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Digital health is a rapidly expanding area of interest for both research and practice, 
and within this area digital technologies for health financing receive increasing 
attention. Among many other digital technologies, digital health encompasses the 
use of artificial intelligence (AI) and big data. When we explore the multiple potential 
benefits of digital technologies for health financing, we also need to pay attention 
to the possible risks and challenges. While there is an abundance of publications on 
the application of AI for different areas in health in general, the topic of AI in health 
financing has received much less attention. 

To contribute to closing this gap, this paper – which is based on a rapid literature 
review – provides  an overview of the current applications of AI and machine learning 
(ML) for health financing functions and tasks in research, policy and practice. The 
different uses of AI and ML are mapped in relation to various health financing 
functions and tasks as well as to the objectives of universal health coverage (UHC). 
The main purpose is to identify the type of research and policy questions that are 
being studied and to explore key issues and implications in relation to progress 
towards UHC. For the mapping exercise, the authors searched in PubMed, Google 
Scholar and Google between January 2000 and December 2021. In total, 38 
publications were selected and data extracted. 

This rapid literature review exposed the broad scope of health financing-related 
subjects to which ML approaches are applied. These are grouped into six categories: 
prediction of health expenditure, risk scoring, claims management and fraud 
detection, identification of households for targeted policies, health needs informed 
benefit package design, and analysis of the effects of health coverage scheme 
design on health service utilization.

The review shows that ML is primarily applied to health insurance-related topics and, 
more specifically, to private (commercial) health insurance. Only one paper relates 
to a low-income country, 15 are based on data from middle-income countries and 
22 are from high-income countries. The majority of papers (34 out of 38) constitute 
modelling exercises or a proof of concept. Some of these papers are also driven by a 
public policy orientation, discussing the benefits and risks of ML in health financing 
and/or suggesting policy options in the direction of UHC. 

Most ML uses relate to the pooling or purchasing functions, or both. The authors did 
not find any publication specifically about the use of ML to raise revenue for health 
– such as the setting or collection of health insurance contribution payments. 
Two main topics were found to be dominant in this literature, namely: 1) prediction 
of high-cost patients and health expenditures; and 2) fraud detection in health 
insurance claims management. Overall, the use of ML seems to produce findings 
that confirm and/or are consistent with existing knowledge. The main added value 
of ML lies in its enhanced speed and precision or accuracy compared to traditional 
statistical methods. 

Executive summary
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In conclusion, the various applications identified of ML for health financing could 
have the potential to affect all the intermediate UHC objectives, most importantly 
the equitable distribution of resources (either positively or negatively) and 
efficiency (most probably positively). Transparency and accountability could also be 
improved for example through more effective detection of fraud. In addition, there 
may also be effects on all of the three final UHC goals: utilization in line with need, 
universal financial protection and quality of care. Whether those effects will be 
positive or negative will mainly depend on how the technology is applied. Although 
ML techniques can change traditional ways of working, they do not seem to alter 
fundamentally the thinking about health financing – or at least not yet.  

For future research, topic-focused scoping literature reviews as well as UHC policy-
focused country studies are proposed in order to widen the gathering and synthesis 
of evidence on the possible added value of AI and ML for health financing. A more 
cross-cutting research topic relates to the design, implementation, enforcement 
and impacts of regulation of AI and ML, particularly in relation to data sources and 
algorithm design to avoid algorithmic bias.

Ultimately, research and practice related to AI and ML for health financing must 
be based on and driven by a clear purpose in the public interest and by benefits 
to the health system, rather than particular interests of individual stakeholders 
and insurers. When the ethical issues related to AI and ML in health financing are 
addressed and feasible regulatory options are in place, there can be accelerated 
progress towards UHC.
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Digital health is a rapidly expanding area of interest for both research and practice, 
and within that area digital technologies for health financing receive increasing 
attention. Very little robust evidence exists on the impact of digital technologies 
on health financing objectives. The number of uses and studies is gradually growing 
but more rigorous research in this area is urgently needed (WHO, 2021b; Hanson et 
al., 2022). When exploring the multiple potential benefits of digital technologies 
for health financing, there is also a need to pay attention to the possible risks and 
challenges. The application of digital technologies can, for instance, negatively 
affect existing health financing arrangements that are conducive to universal 
health coverage (UHC), either by inadequate design or as a result of suboptimal 
implementation (WHO, 2021b). 

Among many other digital technologies, digital health includes the use of artificial 
intelligence (AI) and big data analytics for health (WHO, 2021a). Concerns about 
potential risks are particularly relevant in relation to the application of AI and of 
machine learning (ML), the latter being a prominent type of AI. Although there are 
many publications on the application of AI for various areas in health, including 
from WHO and other international organizations (OECD, 2019; UNESCO, 2021; 
WHO, 2021c), the topic of AI in health financing is typically mentioned only in a 
cursory way. 

To help close this gap, this paper – which is based on a rapid literature review – 
provides an overview of the current applications of AI and ML for health financing 
functions and tasks in research, policy and practice. There is a focus on ML because 
this is currently found to be the dominant approach by which AI is used in the 
health financing domain. The different uses of AI and ML are mapped in relation 
to various health financing functions and tasks as well as to UHC objectives. The 
main purpose is to identify the type of research and policy questions that are being 
studied and to explore key issues and implications in relation to progress towards 
UHC. The paper assesses neither the types or effectiveness of ML approaches nor 
the quality of the evidence.

1. Introduction 

Introduction
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For this rapid literature review, published and grey literature as well as publications 
from international organizations in English were screened. Searches were carried 
out in PubMed from January 2000 to December 2021, Google Scholar and Google. 
In PubMed, a title and abstract search was completed. Annex 1 presents the 
search terms and strategy for PubMed. The authors then further sieved through 
the papers and included those with a definite case of ML use relating to health 
financing functions or subtasks. Papers on health service utilization were included 
when this was explored in relation to the design of a health coverage scheme. 
However, papers related to purchasing that focused on one specific disease or 
health intervention only (e.g. prediction of costs for patients with diabetes) were 
excluded from the review. Both authors independently reviewed the papers for 
inclusion and exclusion; differences were resolved through consensus. In total, 38 
publications were selected and data extracted.

Implications of artificial intelligence and machine learning in health financing
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AI can be described as “the ability of algorithms encoded in technology to learn 
from data so that they can perform automated tasks without every step in the 
process having to be programmed explicitly by a human” or, in a shorter version, 
“the performance by computer programs of tasks that are commonly associated 
with intelligent beings” (WHO, 2021c). All forms of AI build on the availability of 
large quantities of data and the capacity of algorithms to analyse those data 
rapidly and translate them into information, conclusions and actions. 

ML is a type of AI and is based on the use of statistical and mathematical model-
ling techniques to define and analyse data (WHO, 2021c): algorithms are trained to 
recognize patterns or to make estimations or predictions without human interfer-
ence. The four main categories of ML are supervised learning, unsupervised learn-
ing, semi-supervised learning and reinforcement learning (Panesar & Panesar, 
2020) (see Box 1). 

Box 1. Categories of machine learning

For supervised learning, the data used to train a model are labelled (the 
input and respective outcome variables are known) and the model derives a 
function from the training data that can then predict outputs from new input 
data. Supervised learning problems can be further grouped into regression 
problems (where the output variable is a continuous value, such as “future 
health expenditure”), classification problems (where the output variable is a 
distinct category, such as “a person with high health risk” or “a person with 
low health risk”) and forecasting problems (where predictions are made on 
the basis of past and present data). An “ensemble” is a type of supervised 
learning that combines multiple different ML models to predict an outcome 
for a new sample (Panesar & Panesar, 2020). Supervised learning techniques 
include linear regression, logistic regression, Bayesian networks (such as 
Naïve Bayes), random forest, k-nearest neighbor (k-NN) and support vector 
machines.  

2. Artificial intelligence and 
machine learning 

Artificial intelligence and machine learning
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Box 1. (contd.)

Unsupervised learning does not use labelled data but involves the identification 
of hidden patterns in the data by a machine (WHO, 2021c). There are two 
main types of unsupervised learning problems. First, for clustering problems, 
elements (e.g. patients or people in a population) are grouped in such a way 
that elements within the same cluster are more similar to each other than to 
elements from another cluster (e.g. a cluster of people likely to need financial 
support versus another cluster with different needs). Second, in association or 
correlation problems, the probability of the co-occurrence of items in a data 
set is predicted (Panesar & Panesar, 2020) – for instance the likelihood that a 
person with certain socioeconomic features will not be able to pay user charges. 
Unsupervised learning techniques can also be used to detect anomalies such 
as suspicious claims. Some of the common unsupervised learning techniques 
are hierarchical clustering (clusters are ordered hierarchically) and K-means 
clustering (similar data points are grouped together in a set number of clusters 
[k] discovering underlying patterns) (Usama et al., 2019).

Semi-supervised learning combines elements of both supervised and 
unsupervised learning: a small amount of labelled (“training”) data is combined 
with a large amount of unlabelled data. This is also referred to as a form of 
weak supervision. 

In reinforcement learning, optimal actions (or an optimal policy) are learned 
through trial and error as well as feedback allowing the algorithm to optimize 
behaviour. This differs from supervised learning in the sense that correct 
examples are never presented and suboptimal decisions are not explicitly 
corrected (Panesar & Panesar, 2020). 

Neural networks are series of algorithms that make up ML models, and a 
neural network consisting of several layers is referred to as a deep learning 
algorithm (Kriegeskorte & Golan, 2019).  

ML requires large amounts of (good quality) data in order to produce results that 
are both tangible and reliable. In some cases, such data sets may qualify as “big 
data”, which is usually defined by the three dimensions of volume, velocity and 
variety (Panesar & Panesar, 2020). These are complex data sets that are rapidly 
collected in quantities requiring unconventional storage space and methods of 
analysis (WHO, 2021c). In the use of data analysis techniques, there are large 
similarities between machine learning and data mining. Data mining is by definition 
a human-led process, in which the machine itself does not learn and thus it should 
strictly not be considered to be a form of AI. In practice, however, there is not 
always a strict boundary but rather a large overlap. The terms are often used 
interchangeably.

Implications of artificial intelligence and machine learning in health financing
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The initial intention was to group the included papers in line with the three health 
financing functions of revenue-raising, pooling and purchasing. However, the 
authors realized that there was a need to categorize the papers into more detailed 
subtopics, some of which relate to more than one of the health financing functions. 
Thus the papers were grouped into six categories related to different health 
financing tasks. It is acknowledged that the boundaries are not always clear-cut 
and alternative categorizations would have been possible. Table 1 presents the 
subtopics that were identified and the number of papers grouped in each category. 
Annex 3 summarizes all papers, the type of data used, the type of ML applied and 
the main findings.

Table 1. Overview of papers on use of AI/ML grouped by subtopics related to health 
financing tasks 

Topics No. of papers

Prediction of health expenditure 9

Risk scoring: risk adjustment versus risk selection 5

Claims management and fraud detection 13

Identification of households for targeted policies 6

Health needs-informed benefit package design 3

Analysis of the effects of health coverage scheme design on health service 
utilization

2

TOTAL 38

3. Findings 

Findings
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Figure 1 outlines the health financing-related topics that are supported by ML and 
how they link to health financing functions and UHC objectives. 

The use of ML models to predict high-cost patients is a frequent research topic, 
with eight papers found that discuss the development and testing of specific 
models. The underlying purpose of these predictive models is not uniform: three 
papers aim to inform and improve risk adjustment approaches among insurers 
and, in doing so, could contribute to a more equitable distribution of resources. 

Along this line, using claims data from United States health insurance plans, 
Kan et al. (2019) tested different regression algorithms to predict future health-
care costs in older adults. They suggest that these improvements in prediction 
may serve to improve risk adjustment and population health management in 
order to address the health needs of specific population groups. A paper by 
Rose (2018) evaluates the average incremental annual cost related to 26 of the 
most prevalent medical conditions and concludes that existing approaches may 
underestimate the spending contributions of specific medical conditions, such as 
major depressive and bipolar disorders and chronic hepatitis. This is of relevance 
because insurers may have no incentives to invest in the prevention of diseases 
“if current risk adjustment methods are not capturing the true incremental effect 
of medical conditions […]” (Rose, 2018). Similarly, Vimont, Leleu & Durand-Zaleski 
(2021), using a representative sample of all medical claims data for France in 2015 

Figure 1. Mapping of ML uses for health financing functions  

Prediction of health expenditure 

Implications of artificial intelligence and machine learning in health financing
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and comparing different ML models to predict the health-care costs of individuals, 
conclude that their results can help develop better risk adjustment models (under 
competitive health insurance) or realize more efficient and equitable allocation of 
resources (under non-competitive insurance). 

Another underlying purpose of such prediction analysis in the other five papers is 
to guide prevention activities and to target patients with particular health needs 
in order to reduce health expenditure, enhance efficiency in resource allocation 
and/or to align utilization with health needs.  

Along this direction, using data from the Medicaid programme in the state of 
Texas, United States of America (USA), Yang et al. (2018) tested four predictive 
models to forecast expenditures – especially for “high-cost, high-need” patients – 
and showed significant temporal correlation in health-care expenditures. Authors 
suggest that these insights can help to direct precise preventive care to high-cost 
patients in order to reduce overall health-care costs and to provide care more 
efficiently. Similarly, Nomura et al. (2021), using public health insurance data from 
Japan, compared various ML models to predict the annual medical cost, with a 
neural network performing best. They discovered that medical cost proportionally 
depends on the medical cost of the previous year. This information can be used by 
health policy-makers to prioritize prevention activities and thereby reduce future 
health-care costs. 

In order to inform future trials that test the effectiveness of interventions to 
reduce health-care utilization, Ng et al. (2020) applied ML algorithms to claims 
and clinical data of inpatients and outpatients of a university hospital in Singapore 
to predict which high utilizers will be persistent high utilizers. In a similar manner, 
Joedicke et al. (2019) on the basis of Swiss health insurance claims data, tested 
several supervised ML techniques to predict the development of patients’ health-
care costs in the subsequent year and to identify contributing factors, with a 
focus on the contribution of pharmacotherapy. The researchers stated that the 
findings could assist policy-makers to improve resource allocation planning by 
optimizing health-care services (disease management programmes) for patients 
with high costs or, for instance, by reducing the deductible of low-cost patients. 
Finally, using claims data from a private health insurance company in Australia, 
Xie et al. (2015) tested whether the way in which clinical codes are hierarchically 
structured can be utilized to improve their power to predict a patient’s hospital 
days in subsequent years. They found that different hierarchies had no significant 
impact on the predictive power of the models. 

Beyond the individual modelling studies, Nichol et al. (2021) conducted a systematic 
database search of relevant business news and academic research, identifying 
and categorizing ML-based predictive analytics products that claim to improve 
the efficiency of health care. Out of a total of 106 “products”, they found 38 that 
predicted the cost and/or utilization of health care; these were chiefly products 
that predict high (cost) utilizers or that support financial risk stratification of 
patient populations. The authors also pointed to specific ethical and regulatory 
challenges arising from the use of ML to improve health-care efficiency, because 
reducing costs may have negative effects on quality and biases in the data may 
exacerbate discrimination. 

Findings



All in all, the papers in this section suggest that the use of ML may generate 
additional insights compared to traditional statistical methods – e.g. by 
identifying specific patient attributes or other determinants which enable more 
accurate estimates of the health expenditure of groups or individuals (Rose, 
2018; Vimont, Leleu & Durand-Zaleski, 2021). Importantly, the application of ML 
analytics to financial and claims data is not limited to health financing: it could 
also inform actions and improvements in service delivery. However, at the same 
time, such information could be used to exclude people in need or to increase 
their insurance contributions, leading to further fragmentation or reduced equity 
in resource distribution (and consequently harming UHC objectives).

8

Several publications were found on ML-based risk adjustment models, all using 
data from the United States. Rose (2016) applied several ML techniques to improve 
the risk adjustment mechanism among private health insurance schemes, finding 
that an ensemble (using a weighted average of multiple algorithms) outperformed 
classical regression and other individual algorithms. Rose, Bergquist & Layton 
(2017) focused on one specific component: the prescription drug formulary. 
They demonstrated that a small number of variables can be used to identify 
“unprofitable” enrollees and therefore called for regulation to mitigate this risk. 
Similarly, McGuire, Zink & Rose (2021) challenged the usual method of improving 
risk adjustment formulas by increasing the number of variables: with a reduced 
number of attributes, they claimed performance that is equal to or better than the 
existing risk adjustment model. 

The rationale of the papers referred to above is to improve equitable resource 
distribution across multiple (competing) pools. However, at the same time, risk 
scoring could also be used to optimize risk-rated premiums and risk selection 
strategies (of voluntary health insurance schemes), which could increase inequities 
in financing and financial protection. Two papers were identified that hint at 
risk scoring for risk selection purposes. Hileman & Steele (2016) used voluntary 
health insurance claims data from the USA and tested a random forest model, 
which had been trained with Medicare data, on its risk-scoring performance. They 
concluded that that this ML-based risk-scoring model may also have potential 
for voluntary health insurance. Although not explicitly presented as risk scoring, 
the approach of Discovery, one of South Africa’s largest private health insurance 
companies, as summarized by Mrazek & O’Neill (2020), also points in that direction. 
Discovery applies ML to members’ data received from business partners on their 
supermarket purchases, activities in fitness firms and health-care utilization, in 
order to assess the level of customers’ healthy behaviour. As a “shared value” 
business model, members are offered financial rewards (i.e. premium paybacks) 
for healthy behaviour, while the insurer reduces the average risk of its member 
pool when members behave in a healthier manner. From a health-financing 
perspective, however, such models have a real risk of desolidarization – which 
would discriminate against those in greatest need of health coverage.

Risk scoring: risk adjustment versus risk selection

Implications of artificial intelligence and machine learning in health financing
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Claims management and fraud detection supported by ML techniques is an area 
that has received a great deal of attention from various academic disciplines such 
as (health) economics, public administration, computer science, technology and 
(information systems) engineering. 

The authors identified 12 papers that assess specific ML approaches to claims 
management and fraud detection in health insurance. While 10 papers focus on 
the identification of fraudulent claims submitted by providers (see below), two 
papers focus on earlier stages of the claims management process. Using hospital 
data from China, Liu et al. (2021b) tested five common classification algorithms for 
designing and updating data-based grouping of diagnosis-related groups (DRGs), 
with the aim of reducing the practice of upcoding that occurs in expert-based 
grouping. The researchers showed that the classification performance of data-
based grouping is similar to that of expert-oriented grouping, depending on the 
choice of suitable algorithms, and shows a higher level of transparency with lower 
costs in designing and updating the grouping. This claim of high transparency 
(i.e. no dependence on expert judgement) can of course be challenged, as the 
use of algorithms comes with its own risk of bias and lack of transparency. The 
inner workings of an algorithm and the underlying choices are not always easily 
explained to non-experts (Panch, Mattie & Atun, 2019). Araújo, Santana & de 
Santos Neto (2016) demonstrated the potential of an ensemble (combining three 
classification techniques) to support the process of pre-authorization of dental 
claims by professional reviewers in Brazil, so that the less complex cases could be 
evaluated fully automatically.

The other 10 papers focus on the identification of fraudulent claims submitted by 
providers. Most of these papers use data from voluntary health insurance: Lu & 
Boritz (2005) on Canada; Kirlidog & Asuk (2012) and Kose, Gokturk & Kilic (2015) 
on Türkiye; Kumar, Ghani & Mei (2010) and Ekin et al. (2013) on the USA; Sun et al. 
(2020) on China; and Ortega, Figueroa & Ru (2006) on Chile (for which data from 
mandatory private health insurance are used). Three papers use data from public 
health insurance, namely: Shin et al. (2012) on the Republic of Korea; Sowah et al. 
(2019) on Ghana; and Joudaki et al. (2016) on the Islamic Republic of Iran. Of the 10 
studies, seven papers were found to apply supervised or semi-supervised learning 
models, while three papers used unsupervised methods. Ekin et al. (2013) did not 
focus on fraud by providers exclusively, but used an approach referred to as co-
clustering to zoom in on suspect combinations of providers and beneficiaries.

All the papers demonstrate various advantages of the use of ML for claims 
management and fraud detection – such as automated detection, improved 
accuracy of classification into legitimate and fraudulent claims, early detection 
of abnormal or problematic claims that require specific attention, a higher 
precision and sensitivity than existing approaches, and a higher detection rate. 
Automated detection reduces the time needed for claims processing and enables 
the subsequent investigation process and the work associated with reprocessing 
claims to be minimized, thus avoiding payment errors and reducing overall 
administrative costs. Above all, it is argued that ML-supported claims management 
and fraud detection can help increase efficiency and bring down health-care costs. 

Claims management and fraud detection

Findings



Most papers do not systematically compare the performance of ML models 
with traditional approaches without ML but focus instead on a performance 
comparison between different algorithms. However, some papers attempt to 
quantify the potential cost savings from the use of ML for claims management 
or fraud detection; Ortega, Figueroa & Ru (2006) reported cost savings of some 
10% in Chile. Kumar et al. (2010) asserted potential savings for a typical United 
States health insurer of US$ 15–25 million per year. While these findings may not 
be generalizable, they do give an indication of the range of approximate cost 
reductions. In addition to enhancing efficiency, effective fraud detection may also 
contribute to transparency and accountability. Nevertheless, the use of algorithms 
could also possibly compromise transparency on how results are generated.

One paper related to fraud detection outside the realm of health insurance, 
focusing on health facilities in Zambia receiving performance-based payments. 
In this paper, Grover, Bauhoff & Friedman (2019) compared the performance 
of different ML techniques in identifying health centres that would need to be 
targeted for verification in order to reduce fraudulent claims and unnecessary 
verifications.

10

Six papers were found that discussed ML based approaches to identify and 
target households in need of health coverage or other social assistance schemes. 
Improved targeting would serve the dual purpose of enhancing financial protection 
and improving efficiency. Applying K-means clustering, Mumtaz & Whiteford 
(2021) used socioeconomic survey data from Pakistan to cluster households 
and geographical locations according to their need for government assistance. 
They found four clusters of households that exhibited common patterns related 
to their risk exposure in terms of loss of income and property, unemployment, 
disaster and disease. Cinaroglu (2020) compared the performance of different ML 
models to predict which households in Türkiye will face out-of-pocket expenditure 
(OOPE). A similar question – namely which households are at risk of catastrophic 
expenditure as a result of OOPE in long-term care in Spain – was studied by 
García-Centeno, Mínguez-Salido & del Pozo-Rubio (2021), who compared a range 
of ML classification methods for prediction, ascertaining that the more complex 
models outperform the simpler ones.

Using data from the Rwanda Integrated Living Conditions Surveys, Muremyi et al. 
(2020) compared the performance of five different ML models to predict household 
OOPE and found that total household consumption is the best predictor variable 
for OOPE. While their main conclusion is to rightly argue for more public spending, 
at the same time, these insights may also help to tailor cost-sharing rules for the 
poor. Davis et al. (2021) used patient billing records from the USA to test different 
ML models to predict the likelihood of patients not paying the OOP balance of their 
bill for their emergency department visit, with one model correctly predicting 87% 
of the unsuccessful payments. It was argued that this could improve the targeting 

Identification of households for targeted policies 

Implications of artificial intelligence and machine learning in health financing
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Three papers were identified that sought to tailor or to increase benefits, including 
by refining access conditions according to people’s health needs. Using insurance 
and medical records of hospital employees with group health insurance in Pakistan, 
Matloob et al. (2021) tested a K-means clustering methodology with the purpose 
of informing the design of health needs-based benefit packages for individual 
hospital employees, as opposed to the current practice of providing benefits 
based on an employee’s position in the hospital hierarchy. On average, the ML-
based approach resulted in a 25% increase in benefit amounts per employee. 
Dos Santos, Dias & Filho (2021) applied  unsupervised learning (clustering) 
to nationwide health survey data of Portugal in order to identify and describe 
segments within the uninsured population. The researchers suggest that the 
specific characteristics of the health care needs of these different segments could 
be used to inform the design of benefits and public policies to improve access to 
health care for specific population groups. The papers attest to the potential of ML 
to contribute to bringing health-care utilization more in line with need. In doing 
so, the intermediate objective of efficiency may also be served. Kasy (2018) re-
used data from the RAND experiment and applied a supervised learning model to 
determine optimum tax rates and co-insurance rates (i.e. cost-sharing determined 
as a percentage of the total bill), finding a much lower optimum co-insurance rate 
with regard to the effects on the level of health-care expenditure compared to 
previous studies using the same data and traditional statistical approaches.

Health needs-informed benefit package design 

of beneficiaries for government assistance schemes, minimize patient frustration 
and support the billing process. Similarly, Donnenberg, Hernandez & Normolle 
(2021) applied supervised learning to predict which patients are unable to afford 
prescription medication, using national survey data from the USA. Eight key factors 
were identified that are associated with cost-based prescription refusal – most 
importantly low income and chronic medical conditions. The authors pointed out 
the need to increase prescribers’ awareness of the scale of this refusal – and the 
reasons for it – in order to increase the efficacy of pharmacotherapy and lessen 
the patient’s cost burden. The latter point, taking it further, may also point to 
differentiated cost-sharing policies.

In summary, the papers in this section point to the potential for using ML algorithms 
for the identification and targeting of households in need for assistance. The 
underlying rationale for discerning and describing the profiles of households is to 
inform financial protection policies, cognizant of the final UHC goal of universal 
financial protection. These studies reveal important insights as to who faces 
vulnerability, for what reasons, and which ML techniques have greater predictive 
power. The studies do not, however, fundamentally change the nature of research 
questions or challenge the existing body of evidence: previous knowledge is 
mostly confirmed.

Findings
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Two papers on the use of ML to assess health service utilization and health status 
in relation to the type of health coverage were reviewed. Kreif et al. (2020) apply 
supervised learning (causal forests) to explore treatment-effect heterogeneity. 
This group of researchers evaluated the effect of mothers’ type of health 
insurance enrolment (subsidized, contributory versus no insurance) in Indonesia 
on the rate of skilled birth attendance and infant mortality. This information could 
help optimize programme design (e.g. targeted policies for different population 
groups). Similarly, in order to explore the heterogeneity of effects, Chen et al. 
(2021), equally using causal forests (and propensity score-matching) on data from 
a national survey in China, studied the effects of the Urban and Rural Resident 
Basic Medical Insurance (URRBMI) on health status. If the health status or service 
utilization consequences of the design of the health coverage scheme are better 
understood, as these studies aspire to achieve, this may lead to a more equitable 
distribution of resources and utilization in line with need. However, it is not yet 
clear from the current evidence whether ML-based models produce more reliable 
effect estimations than conventional methods.

Analysis of effects of health coverage scheme 
design on health service utilization or health 
status

Implications of artificial intelligence and machine learning in health financing
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This rapid literature review exposed the broad scope of health financing-related 
subjects to which ML approaches are applied and which have been grouped into six 
topic categories. The review shows that ML is primarily applied on health insurance-
related topics – and more specifically with regard to private (commercial) health 
insurance. Among the 30 papers that cover health insurance-related topics, 15 
focus on voluntary private health insurance and four others on compulsory private 
health insurance, while 11 papers are in one way or another related to public health 
insurance or public health coverage schemes. 

The authors noted a wide geographical range to which ML studies are applied: 
while 12 papers are specifically based on data sources from the USA, most other 
regions are also covered – including Asia (14 studies, using data from nine different 
countries), Europe (four studies), Africa (four studies), South America (two studies), 
North America (one study from outside the USA) and Australia (one study). Only 
one paper relates to a low-income country, 15 are based on data from middle-
income countries and 22 are from high-income countries. The majority of papers 
(34 out of 38) constituted modelling exercises or a proof of concept in a large 
variety of journals ranging from health care and medicine to (health) economics 
and policy, health informatics, computing and (computer) engineering. Some of 
these papers also had a public policy orientation, discussing the benefits and risks 
of ML in health financing and/or suggesting policy options in the direction of UHC. 
Two papers focused entirely on the analysis of existing policy. It is interesting to 
note that eight papers were published between 2000 and 2015, another eight 
papers between 2016 and 2018, and the remaining 22 papers between 2019 and 
2021, demonstrating the exponentially growing interest.

This rapid review of the literature did not reveal any evidence of entirely new or 
different research questions on health financing, unusual perspectives or novel 
findings. In most instances, the use of ML seems to produce findings that confirm 
and/or are consistent with existing knowledge. The main added value of ML lies in 
its enhanced speed and precision or accuracy compared with traditional statistical 
methods, also due to the fact that ML can be more easily applied to large volumes 
of data. 

4. Discussion 

Discussion
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Most uses of ML relate to the pooling or purchasing function, or both. The authors 
found no publication explicitly on the use of ML for raising revenue for health. 
However, the search did not go beyond health financing, and one assumes that 
there are more papers on general revenue-raising and optimal taxation policy (e.g. 
Kasy, 2018) or on beneficiary targeting for tax rebate schemes to reduce inclusion 
errors (e.g. Andini et al., 2018).

Two main topics were identified as dominant in this literature, namely: 1) prediction 
of high-cost patients and health expenditures; and 2) fraud detection in health 
insurance claims management. Regarding the first topic, this review suggests 
that ML approaches provide more accuracy than traditional statistical methods, 
while also revealing patterns in the available data that could otherwise have 
remained hidden. Identifying specific patient attributes or other determinants may 
enable us to have more accurate expenditure estimates of people with specific 
health needs (Rose, 2018; Vimont, Leleu & Durand-Zaleski, 2021). This could be 
beneficial from a system perspective if used for better costing or for tailoring 
benefits as well as service delivery modes, including enhanced access conditions 
for disadvantaged and vulnerable population groups. At the same time, such 
information could also easily be used to exclude persons in need or to increase 
their insurance contributions, leading to further fragmentation or reduced equity 
in resource distribution (Ho, Ali & Caals, 2020; Thesmar et al., 2019). The focus on 
voluntary health insurance in the papers suggests that the risk of solidarity being 
undermined is real.

With regard to the second main topic – claims management and fraud detection 
– the advantages of ML seem more unequivocal. The availability of digitalized 
claims with granular information on provider activities is a prerequisite for the 
use of ML techniques and automated processing and analysis of claims. This can 
accelerate the claims management process and result in improved identification 
of outliers and classification of potentially erroneous or fraudulent claims. This 
is also reflected in various overview and review papers (Hassan & Abraham, 
2013; Dua & Bais, 2014; Waghade & Karandikar, 2018; Thesmar et al., 2019) that 
we found as part of this growing body of literature. For instance, Thesmar et al. 
(2019) discussed how AI and ML can improve claim adjudication (i.e. the process of 
checking validity and eligibility) and fraud monitoring to detect intricate patterns 
within and between complex data sets.

If fraudulent claims are detected at lower costs with higher precision, and at 
an earlier stage, this may also lead to cost savings. Coupled with sanctions on 
fraudulent providers (such as reduced payments, or a loss of contract), providers 
may overall be incentivized to prepare better claims, ultimately leading to a decline 
in the rate of erroneous or fraudulent claims. On the other hand, it is important to 
ensure that such enhanced surveillance opportunities by purchasers or steward 
actors do not create a culture of fault-finding and mistrust among providers. ML-
enhanced claims analysis may also help to improve decision-making on setting 
and adjusting payment methods and rates. Most importantly, ML-based claims 
analysis can enable data-driven quality improvement activities by comparing 

Implications of artificial intelligence and machine learning in health financing
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treatment practices across providers and by giving feedback to each of them, 
with Estonia and the Republic of Korea already operating advanced models of 
this (WHO, forthcoming; OECD, 2022).

The findings from this rapid literature review and our reflections above resonate 
with the general WHO guidance document on Ethics and governance for artificial 
intelligence for health. While the use of ML can help to eliminate redundant and 
repetitive tasks, saving time and resources, there is also concern that “the digital 
welfare state” could undermine access to social services and welfare, especially 
affecting poor and marginalized populations as new conditionalities are created 
(WHO, 2021c). More specifically, the use of ML in health insurance may raise ethical 
concerns with respect to algorithmic decision-making (WHO, 2021c). However, 
only a few papers in the rapid literature review discussed ethical issues of the 
uses of ML. 

Focusing on health insurance, Ho, Ali & Caals (2020) discussed what a robust 
ethical and regulatory environment for big data analytics, applied in relation 
to health insurance, may look like and described possible safeguards. These 
include a clear and effective data governance framework (consistent with a 
human-centred approach, i.e. an approach that is based on explicit and informed 
consent of people, who are also provided simple ways to challenge ‘automated’ 
decisions), an accountable process to explain what and how information can be 
used, and the active involvement of people in the way their personal data are 
being managed. In other words, as is true for other sectors, data governance in 
health financing must ensure privacy and data protection (OECD, 2020). To guide 
AI and ML implementation for health financing, clear and detailed regulation is 
indispensable to avoid algorithmic bias and desolidarization that could lead to 
reduced and inequitable financial protection (Ho, Ali & Caals, 2020; Panch, Mattie 
& Atun, 2019). The source and nature of the data must therefore be regulated to 
ensure that representative and unbiased data of good quality are being used by 
ML models (Ashrafian & Darzi, 2018).

The main limitation of this paper is that it is based only on a rapid literature 
review which did not include systematic citation searching. A more focused search 
strategy with more sensitive search terms (going beyond the generic terms of 
AI and ML as well as using more specific health financing-related terms) could 
potentially identify a larger number of published articles and discover more grey 
literature as well as country case studies to the extent that these are documented. 
In addition, there are papers on topics which are adjacent to health financing for 
UHC, such as costing for hospital management, which have not been included 
here. For instance, the authors identified some papers on the application of ML to 
improve the grouping of DRGs to achieve a more efficient allocation of hospital 
resources (Islam et al., 2021; Liu et al., 2021a; Gartner et al., 2015). In addition there 
are probably many ongoing applications of AI and ML within the private sector 
which are not documented in scientific papers or are otherwise not disclosed for 
commercial reasons.

Discussion
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This review provides an overview of the application of ML to health financing. 
Several areas of ML use have clear benefits, such as for claims management and 
fraud detection where improved identification of outliers and the classification 
of (potentially) fraudulent claims lead to savings in both time and costs. There 
are also potential benefits in the use of ML for more accurate identification and 
prediction of high-cost patients, if applied to the tailoring of policies for vulnerable 
population groups. Likewise, this information could be used to tailor service 
delivery for these groups. Such ML-generated information could, however, also 
be used against the interests and needs of these population groups and could 
result in their exclusion from health coverage or in increased health payments, 
ultimately leading to reduced redistribution. If ML enhances risk selection and 
cost prediction in private commercial insurance schemes, it may contribute to 
further fragmentation, reduced or inequitable financial protection and inequitable 
financing. 

In conclusion, the various applications of ML for health financing that were identified 
could have the potential to affect all the intermediate UHC objectives – most 
importantly the equitable distribution of resources (either positively or negatively) 
and efficiency (most probably positively). Transparency and accountability could 
also be improved through more effective detection of fraud. In addition, there 
may be effects on all three final UHC goals: utilization in line with need, universal 
financial protection and even quality, when data are used to provide feedback 
to health care providers regarding the quality of their services. Whether those 
effects will be positive or negative will mainly depend on how the technology is 
applied – whether for risk selection or risk adjustment, or for fragmentation or 
defragmentation. So far, possible ML-related improvements in health financing 
to accelerate progress to UHC seem mostly incremental. Although ML techniques 
can change traditional ways of working (e.g. in claims management and fraud 
detection) they do not seem to alter conceptual thinking about health financing 
fundamentally – or at least not yet.  

5. Conclusion 

Conclusion
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Because most AI-based health applications are developed and implemented 
in high-income countries, their use in the context of low- and middle-income 
countries is more recent; therefore more robust local evaluations are needed to 
guide decision-making in low-resource settings (Alami et al., 2020). For future 
research, topic-focused scoping literature reviews as well as UHC policy-focused 
country studies are proposed to widen evidence-gathering and synthesis on the 
possible added value of AI and ML for health financing. This could include the 
following issues. 

First, one could further explore the prediction of health expenditure for specific 
groups or individuals and how this may help to improve the risk equalization and 
risk adjustment models that are in use in various countries with multiple and/
or competing health insurance schemes in order to compensate for the unequal 
health risk profiles of insurance members. ML-based risk adjustment models may 
also be used to help develop and operate capitation-based payment models. 

Second, resource allocation for health from the central level to decentralized levels 
as part of intergovernmental transfers (such as block grants and/or conditional 
grants) could be informed by ML-based models in order to take account of and 
inform complex, parallel and inter-dependent decision-making processes and the 
multiple allocation formulas in use. Such models would need to be based not only 
on service utilization data, but also on data reflecting the real needs of people 
currently not using services, in order to avoid building in existing bias due to 
geographic inequities in service utilization. 

Third, AI and ML uses and their benefits for targeting and identification of certain 
beneficiary groups (such as poor and vulnerable populations) for health coverage 
schemes could be further explored, with the idea of reducing both inclusion and 
exclusion errors – as, for instance, applied in India (NHA, 2019; WHO 2022). 

Finally, a more cross-cutting research topic relates to the design, implementation, 
enforcement and impacts of regulation of AI and ML, particularly in relation to 
data sources and algorithm design to avoid algorithmic bias.

Ultimately, research and practice related to AI and ML for health financing must 
be based on – and driven by – a clear purpose in the public interest and system 
benefits, rather than specific interests and gains of individual stakeholders and 
insurers. Such UHC-conducive research and practice must involve health-financing 
policy experts in the design and execution of studies to, inter alia, help identify 
appropriate data sources and formulate policy-relevant research questions. 
The use of big data sets and ML is by nature expected to facilitate hypothesis 
generation: as algorithms can analyse large data volumes quickly and may find 
associations which a human researcher was not even looking for, ML may help to 
develop and formulate new research questions. As and when the ethical issues 
related to AI and ML in health financing are addressed and coupled with feasible 
regulatory options, there can be accelerated progress towards UHC.

Implications of artificial intelligence and machine learning in health financing
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Search term (1)* Search term (2)*

health financing OR 
healthcare financing OR 

revenue raising OR 
pooling OR purchasing OR 
health benefit package OR 

health benefits OR 
health insurance

artificial intelligence OR 
machine learning OR 

big data

(1) AND (2)

Annex 1.  PubMed search terms and strategy
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Annex 2.  Rapid literature review – Flowchart
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 s
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n
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 p
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 f
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, m
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l c
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 d
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d
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u
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 d

a
ta

 f
ro

m
 

th
e 

S
p

a
n

is
h

 D
is

a
b

ili
ty

 a
n

d
 D

ep
en

d
en

cy
 S

u
rv

ey
 (

S
D

D
S

) 
o

f 
20

0
8

. A
 s

er
ie

s 
o

f 
d
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 t
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 c
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 f
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p
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T
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H
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D
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ra
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, t
o

g
et

h
er

 w
it

h
 M

L 
(c

a
u

sa
l f

o
re

st
s)

 t
o

 e
va

lu
a

te
 im

p
a

ct
. U

R
R

B
M

I 
si

g
n

ifi
ca

n
tl

y 
im

p
ro

ve
s 

th
e 

h
ea

lt
h

 s
ta

tu
s 

o
f 

p
re

sc
h

o
o

l c
h

ild
re

n
, w

h
ile

 t
h

er
e 

is
 n

o
 s

ig
n

ifi
ca

n
t 

eff
ec

t 
fo

r 
sc

h
o

o
l-

a
g

e 
ch

ild
re

n
. F

o
r 

p
re

sc
h

o
o

l c
h

ild
re

n
, d

is
a

d
va

n
ta

g
ed

 m
o

th
er

s 
b

en
efi

t 
m

o
re

. 
T

h
e 

st
u

d
y 

d
em

o
n

st
ra

te
s 

th
e 

p
o

w
er

 o
f 

ca
u

sa
l f

o
re

st
 t

o
 u

n
co

ve
r 

h
et

er
o

g
en

ei
ty

 in
 e

ff
ec

ts
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p
ro

vi
d

in
g

 p
o

lic
y-

m
a

ke
rs

 w
it

h
 v

a
lu

a
b

le
 in

fo
rm

a
ti

o
n

 f
o

r 
p

o
lic

y 
d

es
ig

n
.
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 d
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n

 
p

u
b

lic
 h

ea
lt

h
 

in
su

ra
n

ce

R
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ea
rc

h
 

(p
o

lic
y 

a
n

a
ly

si
s)

S
u

p
er

vi
se

d
 M

L

––
re

g
re

ss
io

n
/p

re
d

ic
ti

o
n
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va

ri
a

b
le

 s
el
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o
n

(C
a

u
sa

l f
o

re
st
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T
h

is
 p

a
p

er
 e

va
lu

a
te

s 
th

e 
im

p
a

ct
 o

f 
tw

o
 h

ea
lt

h
 in

su
ra

n
ce

 s
ch

em
es

 in
 In

d
o

n
es

ia
 (

su
b

si
d

iz
ed

 
a

n
d

 c
o

n
tr

ib
u

to
ry

). 
U

si
n

g
 c

a
u

sa
l f

o
re

st
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 b
en

efi
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a
l i

m
p

a
ct

 is
 f

o
u

n
d

 f
o

r 
co

n
tr

ib
u

to
ry

 
h

ea
lt

h
 in

su
ra

n
ce

 (
i.e

. a
 s

ig
n

ifi
ca

n
tl

y 
h

ig
h

er
 s

ki
ll

ed
 b

ir
th

 a
tt

en
d

a
n

ce
 r

a
te

 a
n

d
 r

ed
u

ce
d

 
in

fa
n

t 
m

o
rt

a
lit

y)
 a

s 
co

m
p

a
re

d
 t

o
 n

o
n

-c
o

n
tr

ib
u

to
ry

 o
r 

su
b

si
d

iz
ed

 in
su

ra
n

ce
. S

ig
n

ifi
ca

n
t 

h
et

er
o

g
en

ei
ty

 is
 f

o
u

n
d

 in
 t

h
e 

im
p

a
ct

 o
f 

co
n

tr
ib

u
to

ry
 h

ea
lt

h
 in

su
ra

n
ce

: l
o

w
er

 w
ea

lt
h

 
q

u
in

ti
le

s 
b

en
efi

t 
m

o
st

. N
o

 s
ig

n
ifi

ca
n

t 
h

et
er

o
g

en
ei

ty
 is

 f
o

u
n

d
 f

o
r 

th
e 

su
b

si
d

iz
ed

 s
ch

em
e,

 
ev

en
 t

h
o

u
g

h
 it

 t
a

rg
et

ed
 v

u
ln

er
a

b
le

 p
o

p
u

la
ti

o
n

s.
 T

h
e 

st
u

d
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d
em

o
n

st
ra

te
s 

th
e 

p
o

w
er

 t
o

 
u

n
co

ve
r 

h
et

er
o

g
en

ei
ty
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 im

p
a

ct
, p
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vi

d
in

g
 p

o
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m

a
ke
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 w

it
h

 v
a

lu
a

b
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a
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o

n
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o
r 

p
ro

g
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m
m
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n
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