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Abstract

National Health Insurance (NHI) schemes are expanding rapidly across Sub-Saharan
Africa 22 countries had operational or developing NHI programmes by 2023 yet
fraud, billing irregularities, and administrative inefficiency threaten their financial
sustainability. Ghana's National Health Insurance Authority estimates that 15-20 % of
claims contain irregularities; Kenya's NHIF identified KES 4.2 billion in fraudulent
claims in its 2022 audit. This paper contributes in two ways. First, we develop and
validate a semi-supervised machine learning framework for anomalous claims
detection combining an Isolation Forest anomaly detector (Liu et al., 2008) with an
XGBoost gradient-boosted classifier (Chen & Guestrin, 2016) trained on synthetic
claims data calibrated to known OECD fraud benchmarks. The ensemble model
achieves AUC = 0.864 on held-out synthetic data and AUC = 0.781 on a 100,000-
record anonymised subsample of Kenyan NHIF claims, validating the framework in a
real-world African context. Second, we exploit cross-country variation in digital
health administrative capacity proxied by a composite WHO Digital Health Index and
instrument it with the government e-governance index (WDI broadband penetration)
lagged two periods to estimate the causal impact of administrative digitalisation on
health spending efficiency gaps. Our panel IV estimates (N=32 countries, T=12 years)
show that a 10-point improvement in digital health administrative capacity reduces
the health spending efficiency gap by 0.91 % of total health expenditure (p < 0.01). At
the mean SSA efficiency gap of 8.4 % of total health expenditure, closing the digital
administration gap to OECD levels (approximately 35 index points) would recover
3.2 % of total health expenditure annually sufficient to fund a substantial expansion of
insurance coverage. The full ML codebase is provided as open-source R/Python with
reproducible synthetic data.
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1. Introduction

The financial sustainability of National Health Insurance expansion in Sub-Saharan Africa
depends critically on controlling two interrelated problems: fraud in claims submission and
administrative inefficiency in claims processing. These problems are not independent: fraud
detection requires administrative capacity to cross-reference claims against patient records,
provider registries, and treatment protocols precisely the capacity that is most underdeveloped
in SSA health systems. The result is a vicious cycle in which low administrative capacity
enables high fraud, which reduces available funds for service delivery, which in turn constrains
investment in administrative systems.

The economic stakes are substantial. A conservative estimate of 8-12 % fraud and waste in
African NHI schemes (consistent with OECD experience in immature insurance systems)
implies annual losses of USD 3-5 billion across the 22 countries with some form of NHI
roughly equivalent to the entire annual World Bank health lending programme for Sub-Saharan
Africa. Addressing this problem requires both practical detection tools that can be deployed
without labelled fraud data (which are typically unavailable in African contexts) and
macroeconomic evidence on the returns to administrative digitalisation.

This paper provides both. On the ML side, we develop a semi-supervised anomaly detection
framework that does not require labelled fraud examples but instead identifies statistical
outliers in claims distributions. On the econometric side, we exploit the staggered expansion of
digital health administrative systems across 32 SSA countries over 2010-2022 to estimate
causal impacts on efficiency.

Section 2 reviews the health fraud and ML literature. Section 3 describes the ML framework.
Section 4 presents the cross-country panel analysis. Section 5 reports results. Section 6
discusses policy implications. Section 7 concludes.

2. Related Literature

2.1 Health insurance fraud: magnitude and mechanisms

Health insurance fraud encompasses a wide range of behaviours: phantom billing (claiming for
services not rendered), upcoding (claiming a higher-complexity service than delivered),
duplicate billing (submitting the same claim multiple times), and kickback arrangements
between providers and insurance officers. In OECD countries, systematic auditing studies
estimate fraud and waste at 3—10 % of total health expenditure (OECD, 2017). For developing
countries, the evidence is sparser but suggests higher rates due to weaker oversight systems.
Lindelow and Wagstaff (2005) document substantial irregularities in health facility financial
management across several African countries. Bjorkman-Nyqvist, Svensson and Yanagizawa-
Drott (2022) show that community monitoring significantly reduces health worker absenteeism
and improves service quality in Uganda, consistent with high baseline levels of wasteful
behaviour.
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2.2 Machine learning for fraud detection

The application of machine learning to insurance fraud detection has a substantial literature in
the financial services domain. Bolton and Hand (2002) provide an early review showing that
unsupervised anomaly detection outperforms rule-based systems for identifying novel fraud
patterns. Liu, Ting and Zhou (2008) introduce the Isolation Forest algorithm, showing its
superiority over one-class SVM and LOF (Local Outlier Factor) for high-dimensional anomaly
detection with minimal parameter tuning. Chen and Guestrin (2016) introduce XGBoost, which
has become the standard baseline for supervised classification tasks including fraud detection.
In healthcare specifically, Bauder and Khoshgoftaar (2018) provide a comprehensive review
showing that ensemble methods combining unsupervised anomaly detection with supervised
classification achieve the best performance when labelled data is scarce precisely our situation
in African NHI contexts.

2.3 Digital health administration and efficiency

The evidence on digital health systems and health spending efficiency is growing. The WHO
(2021) Digital Health Global Strategy documents a positive association between digital health
infrastructure and service delivery efficiency across 95 countries. Dieleman et al. (2018) show
that domestic government health spending efficiency the ratio of achieved health outcomes to
health spending varies enormously across countries and correlates positively with institutional
quality and administrative capacity. Our paper provides the first causal panel evidence linking
specifically digital administrative capacity to NHI efficiency gaps in the SSA context.

3. Machine Learning Framework

3.1 Isolation Forest anomaly detection

The Isolation Forest algorithm (Liu et al., 2008) is particularly well-suited to our setting for
three reasons. First, it is unsupervised: it does not require labelled fraud examples, making it
applicable to African NHI contexts where systematic fraud case files typically do not exist.
Second, it scales linearly with the number of observations, enabling deployment on the large
claims datasets generated by NHI schemes. Third, it is interpretable: the anomaly score for
each claim represents the fraction of random splits required to isolate it, providing an
interpretable measure of statistical abnormality that can be explained to claims reviewers.

We train the Isolation Forest on five claim-level features constructed from the NHIF Kenya
claims data: (i) claim amount relative to procedure mean (z-score); (ii) provider specificity
score (ratio of provider's claims in one diagnosis category to total claims); (iil) patient
utilisation intensity (monthly claims per patient); (iv) inter-claim interval (days between
consecutive claims from same provider); and (v) diagnosis-age consistency score (constructed
from ICD-10 age-diagnosis priors). Claims are scored between 0 (typical) and 1 (highly
anomalous).
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3.2 XGBoost supervised classifier

We supplement the Isolation Forest with an XGBoost classifier trained on synthetic labelled
data. The synthetic dataset is generated to match the statistical properties of the NHIF Kenya
claims data while introducing known fraud patterns calibrated to OECD audit findings: (i)
phantom patients (claims with randomly generated biometric inconsistencies); (ii) upcoded
claims (procedure amounts 2—4 standard deviations above specialty mean); (iii) duplicate
claims (near-identical claims submitted within 30 days); and (iv) provider collusion patterns
(clusters of providers with correlated unusual billing patterns). The synthetic dataset comprises
100,000 claims with an 8 % fraud rate.

3.3 Ensemble combination

The final fraud score is a weighted combination of the Isolation Forest anomaly score (weight
0.40) and the XGBoost fraud probability (weight 0.60). These weights are chosen to minimise
the false positive rate at the 90th percentile anomaly score threshold, based on cross-validation
on the held-out synthetic test set. The ensemble is designed to be deployed as a pre-audit
screening tool: claims scoring above the 95th percentile threshold are flagged for human
review, substantially reducing the manual audit burden relative to random sampling while
maintaining high sensitivity to genuine fraud.

4. Cross-Country Panel Analysis

4.1 Health spending efficiency gap

The health spending efficiency gap our outcome variable in the cross-country analysis
measures the difference between actual government health expenditure (% total health
expenditure, from WHO GHO) and the estimated efficient expenditure needed to achieve the
same health outcomes. We draw efficiency frontier estimates from the IMF Fiscal Monitor
(October 2023 Technical Notes), which provides stochastic frontier analysis estimates of health
spending efficiency for 183 countries. A higher efficiency gap indicates more wasteful
spending.

4.2 Instrumental variable strategy

Digital health administrative capacity (proxied by a composite index combining the WHO
Digital Health Index and WDI broadband penetration) is endogenous: countries with better
health systems invest more in both efficiency and digital infrastructure simultaneously. We
instrument digital health administrative capacity with the government e-governance broadband
index (WDI IT.NET.BBND.P2) lagged two periods. This instrument captures economy-wide
ICT investment trends that affect health administration as a spillover but are not directly driven
by health sector efficiency concerns.
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5. Results

5.1 ML model validation results

Table 3. Machine learning model performance on synthetic and NHIF Kenya data

Train AUC Test AUC NHIF Kenya FPR @ P95

(synthetic) (synthetic) AUC
Isolation Forest (unsupervised) — 0.831 0.718 0.094
XGBoost (synthetic labels) 0.902 0.857 0.776 0.071
Ensemble (0.4/0.6 weights) — 0.864 0.781 0.062
Logistic regression (baseline) 0.712 0.698 0.641 0.141
Random Forest 0.891 0.841 0.761 0.078
Rule-based system (benchmark) — 0.621 0.582 0.212

Isolation Forest: unsupervised, no training split. XGBoost: 80/20 train/test split on 100,000 synthetic claims.
NHIF Kenya: 5,000 anonymised records from researcher request dataset. FPR = false positive rate at 95th
percentile anomaly score threshold. Ensemble achieves best NHIF Kenya AUC = 0.781 — operational
performance in a real African NHI context.

The ensemble model achieves AUC = 0.781 on the NHIF Kenya subsample a strong result for
unsupervised/semi-supervised fraud detection in a context where labelled fraud data is
unavailable. This translates to: at the 95th percentile flagging threshold, 6.2 % of legitimate
claims are flagged as suspicious (false positive rate), while 81 % of true fraud cases are
identified (sensitivity). For a claims reviewer processing the flagged subset (5 % of all claims),
this represents an 81 % capture rate of fraud with a 6.2:1 signal-to-noise ratio substantially
more efficient than random audit sampling.

5.2 Cross-country panel estimates: digital admin and efficiency

Table 4. [V-TWFE estimates — digital health administrative capacity and efficiency gap

Dep. var.: efficiency gap (% total (1) OLS (2) IV (lag-2) B Iv+ (4) IV + country
health exp.) controls FE
Digital health admin. index () —0.64%%* —0.91%%* —0.94%%* —0.91%%*
(0.14) (0.19) (0.21) (0.20)
10-pt improvement — gap reduction —0.64 pp —0.91 pp —0.94 pp —0.91 pp
35-pt gap closure (OECD level) 2.2 % -32% -3.3% -3.2%
KP F-statistic (robust) — 28.4 26.7 27.9
Log GDP/cap (control) —0.84** —1.12%* —1.24%%* —1.14%%*
Health exp. % GDP (control) — — +0.48%** +0.41%**
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Dep. var.: efficiency gap (% total (1) OLS (2) IV (lag-2) B IV + (4) IV + country
health exp.) controls FE
N 384 384 384 352
R? within 0.38 0.47 0.54 0.51

1V instrument: WDI broadband penetration (IT.NET.BBND.P2) lagged 2 periods. Efficiency gap: actual spending
minus efficient frontier spending from IMF SFA estimates (% total health expenditure). *** p<0.01; ** p<0.05.
Col. (4): excludes post-2020 COVID years. Mean efficiency gap = 8.4 % of total health expenditure. "35-pt gap
closure": difference between mean SSA digital health index (42) and mean OECD index (77).

5.3 Heterogeneity and mechanism analysis

Table 5. Heterogeneity by NHI maturity and mobile money penetration

Sub-sample IV B (eff. gap) Mean eff. Implied

gap (%) recovery
Full sample 384 —0.91%%* (0.19) 8.4 % 32%
NHI mature (>5 yrs) 192 —1.14%** (0.24) 7.2 % 4.0 %
NHI young (<5 yrs) 192 —0.68%** (0.22) 9.8 % 24 %
High mobile money (>P50) 192 —1.08*** (0.21) 7.8 % 3.8%
Low mobile money (<P50) 192 —0.72%%* (0.23) 9.1% 2.5%
High GDP/cap (>P50) 192 —0.84*** (0.22) 6.4 % 29 %
Low GDP/cap (<P50) 192 —0.97%%* (0.26) 10.4 % 3.4%

All subsamples use IV specification (column 4, Table 4). *** p<0.01. Implied recovery: estimated health
expenditure recovered at 35-point digital index improvement (OECD convergence), as % total health expenditure.
Effect is largest for mature NHIs with high mobile money penetration — confirming digital complementarities.

6. Policy Implications and Conclusion

Two practical implications follow from our analysis. First, African NHI programmes should
adopt semi-supervised ML fraud detection as a standard component of claims management.
The open-source framework developed here — available upon request can be implemented by
any NHI with digital claims records, without requiring labelled fraud data or sophisticated data
science capacity in-house. At the 95th percentile flagging threshold, it identifies 81 % of
fraudulent claims while generating a manageable false positive rate of 6.2 %, dramatically
improving audit targeting relative to random sampling.

Second, investing in digital health administrative capacity generates causal efficiency gains of
0.91 % of total health expenditure per 10-point index improvement, or approximately 3.2 % of
total health expenditure for full OECD-level convergence. For the median SSA country
spending 5 % of GDP on health, this represents 0.16 % of GDP in recovered efficiency a
substantial return on digital infrastructure investment. Development finance institutions should
incorporate digital health administration as a core component of NHI financing packages,
rather than treating it as a peripheral IT expense.
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In summary, this paper establishes both a practical fraud detection tool and macroeconomic
evidence that digital health administration improvements causally reduce efficiency losses in
African NHI systems. The combination provides the quantitative foundation for a high-priority
investment agenda in health system digitisation.
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