ran-
dom sampling techniques. Due to gaps in the litera-
ture, it was difficult to find reliable estimates for annual 
change rates in regional disease incidence. Account-
ing for local disease eradication efforts and long-term 
trends in disease prevalence, we assumed a moderate 
decline of two percent per year for the relevant infec-
tious diseases. Assumptions for number of contacts 
are based on common practice, and minutes per con-
tact are educated guesses, which were also validated by 
experts.

Detailed data sources for all model inputs are listed in 
Table 2. Parameter values for each region are available 
in Additional file 2.

Study setting
We forecast PHC clinical workloads at the regional 
level from 2021 to 2035. As of 2023,  Ethiopia is com-
posed of eleven National Regional States (regions) 
– Tigray, Afar, Amhara, Oromia, Somali, Benishangul-
Gumuz, Southern Nations, Nationalities and Peoples’ 
Region (SNNPR), Sidama, South West Ethiopia Peoples’ 
Region, Gambela, and Harari – and two chartered cit-
ies – Addis Ababa and Dire Dawa. The Sidama region 
and the South West Ethiopia Peoples’ Region were split 
off from the SNNPR in 2019 and 2021 respectively. Due 
to the recency of these changes and the age of our data 
sources, we treat the Sidama region and the South West 
Ethiopia Peoples’ Region as part of SNNPR for expedi-
ency purposes; this should not be construed as an opin-
ion on the changes to administrative borders.

We exclude Tigray and Afar in the analyses because 
Tigray and parts of Afar were substantially affected by 
civil conflict from November 2020 to November 2022 
[46, 47], making the reliability of disease burden esti-
mates questionable since historical trends likely no 
longer hold and some infectious diseases and malnu-
trition may have had a resurgence due to low service 
coverage during the conflict. Additionally, prior to the 
onset of conflict, Afar had the highest overall fertility 
rates in the country and the fertility rates were increas-
ing for the youngest age groups. The conflict could 
affect the age-group specific fertility and mortality rates 
in ways that are hard to predict, so making future esti-
mates is potentially risky if they are used by decision 
makers, until the situation has fully stabilized and new 
data has been gathered.

Model application
We ran the model under two specifications. The first 
specification projects forward population growth based 
on historical trends in fertility [48]. The second specifica-
tion holds a fixed population of 5,000 for the duration of 
the simulation, which is the stated target population ratio 
for a PHC center in Ethiopia and represents the scenario 
if the country met and continued to achieve its access 
goals. Comparing the two specifications isolates the 
expected changes in clinical workload due to population 
structure shifts only. The analyses are based on simulated 
results from 100 trials for each model specification.

Even though fertility rate predictions are a key driver 
of population size in the model, it is uncertain whether 
future trends will mirror the recent history on which we 
have based our model parameters. Rates are known to 
change in response to a complex set of dynamics, includ-
ing social norms, access to family planning, and girls’ 
education, and have been known to evolve in unexpected 
ways [49]. To understand the impact of this uncertainty 
about the future, we conducted sensitivity analysis to 
assess its impact on the predicted PHC workload. We 
reran the model using two different historical time peri-
ods for our parameters: 2011–19 and 2000–19, and a 
benchmark of moderate decline in fertility rates at 0.5% 
per year relative to baseline.

We use two settings: Addis Ababa and Oromia as com-
parators. Addis Ababa, the capital city, has a different 
fertility pattern than the rest of Ethiopia and the degree 
to which rates are changing has varied in recent years. 
Addis had the lowest current fertility rates in the country 
as of 2019 (e.g., 0.1 for women ages 20–24 [13]), but they 
rose in all age groups from 2000 to 2019 [15]. In contrast, 
Oromia has fertility rates significantly higher than Addis 
Ababa as of 2019 (e.g., 0.235 for women ages 20–24), but 
they decline in all age groups from 2000 to 2019. Oro-
mia exhibits larger declines in fertility rates during the 
period 2011–2019 [15]. To test the impact of the fertility 
assumptions on model results, we reran the model with 
different plausible fertility trajectories for Addis Ababa 
and Oromia as comparators.

The analyses were completed using PACE-HRH [11] 
release version 1.0.2. The model was built in R Studio 
version 2022.07.2 + 576, using the R statistical program-
ming language version 4.2.0. Code is publicly available on 
GitHub.

Results
Regional variation in clinical workload
With population growth, the total clinical workload 
is predicted to rise in all regions in the 15  years from 
2021 to 2035. Of the regions modeled, Addis Ababa 
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Table 2  Primary model inputs and data sources. Input parameters for the model by category are listed with their data source, year 
of data collection, applicability to various regions, and known limitations. The metrics were chosen to best capture the expected 
healthcare needs of relevant population for each service category. The most recent and the most localized data are used depending 
on data availability and quality. Where region-specific data was not available, neighboring regions or national averages were used 
instead in the model parameterization

Category Source Metric Year Coverage Limitations

FP DHS [20] Total demand for FP, ages 
15–49

2016 All regions

FP DHS [20] Utilization of contraceptives 2016 All regions

FP DHS [20] Rate of switching methods 
in last 12 months

2016 National

FP National sample [21] Abortion per 100 pregnancies 2014 All regions Legal status has evolved 
and may affect rates

Nutrition Meta-analysis [22] Treatment rate for malnour-
ished mothers

2019 National

Nutrition DHS [20] Severe malnutrition in chil-
dren under 5

2019 All regions Malnutrition is highly variable

Nutrition DHS [20] Moderate malnutrition in chil-
dren under 5

2019 All regions Malnutrition is highly variable

Nutrition DHS [20] Severe anemia in children 
under 5

2016 All regions

Nutrition DHS [20] Severe anemia in children 
ages 5–18

2016 National

Nutrition DHS [20] Severe anemia in adults 2016 All regions

Pregnancy National survey [23] Emergency obstetrics 2015 Some regions Incomplete representation

Pregnancy Meta-analysis [24] Maternal sepsis 2014–2019 Some regions Regional data time points vary

Pregnancy Observational study [25] Mastitis 1998 USA Data is old and not Ethiopian

Pregnancy Meta-analysis [26] Postpartum hemorrhage 2021 All regions Regional data time points vary

Sick child DHS [20] Pneumonia in children 
under 5

2016 All regions Poor data for ages 5 + 

Sick child DHS [20] Diarrhea in children under 5 2016 All regions Poor data for ages 5 + 

Sick child Meta-analysis [27] Parasites in primary school 
students

2020 May not be representative

Sick child DHS [20] Fever excluding diarrhea 
and ARI in children under 5

2016 All regions Poor data for ages 5 + 

NCDs Community survey [28] Age-specific hypertension 2015 National May not be representative

NCDs Community survey [28] Age-specific diabetes 2015 National May not be representative

NCDs WHO estimates [29] Age-specific cancer 2020 National Cancer is likely under-reported

NCDs Meta-analysis [30] Asthma 2020 National Asthma is likely under-reported

NCDs Global model [31] Ophthalmic disease in chil-
dren ages 0–9

2013 National Not direct observation

NCDs Community survey [32] Ophthalmic disease in adults 2020 National Indirect measurement

Malaria Surveillance data [33] & mod-
eled estimates [34]

Malaria cases in children 
and adults

2009, 2020 Regional, National Likely under-reported in sur-
veillance

NTDs Surveillance survey [35] Scabies 2020 Regional Outbreak setting

NTDs Cross-sectional survey [36] LF 2015 Nine regions

NTDs Prevalence surveys [37–39] Trachoma 2008–2019 Regional MDA may have reduced 
incidence

NTDs Meta-analysis [40] Soil-transmitted helminths 
in children

2000–2019 National + some regions Limited reporting affects data 
quality

Sexual health DHS [20] Incidence of STIs among men 
& women 15–49

2016 All regions Metrics are coarse

Sexual health DHS [20] Sexual and physical violence 2016 All regions Susceptible to underreporting

First aid DHS [20] % of households with injury 
lasting < 7 days, 8–30 days

2016 All regions Susceptible to underreporting



Page 6 of 14Hagedorn et al. BMC Health Services Research         (2023) 23:1070 

had the lowest total clinical workload in 2021 at 2,930 h 
per health post per year, increasing to 3,742 h by 2035 
(61–78  h per week, assuming 48 workweeks per year). 
Gambela had the highest workload, increasing from 
3,752 to 4,626  h per health post per year. The gap 
between the regions with the highest and the lowest 
predicted clinical workload expands from 17 h per week 
in 2021 to 19 h per week in 2035 (28% and 25% of the 
lowest regional workload, respectively) (Fig. 1, Panel A).

Across the regions, there are three general shapes to 
the workload curves, which reflect the combined effects 
of population growth and shifts in the population pyr-
amid, partially mitigated by the anticipated decline in 
infectious diseases.

a)	 Addis Ababa displayed the most pronounced slow-
down and workload was projected to stabilize by 2028.

b)	 Dire Dawa and Somali have decelerating growth rates 
and began to flatten in later years.

c)	 In the remaining regions, the workload predictions 
for Gambela, Harari, Oromia, and SNNPR rise at a 
modest rate in the first few years and then saw an 
acceleration of the growth in workload by 2035.

While the total increased, the workload on a per-capita 
basis is projected to decline in all regions. (Fig.  1 Panel 
B) Within these per-capita declines, most regions decline 
consistently, except for Addis Ababa and Somali. In those 
two regions, the per-capita workload is predicted to rise 
initially in the first few years before eventually start-
ing to decline. This reflects the combined effect of lower 

proportions of children under age 5 in year 2020 (8% in 
Addis, 11% in Somali, near 15% in other regions) and fer-
tility rates that are either comparatively high or growing 
more rapidly, thus resulting in a near-term baby boom 
(Additional file 1, Table S1).

Overall, both the total level clinical workload and the 
shape of the growth curve varied by region. We explored 
the relative impact of the contributors to these differ-
ences, such as regional disease burden, initial demo-
graphics, and fertility rates, in the following sections.

Primary clinical service categories
To understand which services contributed most to the 
total clinical workload, we calculated the proportional 
contribution to the total by service category (a total of 12 
categories, Table 2), by year (Fig.  2). We find that preg-
nancy, NCDs and sick child care are the top three con-
tributors in 2021 (except for in Somali) and remain in the 
top four in 2035. Some categories only appear in the top 
contributors for certain regions, such as malaria, or sub-
stantially vary in magnitude, such as malnutrition.

The proportional contribution by service category 
changes over time based on expected trends in demo-
graphics and disease burden, resulting in shifts in the 
ranking. In Benishangul-Gumuz and Harari, malnutri-
tion overtakes sick child care to become the third larg-
est concern by 2035, primarily due to expected decline 
in incidence of childhood disease. Providing care for sick 
children was a large proportion of the workloads in Oro-
mia and SNNPR in 2021, but its contribution dropped 
by a third by 2035. NCD-related workload rose in all 

FP family planning, DHS demographic and health survey, BMI body mass index, NCD non-communicable disease, WDI world development indicators, TB tuberculosis, 
NTD neglected tropical disease, LF lymphatic filariasis, HIV human immunodeficiency virus, STI sexually transmitted infection, MDA mass drug administration, ARI 
acute respiratory infection, WHO World Health Organization, UNAIDS United Nations AIDS organization

Table 2  (continued)

Category Source Metric Year Coverage Limitations

TB Surveillance-derived model 
[41]

Incidence of TB 2017 All regions

HIV UNAIDS estimates [42] Incidence per 1,000 unin-
fected adults

2020 National

HIV DHS [20] Prevalence, women ages 
15–49

2020 All regions Regional data quality varies

HIV UNAIDS estimates [43] Prevalence, all adults ages 
15–49

2020 National

Mental health National health survey [44] Prevalence of depression 2003 National Old survey & susceptible 
to underreporting

Fertility rates DHS [20] Age-specific fertility rates 
(5-year bands)

2019 All regions Sample size limitations

Mortality rates DHS [20] Infant mortality rate, child 
mortality rate

2019 All regions Sample size limitations

Mortality rates WDI [45] Mortality ages 5–9, 10–14, 
15–19, 20–24, adult female 
& male

2021 National
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Fig. 1  Predicted clinical workload, by region. The solid line in the center of each plot represents the median value of 100 simulation trials, 
for the annual hours of direct clinical care time required to meet the needs of a region’s population, from 2021 to 2035. Does not include any 
non-clinical time such as training, outreach and education, or supply management. Shadings represent the 25th and 75th (dark shading), and 5th 
and 95th (light shading) percentiles of simulated results. Panel A Estimates are for a catchment area population of 5,000 in 2020 that increases 
with population growth over the 15 years modeled. Panel B Estimates are for a fixed population of 5,000 individuals, with an evolving population 
pyramid (based on local demographics, fertility, and mortality), but without total population growth

Fig. 2  Breakdown of service categories as a percentage of the total clinical hours. Values are the median of the percentage calculations from 100 
simulation trials. Bars represent values for 2021. Triangles represent values for 2035. The breakdown in 2021 reflects the current state of contributions 
to total clinical needs by each service category based on existing evidence of disease incidence rates and demographic characteristics of each 
region. The breakdown in 2035 reflects both the predicted change in demographics and the expected trend in local disease burden based 
on development observed in the past decades. Pregnancy related services include antenatal care, delivery, childbirth complications, postnatal 
care, and newborn care. Sexual health includes treatment of menstrual problems, response to and medical treatment for gender-based violence, 
and sexually transmitted infections management. Sick child care includes case management of fever, diarrhea, parasites, scabies, and pediatric 
palliative care in children under five. NCDs include screening and care for non-communicable diseases, including hypertension, diabetes, cancer, 
asthma, and ophthalmic diseases. The service categories not ranked in the top six in any region are not displayed, including first aid, HIV, mental 
health, neglected tropical diseases, and tuberculosis
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regions, especially for Oromia and Dire Dawa, overtaking 
sick child and pregnancy-related work in some regions.

Impact of fertility trend assumptions
Fertility rates underpin the predictions for future popula-
tion, and thus have a large impact on the results of the 
prediction model. At the national level, fertility rates are 
declining for all age groups, but this is not the case for 
individual regions. (Fig.  3) Pastoral regions (e.g., Afar, 
Benishangul-Gumuz, and Somali) have the highest fer-
tility rates. Addis Ababa, Afar, and Harari stand out for 
having an increasing trend in fertility rates for the most 
productive age groups.

Ethiopian Public Health Institute (EPHI) [Ethiopia], 
ICF [13] and USAID Demographic and Health Sur-
veys Program [15]. We find that assumptions on fertility 
rates greatly affect our estimates of clinical workload in 
Addis, but less so in Oromia. If future trends correspond 
to those in the last 10 years, the total workload in Addis 
will be 50% higher by 2035 than if the trends correspond 
to the longer-term 20-year historical trend. The corre-
sponding difference is 6% lower for Oromia (Fig. 4).

Magnitude of seasonal variability in workload
To assess the impact of seasonality, [15–19] we calculated 
the ratio of the highest month (maximum workload) to 
the average value. Figure  5 shows some regions should 
expect more variability than others; Somali had the most 
seasonal variation with the peak month 8.9% (90% CI 
8.2%, 9.8%) above average in 2022. Most regions have 
declining demand for services affected by seasonality, 

which results in a slow decline in the calculated ratio. 
Additional file  1, Figure S2  displays variation in clinical 
workload by month of the year for each region.

Clinical hours for age‑specific population
We examined clinical workload for age-specific popula-
tion in the three most populous regions of Ethiopia: Oro-
mia, Amhara, and SNNPR. For all three regions, infants 
and children under the age of 5  years are the groups 
predicted to accrue the highest proportion of clinical 
workload, accounting for a combined 57.2% of predicted 
clinical workload in Amhara, 62% in Oromia, and 64.5% 
in SNNPR (Fig. 6, Panel A). The regions show slight dif-
ferences in proportions of workload accrued by different 
age groups due to demographics and disease burden.

From 2021 to 2035, the per capita workload for children 
under 5 are predicted to decline due to expected decrease 
in incidence of childhood diseases (Fig. 6, Panel B). During 
the reproductive ages from 15 to 49, the per capita work-
load is higher for female compared to male, explained by 
utilization of family planning services by females.

This analysis focused on primary healthcare in a low-
income setting, which constrained the inclusion of clini-
cal workload on the treatment of some leading causes of 
morbidity and mortality in population aged 65 and over 
(e.g. Alzheimer’s care, cancer treatments, and liver dis-
ease treatments).

Discussion
In summary, we find that the total annual primary health-
care clinical workload varies by region by up to 28%, due 
to differences in population pyramid, fertility, and disease 

Fig. 3  Annual fertility per 100 women, DHS 2019. Bars show the fertility rates by 5-year age band reported in the DHS 2019, by region. Shading 
indicates the rate at which those baseline values are changing. Annualized rates of year-over-year change are calculated from DHS 2019 and DHS 
2011 for all regions except for Addis Ababa. DHS 2019 and DHS 2000 are used to calculate year-over-year change for Addis Ababa
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incidence. This will shift over time in regionally specific 
ways as demographics and disease burden evolve, with 
some regions stabilizing at a higher-than-current work-
load over 15  years, while others will continue to rise 
rapidly.

On net, our estimates show that for a given popula-
tion in 2020, the workload will rise substantially across 
all regions by 2035. The increase in workload is pre-
dominantly due to the growing population (estimated 
to rise by 40% between 2020 and 2035, per UN esti-
mates [48]).

The clinical workload is projected to decline on a per-
capita basis because of the combined effect of the young 
population aging into their healthiest years and expected 
reductions in disease rates. However, this is dependent 
on continued declines in net fertility rates and decreasing 
levels of infectious diseases, which are not guaranteed to 
materialize.

The top three service categories were pregnancy-
related services, non-communicable diseases, and sick 

child care, with sexual health, malnutrition and malaria 
being important as well in region-specific ways. Local 
disease burden and demographics influence the varia-
bility of each service category’s rank across regions. For 
example, malaria ranks in the top six in the two regions 
[50] with the highest malaria incidence. Malnutrition 
is a higher priority concern in Somali due to food inse-
curity, compounded by a young age pyramid and high 
fertility.

Several of these categories are affected by seasonal 
variability and planning based on average monthly clin-
ical workload would underestimate staffing need by up 
to 10%. Underestimation for workload due to seasonal-
ity is more severe in regions with higher fertility rates 
(Somali) and regions with higher burdens in conditions 
subjected to seasonality (Benishangul-Gumuz, Somali, 
and SNNPR). Given this level of variation, we conclude 
that seasonality is an important element to consider 
during the healthcare workforce planning process, even 
if not all PHC services display a seasonal pattern.

Fig. 4  Total annual hours of direct clinical care for Addis Ababa (Panel A) and Oromia (Panel B), under different fertility assumptions. The first two 
panels show estimates based on annual growth rates in fertility calculated across different time points in DHS. The third panel shows estimates 
based on an assumed low-level 0.05% decline per year for comparison purposes. The solid lines in the center of each panel represent median 
of predicted workload, and the shaded areas represent a 50% simulation interval. Estimates are for a catchment area population of 5,000 in 2020 
that increases with population growth over the 15 years modeled. Does not include any non-clinical time such as training, outreach and education, 
or supply management
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Based on these analyses, we make three key observa-
tions. First, the regional PHC needs are closely linked to 
the local context of disease incidence rates and demo-
graphic characteristics and the combined effects of both 
contribute to non-trivial cross-region differences in both 
amounts of clinical time required and areas of attention. 
Second, the regional differences do not dissipate over 
time and attention needs to be paid to both the shared 
trends (e.g., the increasing burden in NCDs), and the 
localized trends (e.g., the increasing burden in malnu-
trition for Benishangul-Gumuz and Harari). Third, even 
if a declining per-capita workload does materialize, the 
population growth may make it difficult for the country 
to ‘keep up with’ demand for services.

As far as we are aware, this is the first application of a 
stochastic workload model to estimate health workforce 
needs at a sub-national level. Previous studies have used 
static models to project health worker needs, mostly at 
the national level [51–53], with a few sub-national appli-
cations [54–56]. However, none have previously incor-
porated stochastic population trajectories, uncertainty in 
disease incidence, or seasonality, as far as we have uncov-
ered in the literature. Additionally, no comprehensive sub-
national modeling has been previously done in Ethiopia.

As with any study, there are limitations. Primary 
here is that this exercise was intended to examine 
future trend and regional differences, but numeric val-
ues should be used with caution due to limited data 

availability, especially the lack of time and motion studies 
that reported data at the clinical tasks level. Additionally, 
data on regional disease incidence rates was lacking for 
health areas that have not historically been prioritized by 
Ethiopia’s health sector [57] or that go under-reported, 
such as leishmaniasis, cancer treatment, gender-based 
violence, and smoking cessation. Another challenge is 
projecting trends, especially for fertility and disease inci-
dence, over the fifteen-year modeled time horizon. How-
ever, while future trends are never certain, this should not 
limit us from anticipating expected changes and planning 
ahead to meet those needs.

Future work is needed to refine and expand upon these 
results. First is that improved data on incidence rates, 
either through new collection or by making use of local 
surveillance records, would substantially improve the 
reliability of estimates for local planning. Second is the 
need to consider anticipated fertility trends and update 
models routinely as the future unfolds. It is important to 
have accurate census data on populations and the mod-
eling points to the potential use of admin data on family 
planning use to track changes in more real-time. Third 
is that this modeling estimates needed capacity in order 
to inform capacity planning, but it does not estimate the 
health or operational consequences when there is inade-
quate capacity available. For example, modeling could be 
used to estimate user waiting times, impact on care seek-
ing rates, health worker burnout risk, and ultimately the 

Fig. 5  Ratio of clinical workload for the peak month to the average monthly clinical workload, by region. The peak month is the month predicted 
with the highest clinical workload of each year. The solid lines indicate the median value from 100 simulation trials, and the shaded areas represent 
a 90% simulation interval
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health impact of missed opportunities to provide health 
services.

Conclusion
There are a few recommendations for policy mak-
ers who would like to learn from this study. Based on 
these analyses, we conclude that the regional variation 
in workload, which compounds over time, means that 

staffing equally based on the national average would 
result in inequitable access to care. These regional 
differences should be considered when allocating 
resources for training and recruitment of healthcare 
workers, both in Ethiopia and in other countries with 
similarly diverse populations. Additionally, national pol-
icies should incorporate allowance for flexible staffing 
models that are tailored to local needs.

Fig. 6  Predicted clinical workload based on age group classifications, for Amhara, Oromia, and SNNPR. Does not include any non-clinical time 
such as training, outreach and education, or supply management. Values are the mean of calculations from 50 simulation trials. Population 
between the age of 0 and 100 are assigned into following groups: infants (i.e., age under 1), under 5 (i.e., age of 1 to 4), 5–14, 15–24, 25–34, 35–44, 
45–54, 55–64, 65–100. Panel A Proportion of total clinical workload contributed by each age group, female, and male. Panel B Average annual 
clinical workload per capita in minutes, by age groups, female, and male
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Staffing shortfalls may be compounded by seasonal-
ity, leading to a reduction in access to care during peak 
months. One option for addressing this in resource-
constrained settings is for tasks that are less time sensi-
tive (e.g., community health education) to be shifted to 
lower-workload times of year (e.g., malaria off-season) 
in a strategic way to reduce the impact of seasonality on 
overwhelmed health workers.

We also conclude that while normative staffing ratios 
are useful for aggregated goal setting, they are inadequate 
for localized planning because they do not adequately 
consider the contextual differences in health needs, and 
how those evolve over time. Thus, health systems would 
be better able to ensure adequate resourcing if planning 
is based on population-aware workload projections.
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