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Executive Summary
With the emergence of artificial intelligence (AI) technology, governments and organizations 
in sub-Saharan Africa are beginning to see the use of AI as a means of increasing the health 
system’s efficiency (see the report, “AI-driven Predictions to Improve Health System Efficiency in 

sub-Saharan Africa”). However, the use of AI in the field is still relatively novel. There have 
been limited efforts to quantify the costs and impact associated with AI on the health 
system. The absence of cost and impact data of AI makes it difficult for stakeholders to 
determine this novel technology’s value to the health system, especially when allocating 
limited health resources.

Quantifying an AI-based intervention’s economic impact begins by breaking down its cost 
into intervention components, cost categories, and inputs. For example, a costing analysis of 
a supply chain machine learning algorithm could break down different intervention 
components (e.g., collecting AI algorithm training data, developing the algorithm, piloting, 
etc.) There are critical cost categories within each intervention component, such as general 
operations costs, management costs, recurrent implementation costs, etc. Finally, each critical 
cost category comprises individual inputs, including the number of full-time staff, service fees, 
and units of hardware needed.
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Figure 1: Costing terminology by levels with examples.

Intervention

Intervention 
Components

Critical Cost 
Categories

Inputs

• Collecting  AI algorithm training data
• Design, development, tuning of algorithm
• Piloting algorithm with live data
• Monitoring and evaluation
• Large-scale implementation

• Supply chain machine learning algorithm

• General operations costs
• General management costs
• Non-recurrent intervention costs
• Recurrent implementation/ maintenance costs
• Field costs
• Headquarter costs

• Number of data analysts
• Number of computers
• Monthly/annual storage service fees



Critical AI intervention components that evaluators should consider for costing are: 
• AI system design and development
• Rollout
• Recurrent digital and basic infrastructure
• AI management

The foundational digital infrastructure for health-related AI and machine learning solutions is 
the baseline services and resources that comprehensively and safely support AI’s 
functionality. These baseline services and resources include reliable internet, 
digitized/machine-readable data, electricity, data warehousing capabilities, cybersecurity, and 
data protection. Initiatives to develop health-related AI solutions should determine whether 
this infrastructure is in place and coordinate with current digital system strengthening efforts 
to avoid a fragmented system. In contexts that the foundational digital infrastructure is 
absent, stakeholders should budget for the price of digital infrastructure (e.g., internet 
connectivity, cybersecurity, cloud hosting, data management, etc.) that the AI intervention 
may depend on.

Based on the costing exercise of an AI-based health solution in Burkina Faso provided in this 
report, one of the primary cost drivers of AI is the labor needed for the system’s design, 
development, and maintenance. The other primary cost driver of AI is associated with data 
collection, storage, and management. Those implementing AI-based solutions should 
consider that developing AI interventions may require a higher upfront-cost for its design 
and implementation (87% of total costs based on a two-year timeline) compared to the 
maintenance period.* While the investment needed for this AI-driven solution’s design and 
initial implementation approximated $653,000 (USD) and an annual cost of $90,000 (USD) 
to maintain the program, costs will vary depending on the AI’s digital health system maturity. 
The recurrent digital infrastructure costs are modifiable and impact the number of personnel 
hired to manage the AI and the data. 
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*This AI-driven health solution’s total cost is approximately $743,000 (USD) over a two-year period. The 
costing reference case was conducted as an external, independent analysis from the AI solution developers. See 
the AI Costing Reference Case for further details and the Supplementary Materials for price assumptions. 



To best support evidence-based policy decisions, evaluating AI-intervention’s 
economic impact compared to their alternatives ultimately requires comparable 
evaluation measures. These measures should help determine either what was 
accomplished with the AI’s resources and activities or what was achieved with 
the AI intervention compared to the standard of care. Population-focused AI-
driven interventions produce outputs in the form of classif ications, 
probabilities, and actions triggered by the AI. However, it may be evaluated 
based on its performance error, in other words, incidents where the AI 
intervention does not perform as expected.1 For example, one may compare 
the difference in the AI’s accuracy in identifying cholera-vulnerable 
communities to current methods’ accuracy. Although efforts to standardize 
methods to compare AI’s efficiency and effectiveness are stil l underway, 
researchers and AI developers should begin to develop ways to translate the 
gains in effectiveness and efficiency into cost-benefit terms as this will 
eventually become a crucial way to make a case for implementing AI. 

Stakeholders may question the reliabil ity, efficiency, and effectiveness of AI-
driven solutions given AI’s novelty compared to more traditional interventions 
with a more robust evidence base. Policymakers should require AI 
development teams to demonstrate the product and provide records of costs 
associated with the project to address this. AI teams should also budget for a 
robust monitoring and evaluation (M&E) effort to il lustrate proof of concept 
with improved efficiency, effectiveness, or equity. 
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Developing AI-driven health solutions will require 
careful evaluation to demonstrate its value to health 
systems with constrained resources. By identifying 
the costs associated with AI and adapting economic 
impact assessment methods for AI-based solutions, 
policymakers, donors, and development 
organizations will have greater transparency on how 
this growing technology can enhance a health 
system’s capacity for resource-constrained 
communities in the face of rapid population growth 
and a constrained healthcare workforce.



At its very basic definition, Artif icial Intell igence (AI) is the ability of machines 
to perform tasks, make decisions, and solve problems that would otherwise 
require human intell igence.2 AI machine learning models are mathematical 
algorithms that can be trained to address increasingly complex problems by 
recognizing patterns, images (“computer vision”), or words (“natural language 
processing”) to support decision-making processes.3 For example, some forms 
of AI can use thousands of medical images (e.g. , x-ray imaging) to 
independently identify patterns that are consistent with a positive or negative 
disease diagnosis. AI technology can analyze data efficiently and without direct 
supervision, sometimes with improved speed, accuracy, or reliability. Instead, it 
is reliant on access to large datasets to create accurate predictions. With the 
global proliferation of digital technology and AI technology's advancement, data 
has become a critical societal resource for countries to build their systems 
around.

Efficiency is considered to be one of the strongest arguments for the use of AI. 
For health systems*, technical efficiency is when a “good or service is 
produced at minimum cost” from an operations perspective.4 Efficiency is 
typically measured by examining the maximum output the intervention can 
produce based on what was spent on the intervention. 

Given the concerns regarding rapid population growth and a constrained 
healthcare workforce in limited-resource settings, the efficiency that AI can 
bring to health systems’ processes has the potential to expand the system’s 
capacity to reach larger populations with fewer resources. 

Introduction
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*According to USAID, the term health system is defined as consisting of all people, institutions, resources, and 
activities whose primary purpose is to promote, restore, and maintain health. This includes the spectrum of 
health services ranging from primary care (i.e., family planning, vaccinations) to tertiary care (i.e., emergency 
care, inpatient care).

To aid policymakers with their decision-making 
responsibilities, economic impact assessments 
offer a way to identify where AI-based approaches 
can improve efficiency.5



Despite the potential savings and improvements that AI-driven-technology 
offers, the absence of cost and impact data of AI makes it diff icult for 
stakeholders to determine its value to the health system, especially when 
allocating limited health resources. Few companies and organizations have 
evaluated their AI-driven health solutions’ cost-effectiveness or efficiency. The 
literature on AI economic impact assessments indicates a lack of robust AI 
assessments as many do not meet the criteria for an economic impact 
assessment.6 For example, these assessments of AI may not provide the full 
details on the AI technology’s performance, the total costs of its development 
or operations, and do not compare the AI technology against other health 
solutions.6,7 That said, efforts to develop a standardized approach to assessing 
the economic impact of AI are stil l underway.7

The following report aims to support these efforts by providing policymakers, 
researchers, development professionals with an overview of fundamental 
economic impact assessment methods and how they can be applied to 
assessing the impact of AI-driven health interventions. The report identif ies AI 
intervention components and cost categories for health systems implementing 
AI in lower-resource settings alongside an il lustrative costing exercise. By 
collecting data on these AI components and cost categories, those developing 
or managing AI projects can begin to build the evidence needed to conduct 
robust economic impact analyses on AI health interventions. Finally, this report 
shares future considerations stakeholders should make if they are interested in 
implementing AI-driven health technology in low-resource settings. 
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There are a few economic impact analysis methods that policymakers can use 
to capture the value of AI-driven health programs. Each type of economic 
impact answers different questions policymakers may be interested in. The 
following analyses were defined by Walls et al.’s 2020 Cost Analysis Guidance 
for USAID-Funded Education Activities and were reviewed to explore their 
relevance for the health sector.8

Breaking Down Costs 
Figure 1 demonstrates how one should break down an intervention’s costs. It 
provides an il lustrative example for identifying some of the costs in 
implementing a supply chain machine learning algorithm. To find the 
intervention’s total costs, it is easiest to identify the intervention’s different 
components. For stakeholders interested in costing AI model development, this 
may include the stages needed to create and implement the AI project. For 
example, data collection required to collect the AI’s training data is one 
component of developing the AI software. After collecting the data, other 
potential components of the overall AI intervention include making the data AI-
ready via exploratory data analysis, data cleaning, and data labeling. Once these 
intervention components are identif ied, these components can be broken down 
into cost categories.

Types of Economic Impact Analyses 
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Figure 1. Costing terminology by levels with examples.

Intervention

Intervention 
Components

Critical Cost 
Categories

Inputs

• Collecting  AI algorithm training data
• Design, development, tuning of algorithm
• Piloting algorithm with live data
• Monitoring and evaluation
• Large-scale implementation

• Supply chain machine learning algorithm

• General operations costs
• General management costs
• Non-recurrent intervention costs
• Recurrent implementation/ maintenance costs
• Field costs
• Headquarter costs

• Number of data analysts
• Number of computers
• Monthly/annual storage service fees



Within each intervention component are cost categories. Critical cost 
categories include general operational costs; general management costs; 
intervention costs (i.e. , non-recurrent intervention design/development costs 
and recurrent implementation/maintenance costs); f ield costs; and headquarter 
costs. AI-specific cost categories will be discussed later in the report. 

Within each category are the inputs (e.g. , number of data analysts, number of 
computers, number of healthcare providers, etc.) that are needed to establish 
and maintain the operation of the intervention’s component. For example, 
identifying inputs would include quantifying how many data analysts, 
computers, and other hardware or personnel are needed to implement a 
supply chain machine learning algorithm in a community. Detailed prices of 
inputs will help define the cost of each component and the overall 
intervention.

After breaking down the costs, one can consider applying the following 
economic impact assessments.

Cost-Economy Analysis 
A cost-economy analysis can calculate the total costs of an intervention. 
Overall , a cost-economy analysis can provide an understanding of the overall 
cost of different inputs. It is also the foundation of the cost side of all other 
economic impact analyses. It can also provide greater insight into a program’s 
total costs and if it is sustainable to implement across different budget cycles.

Cost-Efficiency Analysis
A cost-efficiency analysis applies the cost data from the foundational cost-
economy analysis along with output data. An output is a target that the 
intervention accomplished(e.g. , number of persons served, number of trainings 
conducted, etc.) When looking across interventions, cost-efficiency analysis 
helps select between alternative interventions with the highest technical 
efficiency. Evaluating cost-efficiency allows stakeholders to answer questions 
like:

• What is the cost per vaccine saved from wastage using a machine-

learning algorithm compared to traditional supply chain estimation 

methods?

• What is the cost per nurse trained using AI-generated feedback compared 

to the cost that uses old feedback methods?  

• What is the cost per diagnosis of pneumonia using a trained AI algorithm 

compared to the cost of a diagnosis made by a healthcare worker?
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Cost-Effectiveness Analysis
Cost-effectiveness differs in that it measures allocative efficiency* and whether 
an intervention maximizes health status gains.4 An outcome is the program’s 
desired result, ideally pertaining to improved health or a proxy of health. 
Defining an outcome requires one to ask, what did the intervention achieve?

In health, an intervention’s cost-effectiveness is usually evaluated by 
incremental cost ratios, which compare the dollars per death/case averted, 
dollars per Disability Adjusted Life Year (DALY) averted, or dollars per 
Quality-Adjusted Life Year (QALY) gained to compare against other health 
interventions. Other general data inputs that would support a cost-
effectiveness analysis include the population size of targeted communities; 
epidemiology of the il lness (e.g. , the average incidence of disease of interest 
per 100,000, case fatality ratio for those without intervention, the effectiveness 
of the intervention at preventing the il lness); and baseline coverage and dosage 
of the intervention among the population.

Evaluating cost-effectiveness allows stakeholders to answer questions like:
• What is the cost per measles case averted by using a machine-learning 

algorithm compared to traditional supply chain estimation methods?

• What is the cost per cholera death averted by using an AI predictive 

analysis to identify at-r isk communities compared to traditional cholera 

prevention strategies?

• What is the cost per DALY averted by using an AI diagnostic tool to 

diagnose diabetic retinopathy compared to the current diagnostic method 

in this context? 
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*Allocative efficiency is achieved when resources have been optimally distributed to meet a health system‘s 
goals. In contrast, technical efficiency is achieved when a good or service is provided at a minimum cost.



Extended Cost-Effectiveness Analysis
An extended cost-effectiveness analysis assesses the health and financial impact 
of policies across different population groups. It is often used to understand 
equity and the disaggregated health outcomes and financial risk protection 
across different income groups.9 This method can also be applied to other 
groups, including gender, ethnic groups, geography (rural/urban). By calculating 
the impacts across different groups, policymakers can evaluate how equitable 
the intervention is. 

Applying an extended cost-effectiveness analysis to AI-driven health solutions 
can answer questions like:

• What is the cost per healthcare worker trained using a machine-learning 

feedback program compared to a traditional cl inical feedback method 

across different health faci l it ies?

• How much f inancial r isk protection is afforded per measles cases averted 

by using a machine-learning algorithm compared to traditional supply 

chain estimation methods across different income groups?

As each of these economic impact analyses focuses on different aspects of a 
health system, selecting one requires thoughtful consideration of the analysis’ 
desired goals and limitations. One can explore a few questions to choose the 
best economic impact analysis to evaluate an AI health-technology intervention.
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Selecting an Economic Impact Analysis
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Analysis Type Description Measurements

Cost-Economy Calculates total costs of an 
intervention

Cost (e.g., $)

Cost-Efficiency Combines cost data with output 
data to identify the intervention with 
the highest technical efficiency

Cost per unit output 
(e.g., $/vaccine saved)

Cost-
Effectiveness

Combines cost data with outcome 
data to identify the intervention with 
the highest allocative efficiency

Cost per outcome 
(e.g., $/death averted; $/DALY 
averted)

Extended Cost-
Effectiveness

Combines cost data, outcome data, 
and population data to identify the 
intervention with the most equitable 
impact

Cost per outcome by socioeconomic 
groups (e.g., $/death averted among 
the lowest wealth quintile)

Table 1: Summary of types, descriptions, and measurements of 
economic impact analyses.

It is critical to understand the following questions when selecting an economic 
impact analysis approach to evaluate the value of investing in AI-driven health 
solutions:

• What is the purpose of the analysis?
• What data is available for use?
• Who is the target audience of this analysis? Are you looking at 

specific stakeholder costs, health system costs, or overall societal 
costs?
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Below is a map to help determine which economic evaluation can be 
conducted considering the purpose of the analysis and what program data 
inputs and outputs are available. 1) Begin by answering whether those 
conducting the analysis have the means and data to compare multiple 
alternatives. For example, one could choose between the AI health 
intervention of interest and the current processes in place. 2) Then identify if 
the evaluation will include costs and/or consequences of the alternatives (e.g. , 
costs may consist of programmatic costs and development costs while 
consequences could be the number of vaccines produced or nurses trained). 
3) One can then determine which economic impact assessment method to 
use.

Figure 2: Map to select an appropriate health evaluation. 

To best demonstrate the value of AI, it is critical to compare the AI to an 
alternative approach. Therefore, stakeholders implementing AI health 
solutions should focus on the analyses that compare two or more alternative 
approaches seen on the right side of the map.

Source: adapted from Drummond et al . , 2015’s Distinguishing characteristics of 

healthcare evaluations.10

Is there a comparison of two or more 
alternatives?

Outcome 
description

(Partial 
Evaluation)

Cost 
Description

(Partial 
Evaluation)

Cost analysis

(Partial 
Evaluation)

Cost-outcome 
Description

(Partial 
Evaluation)

Full Economic 
Evaluation

What should count?
How should it be measured?

How should it be valued?

Are both costs (inputs) 
and consequences 
(outputs) of the 

alternatives examined?

Examines only 
consequences

Examines only 
costs

No

Yes

No

Are both costs (inputs) 
and consequences 
(outputs) of the 

alternatives examined?

No

Yes
Examines only 
consequences

Yes

Examines only 
costs

Efficiency or 
Effectiveness 

Evaluation 

(Partial Evaluation)

1

2
2

3
3

3

3



The components and costs of AI technology may differ based the AI’s function 
and whether it is independently built or created using already established tools 
and technology. For example, looking across several AI-driven health solutions, 
critical cost categories to include in a costing analysis for AI in healthcare are 
the following:

Standard AI Intervention Components and 
Cost Categories

Page 15

AI Components Component Descriptions (Cost Categories)
Potential 
Data Sources

AI system 
design and 
development

Design and development of AI solution (e.g., collection 
or access to data; data cleaning and preparation; training 
of model-tuning/testing/interaction to achieve a model 
with the desired accuracy); Staff labor costs

Budget proposals; 
Expenditure
reports; Activities 
reports

Rollout 
(by region)

Hardware; Meetings; Training of staff; Deployment 
activities (e.g., per diems, lodging, and transport-related 
to deployment); Staff labor costs

Budget proposals; 
Expenditure
reports; Activities 
reports

Recurrent digital
and basic 
infrastructure 
(by region)

Dataset(s) (fees to access or collect data, if relevant); 
Internet connectivity (per year); Data hosting server (per 
year); Supportive supervision (per diems and transport 
costs to provide support after deployment); Staff labor 
costs; Electricity (for AI’s higher computing power needs)

Budget proposals; 
Expenditure
reports; Activities 
reports

AI management Data scientist salaries and benefits; Recurring reference 
data collection; Staff labor costs; IT security

Budget proposals; 
Expenditure
reports; Activities 
reports

Table 2: Critical AI intervention components and cost categories.

Source: adapted from Mvundura et al . , 2019.11



Within each of these cost components are staff labor costs. These staff labor 
costs include staff time for system testing, deployment, supervision, and 
project management. Additionally, opportunity costs are another critical cost 
categories within each AI intervention component. Opportunity costs are the 
health benefits that could be achieved with the next best alternative 
intervention; human resource constraints, etc. They are also the costs 
associated with false positive and false negative results.7 Data sources that can 
inform opportunity cost estimations include budgets, shadow prices, and 
disease burden data.

In addition to these costs, one must consider the foundational digital health 
infrastructure that the AI may require. For example, the training of machine 
learning algorithms requires large datasets to make predictions. As such, 
health-related AI has often relied on data from pre-existing data repositories 
(e.g. , EHRs, health workforce management systems, civil registration and vital 
statistics systems, and health information systems, including supply chains). 
Additionally, population health AI may util ize mobile usage data, social media 
data, or satell ite data sources. As the access to some data repositories may be 
open-source while other organizations and companies may pay for access to 
data, an accurate estimation of costs should include any fees associated with 
data-sharing agreements.

Although there are efforts to build AI off of data without traditional digital 
system infrastructure, countries that do not have digitized repositories of data 
may have to make prerequisite investments in strengthening digital health 
systems. For example, digitizing data, improving data quality, and developing 
interoperable digital health architectures are needed before implementing AI-
based solutions at a system level is feasible.
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The foundational digital infrastructure for health-
related AI and machine learning solutions are the 
baseline services and resources that can 
comprehensively and safely support the functionality 
of AI. This includes, reliable internet, 
digitized/machine readable data, electricity, data 
warehousing capabilities, cybersecurity, and data 
protection. Initiatives to develop health-related AI 
solutions should determine whether this infrastructure 
is in place and coordinate with current digital system 
strengthening efforts to avoid a fragmented system.

Digital Health 
System 
Foundations for 
Health-related AI



Suppose a country has already invested in or established a digital health system 
with the requisite infrastructure. In that case, the costing analysis may only 
have to calculate the additional costs of implementing an AI-solution rather 
than the cost of developing the requisite pieces of the foundational digital 
health system. Yet, the costing analysis must contextualize the digital health 
system's maturity by defining the digital health system's starting point (i .e. , the 
pieces of a digital health system, which are a prerequisite to implementing an 
AI-based intervention that already assumed to be in place). For instance, 
specifying that the health system's data is digitized and has sufficient quality 
ensures the results are trustworthy. The costing analysis should also note 
whether it is including expenses that would not need to be repeated if more 
general investments in digital systems were already made. After specifying 
these assumptions and defining the starting point, identifying the incremental 
costs to include in the AI costing analysis can begin.

Data sources for costing data typically come from budget proposals, 
expenditure reports, and activities reports. However, l ine items for these 
specific costs may not be commonly found in these reports resources for 
evaluators to use. To bridge this information gap, AI project evaluators should 
connect with the AI project’s f inancial management team throughout the 
development and implementation process to support costing and economic 
impact assessment activities. 
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As stated earlier in the discussion of the different economic impact analytical 
methods, an output is what was accomplished with the intervention’s resources 
and activities (e.g. , number of persons served, number of trainings conducted, 
number of positive or negative diagnoses)? Cost-efficiency analyses tend to 
focus on the outputs produced.

Cost-effectiveness analyses focus on outcomes: the program's desired results 
and ideally depicted by improved health or a proxy of health. Defining an 
outcome requires one to ask, what was achieved with the intervention? 
Outcomes can be categorized into short-term (weeks-months), medium-term 
(months-years), and long-term (years-decades) desired results.12 For example, a 
short-term outcome for a clinical AI solution used to diagnose diseases could 
be improving the rate of correct diagnoses within the community that 
implemented the technology. A medium-term outcome indicator for this 
technology would look like an increase in treatment rates among the 
community. A longer-term result would be reducing the incidence and 
prevalence of severe complications associated with diabetic retinopathy (e.g. , 
blindness) among that community’s population.

To best support, evidence-based policy decisions, evaluating the AI-
intervention’s economic impact compared to their alternatives ultimately 
requires comparable evaluation measures. Of the different AI-health 
interventions available, diagnostic clinical AI interventions have the most 
straightforward comparable measures to evaluate the AI outputs and health 
outcomes.

For example, clinical AI health interventions tend to produce: 1) classif ications 
(e.g. , diagnosis, disease severity or stage, or recommendation such as 
“referability”); 2) probabilities (e.g. , the risk of disease) and 3) actions triggered 
by the AI (e.g. , titration of drug infusions).

Evaluating AI: Output and Outcomes for AI
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To evaluate the impact of the AI-solution on the 
health concern of interest, those implementing AI-
solutions should invest in M&E activities to collect 
information on outputs and outcomes as a form of 
performance measurement.



Clinical AI is most commonly evaluated based on its performance error, in 
other words, incidents where the AI intervention does not perform as 
expected.1 The variability in accuracy compared to expected accuracy, 
incorrect predictions, or the AI’s inability to produce its intended output are 
common clinical AI performance errors. This variability in accuracy can be 
reported as the probability that the AI will work correctly. For clinical 
diagnostic AI tools, evaluators should report the sensitivity, specificity, and 
accuracy of the AI in comparison to the current (non-AI) standard of care.

Population-focused AI-driven interventions, including AI predictive health 
analytics, also produce similar outputs in the form of classif ications, 
probabilities, and actions triggered by the AI. For example, as described in AI-

driven Predictions to Improve Health System Eff iciency in sub-Saharan Afr ica , the 
Fraym GeoAI techniques can create different high-resolution maps to identify 
risk factors for COVID-19 in Pakistan. In a different example, macro-eyes make 
bi-weekly predictions of vaccine util ization rates for health facil it ies across 
Tanzania with a higher accuracy rate than other supply-chain forecasting 
methods.13 In Tanzania, macro-eyes AI is forecasting daily, site-specific vaccine 
util ization for ~4,000 facil it ies across Tanzania, with a margin of error of +/- 1.5 
doses for every 100 used. 

The Terre des hommes Foundation aims to have their AI provide healthcare 
workers in Burkina Faso with feedback about their performance. As such, 
population-focused AI-driven interventions should report similar performance 
error details of the AI, including sensitivity, specificity, and accuracy. 

Those evaluating AI-driven health technology should use the questions listed in 
the following matrix to consider how they can evaluate their AI’s performance 
in terms of efficiency and effectiveness. Efficiency measures will be best 
represented by outputs (i .e. , what did the AI’s resources and activities 
accomplish?) Effectiveness will be better evaluated by looking at outcomes (i.e. , 
what did the AI intervention achieve compared to the standard of care?) The 
example responses are from AI-driven health technology projects that are 
currently in development in sub-Saharan Africa.
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Fraym GeoAI:
COVID-19 
Outbreak Risk 
Prediction

macro-eyes:
Vaccine Utilization
Prediction

Terre des hommes: 
Healthcare Worker 
Feedback

How does the AI 
component 
compare to the 
current standard 
methods?

What is the 
difference in the AI’s 
ability to accurately 
identify COVID-19 
vulnerable 
communities 
compared to the 
current method’s 
accuracy?

What is the 
sensitivity/specificity in the 
AI prediction of vaccine 
utilization (vs. actual 
utilization) compared to 
the sensitivity/specificity 
of the current supply 
chain forecast?

What is the difference in the 
integrated management of 
childhood illnesses quality 
indicators among health 
workers who receive feedback 
from the AI compared to 
those who receive feedback 
from current clinical feedback 
loops?

Outputs: What did 
AI’s resources and 
activities 
accomplish 
compared to the 
current methods?

Accurate 
classifications of 
high-risk 
communities

Vaccines saved; health 
facility vaccine stockouts 
prevented 

Number of healthcare workers 
who receive feedback; changes 
in the integrated management 
of childhood illnesses quality 
indicators of services provided 
by healthcare workers

Outcomes: What 
did the AI 
intervention 
achieve compared 
to the standard of 
care?

Number of COVID-
19 cases averted

Number of vaccinated 
children

Reduction in the number of 
irregular integrated 
management of childhood 
illnesses

Table 3: Questions to Consider When Evaluating AI-driven 
Health Technology Against Comparative Options

The diversity of AI-technology will require evaluators to develop output and 
outcome measures that ref lect the AI-solution’s purpose and goal. The rapid 
application of AI to the health sector has been a signif icant impetus for health 
institutions, such as the World Health Organization (WHO) and the 
International Telecommunication Union (ITU), to develop an international set 
of standards for evaluating artif icial intell igence for health. Institutions should 
develop topic-specific standardized benchmarks for AI health technology, 
including AI to address malaria, non-communicable diseases, outbreak 
prevention, etc.14



By combining the information from the cost and evaluation components 
together, the goal is to create a unit cost, which is the average cost per unit of 
a particular good or service. Calculating a unit cost will require collecting 
careful M&E related to project outputs (e.g. , vaccines) and outcomes (e.g. , 
children vaccinated). The difference in the AI's predictive ability (e.g. , accuracy, 
specificity, sensitivity, etc.) or the outputs associated with the use of the AI 
compared to the alternative intervention (e.g. , accurate classif ications, vaccines 
saved, etc.) can inform a decision tree model. A decision tree model is used to 
il lustrate the different steps the program has to take to meet its intended 
outcome.15 This will provide evaluators with the relevant outputs and 
outcomes to evaluate the value AI has compared to the status quo approach.

Although cost-effectiveness analyses are traditionally sought after, evaluating 
AI’s effectiveness is one of the more challenging pieces of the economic impact 
assessment. A cost-effectiveness analysis compares each strategy’s cost to avert 
deaths, cases, or disease burden. For example, by increasing the number of 
Quality-Adjusted Life Years (QALYs) saved or reducing the Disability Adjusted 
Life Years (DALYs), stakeholders can evaluate AI’s comparative efficiency as 
one aspect of effectiveness. The use of unit costs can assist policymakers in 
assessing efficiency. Therefore, conducting a cost-efficiency analysis to compare 
the AI method to other vaccine interventions will provide a valuable way of 
evaluating which vaccine intervention may be the most efficient at saving the 
most vaccines and not wasted. For example, an AI health solution ‘unit costs’ 
may be represented as $ per fully immunized child, $ per facil ity stock out 
averted, or $ per viable vaccine. A lower unit cost demonstrates that there are 
fewer inputs and resources needed than before to produce the same result 
and provide insight into the potential cost-savings that the AI intervention 
offers. 

Developing AI Economic Impact 
Assessment Unit Costs
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The purpose of this case is to demonstrate an exercise in costing an AI-driven 
health intervention by showing how one can identify an intervention’s cost 
components, categories, and inputs. It applies the standard AI intervention 
components and cost categories to provide an il lustrative analysis of an AI 
intervention in Burkina Faso. The type of equipment, staff , materials, and prices 
will depend on the specif ic AI technology, the implementation strategy, and the 
context it is implemented. However, the reference case aims to 1) demonstrate 
what costs are associated with AI-driven health interventions and 2) provide 
the foundation for the costing piece of an economic impact analysis for AI-
driven health solutions.

Introduction to IeDA

One of Burkina Faso's 2016-2020 National and Economic Social Development 
Plan's (PNDES) goals was to create a robust digital ecosystem.16 The country 
has relatively strong mobile access and implemented the District Health 
Information Software 2 (DHIS2) in 2011 as a national health management 
information system overseen by its Ministry of Health (MoH). These earlier 
investments in the digital health infrastructure demonstrate the country’s pre-
existing foundational health infrastructure.

Beginning in 2014, Terre des hommes (Tdh) and Burkina Faso's MoH
implemented the Integrated eDiagnosis Approach (IeDA) package of 
interventions in primary health facil it ies of two regions of Burkina Faso. The 
package was intended to improve health care workers' adherence to the 
Integrated Management of Childhood Illness (IMCI) guidelines.17 One of the 
IeDA package's interventions was providing healthcare workers with an 
electronic Clinical Decision Support System (eCDSS) that the healthcare 
workers could refer to on a facil ity-owned tablet during under-five child 
consultations. The eCDSS connected to a descriptive dashboard that collected 
data from the under-five consultations which used the eCDSS. In a partnership 
with the Cloudera Foundation, a foundation that grew out of a data 
warehousing and analytics software company, Tdh has been able to host data 
from the IMCI consultations on the online cloud storage service from 
CommCare. This data was made available to health district authorities and 
primary health care facil it ies’ staff . The collected data is also used at the 
district (through the national district-level health information system, DHIS2) 
and regional level for monitoring purposes.

AI Costing Reference Case: Integrated 
eDiagnosis Approach (IeDA)
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IeDA is currently implemented in over 1300 primary healthcare facil it ies in 
Burkina Faso, with an average of 250 thousand consultations each month. With 
its expansion across the country, over three mill ion children have been 
registered into the system. IeDA has also since been deployed in Mali, Niger, 
and India.

Description of AI-Driven Health Intervention

While the IeDA intervention package’s primary impact was improving health 
care workers’ adherence to the IMCI guideline tasks and correct identif ication 
of the il lness, Tdh now has a large dataset of under-five consultation 
encounters from the eCDSS connected descriptive dashboard.17 To util ize the 
available data, Tdh is developing multiple AI machine-learning algorithms, 
including predictive modeling for disease outbreaks and an AI machine-learning 
algorithm that provides individual feedback via text message to clinic healthcare 
workers on the quality of their work compared to their colleagues. This 
reference case will examine the costs associated with the healthcare worker 
feedback AI-driven intervention in Burkina Faso.

Using the large dataset from the eCDSS, the healthcare worker feedback 
machine-learning algorithm identif ies irregularities in the data that are 
inconsistent with reference data collected by expert medical practitioners. For 
example, if a healthcare worker consistently enters vital data that looks 
abnormal from the reference data, the machine learning application would 
identify the instances that diverge from the expected data entry. At the end of 
the month, the AI application would report a quality of work score (%) by 
comparing the healthcare worker’s inputs for each encounter into the eCDSS
against the reference data. Based on cultural insights into Burkina Faso, Tdh has 
considered using a ranking system to incentivize improvements in the quality of 
work. These scores would be compared across all of the health facil ity’s clinical 
workers. The AI application would designate whether a provider received a 
gold, silver, or bronze medal compared to their health facil ity clinic colleagues. 
The program would then send an individualized text message with a provider’s 
medal ranking to that provider.  The district managers would also receive a 
monthly summary feedback report on the quality of work at each primary 
health facil ity from the AI's analysis and how healthcare workers could improve 
their work.
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Although the AI component is in the early stages of development and piloting 
in Burkina Faso, Tdh believes local staff will take over from expatriate staff to 
maintain the AI’s long-term operations after the design and development phase 
is complete. As such, the organization is thinking of the AI’s additional costs 
and the value it can provide to the healthcare provider compared to the 
current Burkina Faso IeDA package without the AI.

IeDA Intervention Costs

For many AI interventions, the AI will l ikely be added to an already existing 
intervention, process, or system as many AI interventions require some form of 
digital infrastructure. As such, stakeholders may want to see the costs 
associated with the digital infrastructure the AI depends upon. The original 
intervention without the AI will also likely be the alternative intervention 
stakeholders will want to compare the AI intervention against. Thus, the first 
step of an economic analysis is to calculate the original IeDA intervention costs 
as a baseline without the AI.

Initially, researchers evaluating the IeDA IMCI package collected data to 
conduct a cost-effectiveness analysis on implementing the IeDA package of 
IMCI interventions compared to a standard paper-based IMCI protocol.18 Their 
main goal was to estimate the difference in average cost per consultation the 
healthcare provider (e.g. , the MOH) would incur between the new package 
versus the old protocol. While the specific details of their analysis can be 
found in their research proposal, the following figure demonstrates how one 
can break their intervention down to identify its costs.18
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Figure 3: Identifying IeDA’s AI intervention components, cost 
categories, and inputs.

Recurrent Digital 
Infrastructure 

Costs

AI Management 
CostsRollout Costs

System Design and 
Development 

Costs

AI Development Staff 
Labor

• Data scientists
• Higher-level 

statistician

Field Training Staff 
Labor

• Healthcare workers 
(local)

• Digital coaches (local)

Field Visit Travel 
Expenses

• Per diem
• Accommodations
• Transportation

Training/ Reference 
Data Collection Training 
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• Conference room
• Meals

Data Warehouse

• Software
• Hardware

Dashboard

• Hardware
• Software

Digital Utilities

• Electricity for tablets

AI Management Staff 
Labor

• Database Manager 
(local)

• Data analyst(s) (local)
• System administrator 

(local)

AI Hardware

• Desktop computer

AI Management Activity 
Costs

• Reference medical 
consultations (annual)

After identifying a specif ic intervention from the package (e.g. , provision of 
an electronic clinical decision support system), one can break the 
intervention down into intervention components (e.g. , clinical patient 
consultation). Within a component, there are cost categories (e.g. , the 
recurrent implementation/maintenance costs). The smallest units in an 
intervention are the unique inputs designated into the cost categories (e.g. , 
internet connectivity costs per month). Using this approach to break down 
the intervention into more manageable components, one can determine the 
foundational costs of the eCDSS’ dashboard that the IeDA AI algorithm 
depends on to make its predictions.
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Comparative AI Intervention Costs

After calculating the baseline intervention’s costs, one can util ize the critical AI 
intervention components and cost categories (Table 2) to identify the inputs 
needed to estimate the average cost per consultation with the AI intervention. 
Currently, the IeDA AI intervention is undergoing its pilot testing phase and 
has not yet undergone a cost analysis of its AI intervention. However, to 
demonstrate the potential inputs an AI intervention could use, the following is 
an il lustrative cost-economy analysis of the AI-specific intervention based on 
IeDA’s described materials and activities in Burkina Faso. 

IeDA has been implemented in 1100+ public primary health centers across 
Burkina Faso with plans to expand to all of the country’s public primary health 
centers. Each public primary health center is equipped with a tablet and has 
access to internet services. 

Page 26

Its primary costs are salary and benefits for the 
personnel responsible for the system design and 
development as well as the recurrent digital 
infrastructure costs to host and visualize the 
data for healthcare staff members, district 
authorities, and operations management staff. 



These costs are modifiable depending on how the AI project is developed. For 
example, data warehouses are the machines that host data for the AI to use 
and where data scientists run custom programs for analysis and modeling. The 
cost of data warehouse software can be zero if using free open-source 
software. However, this may require a substantial investment in a full-time 
system administrator rather than a part-time administrator to maintain the 
software continuously. Commercial data warehouse software options exist, but 
the price may vary across private companies. 

The dashboard is the interface where healthcare workers and managers can 
monitor real-time graphics, plots, and maps. The dashboard could potentially 
be hosted on the data warehouse's hardware to minimize costs. If it is hosted 
elsewhere, the fees could be a minimum of $10,000 per year. While 
organizations or governments can internally develop the dashboard, it would 
require an investment in personnel costs similar to the free open-source data 
warehouse software. Alternatively, commercial dashboard software licenses can 
be acquired but require purchasing a large number of licenses to equip all 
health facil ities with access to the dashboard.

Additionally, since some analysis can be done in dashboards depending on the 
platform, AI intervention developers can potentially minimize data warehouse 
costs by consolidating data analysis onto the dashboard software.
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Limitations

The il lustrative costs described above are primarily based on a provider’s 
perspective. For example, the AI intervention components outline how much it 
would cost the IeDA funder to develop and implement the AI intervention. 
The societal costs, in the form of opportunity costs, are also not represented. 
To account for the societal costs, one can calculate the fiscal cost and the 
disease burden that the health workers would alleviate had they performed 
their everyday tasks in the absence of the AI-based intervention. For instance, 
the direct cost of hiring an expert healthcare worker to collect field data for 
the AI’s reference data would be their salary, travel/per diem expenses, and 
program costs. The value of the opportunity cost may consider how many 
patients those physicians would have hypothetically seen on an average day if 
they had spent the day working as they usually do.

This analysis does not consider information on security costs though AI 
projects can minimize expenses if companies that provide the data storage 
have previously established security measures and protocols. It also does not 
take account of Tdh’s overhead costs, nor does it ref lect savings such as 
increased synergies between Tdh’s existing projects.

Estimates of the outputs and outcomes were unavailable at the time of writing 
this paper, as IeDA was in the process of developing the project and had not 
yet developed a M&E plan to capture this information. It is also important to 
note that IeDA relies on financial support through grants. The following 
estimates (Table 4) depict how much this would cost if the analysis did not 
consider grants.
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AI Components 
(Cost Categories) Description

Estimated Cost
(Year 1)

Estimated Cost 
(Year 2)

System design and development
(non-recurrent)

Costs of designing and developing 
the AI machine-learning algorithm 
and training Tdh staff to maintain 
the algorithm.

$495,364 -

AI development staff labor costs $495,364 -
Data scientists
Higher level statistician

Rollout costs (national)

Costs of training and healthcare 
workers to train public primary 
healthcare center staff and district 
managers on how to use the IeDA’s
eCDSS and get quality of care 
feedback.

$74,008 -

Field training staff labor costs $ 23,668 -
Healthcare workers/digital coaches (local)
Field visit travel expenses $42,300 -
Per diem
Accommodations
Transportation
Reference data collection and training costs $ 8,040 -
Reference data medical consultations
Conference room
Meals

Recurrent digital and basic infrastructure costs
Costs of the digital infrastructure 
needed to gather, store, access, and 
analyze the data.

$56,600 $56,600

Data Warehouse $23,000 $ 23,000
Data warehouse (Hardware)
Data warehouse (Software)
Dashboard $30,000 $30,000
Dashboard (Hardware)
Dashboard: (Software)
Digital Utilities $3,600 $3,600
Electricity for Tablets
Internet connectivity

AI management costs (Recurring)

Costs of managing the AI’s digital 
infrastructure and collect updated 
reference data for the AI to train 
with.

$26,856 $33,548

AI management staff labor costs $24,856 $23,939
Database manager (local)
Data analyst(s) (local)
System administrator
Healthcare workers (local)
AI Hardware $ 2,000 -
Desktop computer
Reference data collection and training costs (AI 
management)

- $9,609

Reference medical consultations
Conference room
Meals
Transportation
Per diem
Accommodations
TOTAL $652,827 $90,148

Table 4: Estimated cost summary for IeDA’s AI intervention.

Source :  Cost ing reference case was conducted as an externa l ,  independent ana lys i s  f rom Tdh.  A two-year t ime per iod was 
assumed to cons ider sys tem des ign and deve lopment costs  ( featured in Year 1) and long -term, recurr ing costs  ( featured in 
Year 2) .  Pr i ce assumptions ava i lab le in Supplementary Table S2a-b



Reference Case Reflections

Based on this case exercise, there are several critical costs stakeholders should 
take into consideration before implementing AI-driven health interventions.

• The development of AI interventions may require a higher 
upfront-cost for its design and implementation, especially if 
salaried AI development staff are expatriates. The estimated costs 
for subsequent implementation years may be lower if staff are local. Local 
workforce capacity in data science will be an important modifier of AI 
development costs.

• Costs can vary depending on the features of the AI’s digital 
health system maturity. The recurrent digital infrastructure costs are 
modifiable and impact the number of personnel hired to manage the AI and 
the data.

• In contexts that the foundational digital infrastructure is 
absent, stakeholders should budget for the price of digital 
infrastructure (e.g., internet connectivity, cybersecurity, cloud 
hosting, data management, etc.) when implementing AI 
interventions that rely on internet services. As an il lustration, the 
cost of internet services may be cost-prohibitive in countries and 
communities with limited-service providers or poor connectivity 
infrastructure. In Burkina Faso’s case, the original IeDA intervention package 
already ensured that clinics implementing the intervention had access to the 
internet. However, if the AI intervention had to include the cost of each 
clinic’s internet connection, the price of the intervention would be an 
additional 50% of the current price for the first year (see Appendix Table 1. 
Estimated Costs for IeDA’s AI Intervention, including internet services.) 
Large structural investments into this infrastructure require engaging and 
collaborating with a broader group of stakeholders, especially donors, to 
reduce the risk of fragmenting the digital system.19
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There are some challenges in using traditional economic evaluation methods to 
evaluate AI’s value to population health. These include enumerating the societal 
benefits and costs such as clinician task shifting (i .e. , giving AI the responsibil ity 
to make diagnoses instead of the physician) or defining the evaluation’s time 
horizon, given that AI generally improves over time. 

Determining an AI intervention’s individual effectiveness is not clear cut given 
other factors that may confound a patient’s eventual health outcome. One such 
factor is the impact of the “human in the loop” factor (i .e . , the use of both AI 
and human clinical expertise to inform a final diagnosis) on outcomes is 
unclear. For example, AI used for diagnoses with lower levels of certainty is 
reviewed and validated by a human clinician.20 Yet, depending on an individual 
clinician’s training or acceptance of AI, the clinician may correctly or incorrectly 
accept the AI’s diagnosis recommendation, making it diff icult to estimate an 
AI’s individual effectiveness precisely.  Contextual factors could also confound 
the AI’s impact on the health outcome (e.g. , insufficient cold-chain storage). 

Challenges in Using Economic Impact 
Analysis Methods on AI

Page 31

Ultimately, the implementation of AI is one 
component of the process. While its usability is key 
to informing one part of the process of addressing 
the health concern, those evaluating the impact AI 
has on health systems need to report how the 
information provided by AI-based tools is used in 
the context of the process. 

For example, AI that predicts outbreaks may specify a community is at a 
certain risk-level, but how that information is applied or acted upon will 
inf luence the health outcomes. Thus, reporting the process of how AI is 
used can provide more clarity on the generalizability of the results and 
inform decision-makers about the process one can implement AI. 



Additional health systems costs rarely discussed include liability concerns and 
insurance reimbursement policies related to AI health solutions, especially AI-
driven clinician support tools. Therefore, those considering investing in AI 
should carefully consider the unintended consequences and ensure that cost 
and impact evaluation data is collected diligently.   

Util izing economic impact analyses to evaluate AI technology requires detailed 
data on both the AI’s specific-costs and its intended outputs and outcomes. If 
there is a lack of transparency of this data, it will be diff icult for stakeholders 
to understand the value AI can add to the health system. Currently, there are a 
growing number of health system-level AI-driven projects that are supported 
by private-public partnerships. While these partnerships can be fruitful in 
introducing the private sector’s innovation and efficiency to the public sector, 
the competitive nature of the market and individualization of AI may 
discourage sharing cost estimate information and independent effectiveness or 
efficiency analyses results. However, the development and implementation of 
AI-driven health technology and evidence of its economic impact will be critical 
to encouraging those developing AI for health systems. This information will 
also support stakeholders’ efforts to use evidence-based interventions and 
facil itate discussions between health and finance ministers.
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• One of the primary cost drivers of AI is the labor needed for the AI system’s design, 
development and maintenance. The other primary cost driver of AI is associated with 
data collection, storage, and management. The level of digital health investments 
needed to implement AI successfully may vary depending on data 
sources. Some AI may work more remotely, while others may require 
initial time and monetary investments to build the foundational digital 
infrastructure and strengthen the underlying digital health system. 

• Additional cost considerations that policymakers should consider when developing AI 
projects depend on the context the AI is applied. For example, given the high costs of 
data storage and management, there may be less uptake among smaller medical or public 
health institutions if the funding is not available. An illustration of this was a case in which 
AI-driven health technology initially intended for the rural healthcare sector was piloted in 
India’s rural facilities but was primarily adopted by large private health facilities that could 
afford the costs.21

• In terms of evaluating the economic impact of AI on health, AI developers should collect 
cost and impact evaluation data from the beginning of any AI development projects, 
especially private-public partnership projects. Policymakers should require AI 
development teams to demonstrate the product and provide records of 
costs associated with the project. AI teams should also budget for a 
robust M&E effort to establish proof of concept of improved efficiency or 
effectiveness. The best approach to ensure there is sufficient data for economic 
impact analyses is to begin data collection at the design and pilot stage of any 
intervention.

• A valuable way to assist policymakers in interpreting the impact of AI is to quantify the 
cost-benefit (i.e., the monetary value) of these interventions. Although experts are 
currently standardizing methods to compare the efficiency and effectiveness of AI, 
researchers and AI developers should begin to develop ways to translate the gains in 
effectiveness and efficiency into cost-benefit terms as this will eventually become a crucial 
way to make a case for implementing AI.

• Conducting comparisons of AI health technology and non-AI solutions also requires the 
intervention options to have comparable evaluation measures. Thus, increased support to 
standardize AI evaluation measures and benchmarks is needed as one cannot compare 
apples to oranges in an economic impact assessment.

Summary Recommendations
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The expansion of AI into health systems offers communities with constrained 
resources the opportunity to expand their health system’s capacity in the form 
of increased efficiency. However, a concern that stakeholders may have is 
whether AI is the best intervention to address these health system issues. As a 
key facet of this decision-making process is cost, this report has provided 
stakeholders with a background of how to evaluate AI’s potential economic 
impact. This paper reviews a number of methods to assess the economic 
impact and demonstrates how to select a specific analytical method. 

In the case of AI-driven health technology, focusing on cost-efficiency analyses 
may be the best current approach to understanding AI’s economic impact on 
health systems.

The primary intervention components and costs 
associated with AI-driven health technology are its 
system design and development costs, rollout costs, 
recurrent digital infrastructure costs, and AI 
management costs.

This was il lustrated in the IeDA reference case, which found that developing AI 
interventions may require a higher upfront-cost for its design and 
implementation. Based on the IeDA costing exercise, costs can vary depending 
on the features of the underlying digital infrastructure. Furthermore, in 
contexts that the foundational digital infrastructure is absent, stakeholders 
should budget for the price of internet connectivity for AI interventions that 
rely on internet services, electricity, computing power, data storage/cloud 
storage.
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While global efforts are currently underway to develop benchmarks for health-
focused AI technology, population health AI developers and evaluators can look 
towards clinical AI performance measurements to inform current M&E efforts. 
There are a number of challenges to using traditional economic impact 
assessment methods to evaluate the value of AI, but further investment in 
transparent AI monitoring and evaluation will provide the needed evidence-
base to promote the adoption and adaptation of AI as an effective means of 
addressing health system issues that also saves costs. 

AI programs supported should further invest in M&E activities and staff . The 
first step these initiatives can take is to conduct a cost-economy analysis that 
can be applied to output and outcome data later in the evaluation period. Staff 
employed to monitor and evaluate AI-driven health solutions should continue 
to refine AI performance indicators and standardize them based on the WHO 
and ITU’s topic-specific benchmarks. In addition to testing and refining M&E 
approaches, donors and governments should share lessons learned and best 
practices. This will allow policymakers interested in implementing AI to push 
for AI-health solutions with a strong-evidence base. A steady commitment to 
developing interoperable digital health system infrastructure with a broad 
group of stakeholders from across the digital sector will also support the 
capacity of AI-health solutions to promote long-term sustainable development.
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AI Components 
(Cost Categories) Description

Estimated Cost
(Year 1)

Estimated Cost 
(Year 2)

System design and development (non-
recurrent)

Costs of designing and developing 
the AI machine-learning algorithm 
and training Tdh staff to maintain 
the algorithm

$495,364 -

AI development staff labor costs $495,364 -
Data scientists
Higher level statistician

Rollout costs (national)

Costs of training and healthcare 
workers to train public primary 
healthcare center staff and district 
managers on how to use the IeDA’s
eCDSS and get quality of care 
feedback.

$74,008 -

Field training staff labor costs $ 23,668
Healthcare workers/digital coaches (local)
Field visit travel expenses $42,300 -
Per diem
Accommodations
Transportation
Reference data collection and training costs $ 8,040 -
Reference data medical consultations
Conference room
Meals

Recurrent digital and basic infrastructure costs
Costs of the digital infrastructure 
needed to gather, store, access, and 
analyze the data

$380,456 $380,456

Data Warehouse $23,000 $ 23,000
Data warehouse (Hardware)
Data warehouse (Software)
Dashboard $30,000 $30,000
Dashboard (Hardware)
Dashboard: (Software)
Digital Utilities $327,456 $327,456
Electricity for Tablets
Internet connectivity

AI management costs (Recurring)

Costs of managing the AI’s digital 
infrastructure and collect updated 
reference data for the AI to train 
with

$26,856 $33,548

AI management staff labor costs $24,856 $23,939
Database manager (local)
Data analyst(s) (local)
System administrator
Healthcare workers (local)
AI Hardware $ 2,000 -
Desktop computer
Reference data collection and training costs (AI 
management)

- $9,609

Reference medical consultations
Conference room
Meals
Transportation
Per diem
Accommodations

TOTAL $976,683 $ 414,004 

Table S1: Estimated Costs for IeDA’s AI Intervention, including internet 
services

Supplementary Materials
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Object Class Cost Category Assumptions (Sources)
1. Salaries
Swiss Staff IeDA’s AI data science developers are based in Switzerland. Annual 

salary based on 2020 data. 
Data Scientists 3 data scientists focused on project development.
Higher level statistician 1 statistician
Field Staff Field staff are based in Burkina Faso. Wages based on 2020 data.
Healthcare workers/ digital coaches 
(local)

Healthcare workers are recruited from the capital city of Burkina 
Faso. Will participate in 10-day training program and will be 
dispatched to provide training to facilities for 2 months on an annual 
basis. They will also collect reference data for the AI machine-
learning training. 

Database manager (local)
Data analyst(s) (local) This cost-economy analysis included 1 full-time data analyst but 

there can be many analysts hired depending on whether the digital 
infrastructure software services are vendored out to commercial 
groups. (Will require fewer organizational personnel if services are 
vendored out.) Interview with Tdh data scientist.

System administrator This cost-economy analysis included 1 full-time employee under the 
assumption that the organization chose to develop its own software 
rather than vendor it out. If it chose to vendor the software services 
out, then it may only require a part-time employee (i.e., 0.3 full-time 
employee’s costs.) Interview with Tdh data scientist.

2. Fringe Benefits Assumed fringe benefits were 25% of the employee’s salaries. 
Fringe benefits include sick leave, insurance, etc. 

Swiss Staff 
Field Staff (Healthcare Workers)
Field Staff (ITC Workers) Information Technology and Communication (ITC)/Data staff
3. Travel and Transport Provided to healthcare workers/digital coaches that travel to 

primary health facilities across the country
Transportation to and from facilities Assumed that there would be an equivalent to a round-trip from 

the capital to the health facility or to another health facility each day 
of the 2-month training period. Based on Burkina Faso gas price in 
October 2020 (USD$4.04/gallon) required to travel 400km per day.

Per diem Assumed price for cost of living per day excluding accommodation.
Accommodations Assumed price for accommodation for a typical double-occupancy 

room.

Table S2a: Price Assumptions for Estimated Costs for IeDA’s AI 
Intervention (Salaries; Fringe Benefits; Travel and Transport)
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Object Class Cost Category Assumptions (Sources)
4. Program Supplies
Electricity for tablets Tablet uses approximately 12kWh/day. October 2020 price of 

electricity production in Burkina Faso is USD$0.22-0.25/kWh. 
Approximately 1,200 clinics served with tablets. 

Internet Connectivity Internet connectivity is USD$22.90/month for residential fixed 
broadband basket in Burkina Faso 2019.22

Data warehouse (Hardware) Cost minimum is $15,000 (USD) October 2020. Interview with Tdh
data scientist.

Data warehouse software (wide range 
possible)

Could be zero, but wide range possible if vendored to commercial 
groups. Interview with Tdh data scientist. This cost-efficiency analysis 
assumed that the data warehouse software would be vendored out 
for $8,000 (USD) a year.23

Dashboard: hardware This cost-economy analysis assumed that dashboard hardware was 
hosted outside of a data warehouse (minimum $10,000 (USD)). If 
hosted at a warehouse, there would be no added expenses besides 
personnel. Interview with Tdh data scientist.

Dashboard: software Could be zero if done within the organization but could be 
vendored out. IeDA used Tableau software. Estimated $20,000 
(USD) per 100 user licenses. Interview with Tdh data scientist.

Reference collection training room 10-day conference room in Ouagadougou.24

Meals during training Based on conference room meal prices for breakfast and lunch for 
recruited 20 healthcare workers.

Reference consultation ICMI consultation price in Burkina Faso in 2017. Assumed that at 
least one consultation from each of Burkina Faso’s 1200 facilities is 
collected (i.e., 1 consultation per facility collected). Minimum 
projection.25

Reference data is separated into 1) roll out costs for the initial 
reference data with 2-month data collection period; 2) AI 
management reference data updates include a 1-2 day training 
period and 10-day data collection period.

Desktop computer Average cost of PC desktop computer in October 2020.

Table S2b: Price Assumptions for Estimated Costs for IeDA’s AI 
Intervention (Program Supplies)
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