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Abstract

Background/Objectives: Type 2 diabetes mellitus (T2DM) is a growing burden in low-
and middle-income countries, and non-invasive risk tools have been proposed where
laboratory screening is not feasible. Fast-and-frugal decision trees (FFDTs) are transparent,
non-compensatory rules that make sensitivity–specificity trade-offs explicit. We asked how
far five routinely collected sociodemographic cues can go for classifying self-reported dia-
betes status and benchmarked FFDTs against the simplest possible alternatives. Methods:
A cross-sectional secondary analysis of the 2016 South Africa Demographic and Health
Survey Adult Health recode (N = 10,292; 459 self-reported cases, 4.46%) was carried out.
Five binary cues were derived: age category, household wealth, employment, educa-
tion and sex. Data were split 70/30 into development and a locked hold-out set. Three
purpose-specific FFDTs were selected by 5 × 10-fold cross-validation within the devel-
opment data only, frozen, and then evaluated once on the hold-out set. Comparators
were a pre-specified age-only rule and logistic regression using the same five predic-
tors at a development-derived Youden threshold. We report survey-weighted estimates,
internal–external cross-validation across nine provinces, external validation in 12 further
DHS, subgroup performance, and a log–log analysis of error against training sample size.
Results: On the hold-out set the balanced screening FFDT achieved sensitivity 0.920 (95%
CI 0.862–0.959), specificity 0.585 (0.567–0.602) and balanced accuracy 0.752 (0.727–0.776).
The pre-specified age-only rule achieved balanced accuracy 0.751 (0.724–0.775), while logis-
tic regression at the development-derived Youden threshold achieved 0.766 (0.735–0.797).
Across 50 independent splits, the case-finding FFDT was arithmetically identical to the
age-only rule in every split; the balanced FFDT exceeded it by a median of 0.001 (95%
range −0.004 to +0.025); the referral-minimisation FFDT was worse by a median of 0.124.
Performance was stable across provinces (balanced accuracy 0.731–0.801) but degraded
across countries (0.508–0.724), with referral rate ranging from 0.225 to 0.806. Error scaled
with training size as beta = −0.044 (95% CI −0.063 to −0.025). Conclusions: Transparent
decision trees built from non-invasive sociodemographic cues classify self-reported dia-
betes status no better than a single question about age, do not transport reliably across
countries, and are unlikely to be materially improved by simply increasing the training
sample size. Their value lies in auditability rather than accuracy. Progress in low-burden
risk stratification for T2DM in these settings will require cues that carry a biological rather
than health system signal.
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1. Introduction
Type 2 diabetes mellitus (T2DM) is a major and growing cause of premature morbidity

and mortality worldwide, with the largest absolute increases in disease burden projected
for sub-Saharan Africa and other low- and middle-income countries (LMICs) [1–3]. Despite
well-defined diagnostic criteria, a substantial proportion of cases remain undiagnosed in
these settings: health system evaluations consistently document major gaps in diagnosis,
treatment, and glycaemic control, and treatment coverage is frequently inadequate even in
nationally representative samples [4–6]. Laboratory-based screening is difficult to opera-
tionalise at scale in resource-constrained environments, where supply chains, equipment,
and follow-up capacity may all be limited [4–6]. Risk assessment methods that use routinely
available, non-invasive variables have therefore been proposed as practical complements
to confirmatory testing and as instruments for targeting early intervention [7,8]. According
to current estimates, hundreds of millions of adults have diabetes, and by the middle of the
century, there will likely be a significant increase in the number of people with the disease.
These trends are accompanied by high and increasing societal costs related to treatment,
complications, lost productivity, and disability [1–3,9]. T2DM’s significant correlation with
cardiovascular morbidity and mortality, as well as microvascular problems that signifi-
cantly lower quality of life and raise care needs, exacerbates its clinical and public health
effects [9].

Numerous non-invasive diabetes risk scores have been developed, most incorporat-
ing anthropometric, demographic, and lifestyle variables. However, systematic evidence
synthesis has documented high model multiplicity, inconsistent performance, and frequent
miscalibration when scores are transferred between populations with differing baseline
risk, case-mix, and measurement practices [8,10–12]. Machine learning (ML) approaches
can achieve stronger discrimination under some conditions but typically require larger fea-
ture sets, substantial computational resources, and careful management of overfitting and
dataset shift [13–16]. Translating apparent performance in development data into depend-
able real-world impact remains difficult; opacity, auditability concerns, and governance
challenges frequently constrain adoption in clinical and public health settings [15,17–19].
Population-level risk classification and prioritisation continue to be crucial for programme
design and resource allocation, as evidenced by nationally representative data showing
that full treatment coverage is frequently inadequate in LMIC settings [6].

In response, reporting and evaluation frameworks for clinical prediction models
have increasingly emphasised transparency, reproducibility, and risk-of-bias assessment.
The TRIPOD statement and its elaboration formalised requirements for prediction model
development and validation studies [20,21]; TRIPOD + AI extended these requirements
to ML-based models, with particular attention to deployment-relevant evaluation [22].
Complementary tools such as PROBAST provide structured approaches to assessing bias
and applicability [23,24], and calibration has been identified as a critical but frequently
overlooked dimension of model performance [11]. These requirements have strengthened
the rationale for model classes that are interpretable by construction, require no post
hoc explanation methods, and remain implementable in settings without computational
infrastructure, characteristics that are particularly relevant for community-level screening
in LMICs [4–6,19]. As a result, risk assessment methods based on routinely obtained, non-
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invasive variables have been frequently suggested as useful supplements to confirmatory
testing and as instruments for focusing on early intervention and prevention [7,8].

Fast-and-frugal decision trees (FFDTs) are sequential decision heuristics that enforce
structural simplicity: at each node, a single binary question is asked, and the answer either
assigns an immediate classification or passes the individual to the next node [25]. Because
each cue can trigger an early exit, the model is non-compensatory and fully specified by a
small number of if–then rules that can be depicted in a single figure, implemented on paper,
and audited without computational tools [25,26]. FFDTs make sensitivity–specificity trade-
offs explicit at the point of model selection rather than post hoc, enabling purpose-specific
models to be constructed for distinct clinical and public health objectives, including case-
finding, population screening, and referral minimisation, each with a transparently defined
error profile [25,27]. In population survey settings, where outcome prevalence is typically
low and class imbalance inflates naïve accuracy, balanced accuracy (BAcc) provides a
more appropriate performance summary than overall accuracy [28–30]. Non-invasive
sociodemographic variables available in standardised surveys such as the Demographic
and Health Surveys (DHS) are well suited to this architecture, offering coverage across
LMICs without requiring laboratory inputs [4–6]. However, systematic evidence synthesis
has brought to light the multiplicity of models, inconsistent performance, and the necessity
of rigorous validation and selection when transferring scores between groups [8]. When
models created in one epidemiological environment are used in another, where baseline
risk, case-mix, measurement regimes, and health system paths vary, these issues are more
pertinent [10–12].

In this study we developed three purpose-specific FFDTs for classifying self-reported
diabetes status in a South African population survey, using five non-invasive sociode-
mographic cues, and then asked how much they add over the simplest available alterna-
tives. We aimed to: (i) identify cues that provide discrimination in this survey context;
(ii) construct FFDT configurations representing distinct operating points on the sensitivity–
specificity spectrum; (iii) benchmark those configurations against a pre-specified age-only
rule and against logistic regression using the same predictors; (iv) assess transportability
across provinces and across countries; (v) characterise how classification error scales with
training sample size. The intended contribution is not to replace biochemical diagnosis,
but to establish what routinely collected sociodemographic information can and cannot
achieve for low-burden risk stratification in resource-constrained settings.

2. Materials and Methods
This study was conducted as a cross-sectional secondary analysis and reported in

accordance with STROBE guidance for observational studies and TRIPOD + AI guidance for
prediction and classification model reporting [22]. The analytical objective was to develop
interpretable, point-of-care-compatible classification rules for self-reported diabetes status
using routinely available, non-invasive sociodemographic cues. Three purpose-specific
fast-and-frugal decision trees were constructed to encode distinct sensitivity–specificity
trade-offs for case-finding, balanced screening, and referral minimisation [22].

2.1. Study Design and Dataset Description

We conducted a cross-sectional secondary analysis of anonymised, individual-level
data from the 2016 South Africa Demographic and Health Survey, using the Adult Health
recode for women and men merged with the household member recode. Of 10,336 Adult
Health respondents, 10,292 had a non-missing response to the diabetes question and
complete data on all five cues; these formed the analytic sample (459 self-reported cases,
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4.46%). The individual was the unit of analysis. All analyses used de-identified data.
Participant flow is shown in Figure 1.

Figure 1. Participant flow from Adult Health respondents to the development and locked hold-
out sets.

2.2. Outcome Definition

The outcome was a self-reported diagnosis of diabetes by a health professional, taken
from the 2016 SADHS Adult Health recode: variable S1413F (“Doctor, nurse diagnosed with:
diabetes”) for women and SM1108F for men, each coded 0 = No, 1 = Yes, 8 = Don’t know.
Respondents coded 1 were classified “Diabetes” and those coded 0 “No Diabetes”; those
coded 8 or with a missing response were excluded (n = 44 of 10,336). The models therefore
classify self-reported, previously diagnosed diabetes rather than biomarker-confirmed
disease. Performance metrics are interpreted as agreement with this dataset-defined label
and not as diagnostic accuracy or as detection of undiagnosed diabetes.

2.3. Candidate Predictors and Cue Engineering

Candidate predictors comprised five routinely collected individual-level sociodemo-
graphic variables available in the 2016 South Africa Demographic and Health Survey: age
category, household wealth index, employment status, educational attainment, and sex.
Each variable was operationalised as a binary cue suited to the FFDT architecture; for
example, “middle-aged or older adult,” “richer or richest wealth quintile,” “any recorded
work activity,” “primary schooling or below,” and “female sex.” Binary operationalisation
is central to the FFDT methodology: it constrains model complexity, produces auditable
decision paths, and ensures each node poses a single answerable question [25,29,31,32].
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We calculated cue-level sensitivity, specificity, and balanced accuracy (BAcc = [sen-
sitivity + specificity]/2) for each candidate cue to quantify its marginal discriminative
capacity. Operating points were visualised in a ROC space using the FFTrees “cue ac-
curacies” function. BAcc was used to rank cue thresholds because it weights sensitivity
and specificity equally and remains informative under class imbalance. Cues with higher
BAcc and interpretable thresholds were prioritised for early placement in candidate trees,
consistent with the principle that fast-and-frugal decision-making should examine the most
informative cues first [25,29,31,32].

2.4. Data Preparation, Class Imbalance, and Missingness

Before model fitting, we audited variable types and standardised categorical predictors
to uniform factor levels to ensure stable cue thresholds across training and testing subsets.
The analytic sample had a self-reported diabetes prevalence of 4.46%, indicating substantial
class imbalance. Under such conditions, overall accuracy is misleading: a naïve classifier
that assigns “No Diabetes” to everyone would achieve approximately 96% accuracy with
zero sensitivity. We therefore prioritised sensitivity, specificity, and BAcc over raw accuracy
in model selection and reporting [29].

Rather than optimising against a single global metric, we explicitly accounted for
the asymmetric costs of false negatives and false positives for each intended application,
following current guidance on imbalanced binary classification [29,30]. Missing data
handling was applied uniformly across all candidate trees to ensure that any performance
differences reflected model structure rather than variation in sample composition [29,30].

2.5. FFDT Model Development

We built FFDTs in R using the FFTrees package, which provides tools for constructing,
visualising, and evaluating fast-and-frugal decision trees [25]. Structurally, FFDTs process
each individual sequentially: at each node, a single binary question is asked, and the answer
either assigns an immediate classification (“Diabetes” or “No Diabetes”) or passes the
individual to the next node. No information from earlier nodes can override a subsequent
decision, a property termed non-compensatory processing, which limits the number of
cues examined per individual whilst maintaining discriminatory capacity [25,29,31,32].
This architecture is grounded in the bounded rationality literature on lexicographic and
one-reason decision-making [31,32].

Candidate trees were generated using the FFTrees “fan” algorithm, which evaluates
alternative cue orderings and exit configurations; full construction details are provided in
Supplementary Methods S1 [25].

The analytic dataset was split into a development set (70%; n = 7206) and a locked
hold-out set (30%; n = 3086), stratified on the outcome, under a fixed random seed. All
model development and selection used the development data only.

Three purpose-specific configurations were pre-specified by the relative weight
placed on sensitivity in the FFTrees weighted accuracy criterion: a case-finding configu-
ration (sens.w = 0.75), a balanced screening configuration (sens.w = 0.50) and a referral-
minimisation configuration (sens.w = 0.25). For each configuration, candidate trees were
generated by the FFTrees fan algorithm, and the winning tree was chosen by mean weighted
accuracy across 5 × 10-fold cross-validation within the development data. The winning
configuration was then refitted on the full development set and frozen; its decision rules
were exported programmatically before the hold-out set was accessed. Each frozen tree
was applied to the hold-out set once. No hold-out information was used at any point in
model selection.
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Because the choice of development and hold-out partition proved consequential, the
entire pipeline, comprising split, cross-validated selection, freezing and hold-out evalua-
tion, was repeated across 50 independent random partitions, and the distribution of the
difference in balanced accuracy against the age-only rule is reported.

2.6. Strategy for Selecting Three Purpose-Specific FFDTs

Three FFDT configurations were retained to represent distinct operating profiles rather
than because they were expected to outperform benchmark models. The case-finding con-
figuration gave greater weight to sensitivity, the balanced screening configuration weighted
sensitivity and specificity equally, and the referral-minimisation configuration gave greater
weight to specificity. These objectives were implemented through the FFTrees weighted
accuracy criterion using sensitivity weights of 0.75, 0.50, and 0.25, respectively [25,27,33].

For each configuration, model selection was performed within the development set
only, using 5 × 10-fold cross-validation. The selected configuration was then refitted on the
full development set, frozen, and then applied once to the locked hold-out set. No hold-out
data were used during model selection. The three configurations were therefore interpreted
as transparent, purpose-specific classification rules with different error profiles and were
subsequently benchmarked against an age-only rule and logistic regression using the same
predictors [27,33].

2.7. Model Evaluation and Statistical Reporting

For each frozen FFDT we summarised hold-out performance using confusion matrices
and derived metrics with 95% confidence intervals: exact binomial (Clopper–Pearson)
intervals for sensitivity, specificity, positive and negative predictive value, and referral rate;
the Simel log method for likelihood ratios; the inverted predictive value interval for number
needed to test; and a 2000-resample bootstrap for balanced accuracy, which has no closed
form. Differences in balanced accuracy between rules were estimated by paired bootstrap
on the hold-out set. Subgroup performance of the balanced screening FFDT was evaluated
on the locked hold-out set by sex, age category, household wealth quintile, educational
attainment, and employment status, using sensitivity, specificity, positive predictive value,
and referral rate. For all three FFDT configurations, between-group gaps in sensitivity,
specificity, and referral rate were calculated as the maximum minus the minimum value
across levels of each characteristic; strata with fewer than 40 participants or fewer than
eight self-reported cases were omitted. Balanced accuracy was the primary scalar summary
because it is robust to outcome prevalence under class imbalance.

2.8. Comparators and Benchmarking

Two benchmarks were pre-specified. The first was an age-only rule classifying all
respondents aged 40 years or over as “Diabetes”. The second was a multivariable logistic
regression using the same five predictors, fitted on the development set. The classification
threshold was selected in the development data by maximising Youden’s index and was
then applied unchanged to the locked hold-out set [34].

Established non-invasive risk scores, including the African Diabetes Risk Score, FIND-
RISC and the Cambridge Risk Score, could not be computed because their required combi-
nations of anthropometric measurements and family history variables were not all available
for the full Adult Health analytic sample. As a partial substitute we tested whether mea-
sured anthropometry contributes at all by adding a body mass index category as a sixth
cue in the subsample with measured height and weight.
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2.9. Survey Design, Missing Data and Validation

Survey-weighted performance was estimated using the Adult Health sample weights
(SWEIGHT for women, SMWEIGHT for men), with primary sampling units and sampling
strata specified and Taylor-linearised confidence intervals. DHS does not publish a com-
bined adult health weight, so pooled male-female weighted estimates should be interpreted
with that caveat.

The five cues had no missing values among respondents with a non-missing outcome,
so the complete-case analysis is the full analysis and no imputation was performed.

Transportability was assessed at two levels. Internal–external cross-validation was
performed by leave-one-province-out resampling: the full development pipeline was
repeated on eight provinces and evaluated on the ninth, for all nine provinces in turn.
External validation was performed by applying the frozen South African balanced screening
FFDT, without refitting or threshold adjustment, to 12 further DHS, using the same self-
reported outcome definition.

2.10. Error Scaling

To characterise the relationship between training sample size and classification error,
development subsamples were drawn at ten fractions of the development set (n = 360
to 7206) with 30 resamples at each fraction. The full selection pipeline was repeated
within each subsample, and every resulting model was evaluated on the same locked
hold-out set. Error was defined as 1 minus balanced accuracy, and the scaling relationship
ln(error) = alpha + beta × ln(n) was estimated by least squares.

Throughout, performance interpretation emphasised the clinical and public health
meaning of false-negative and false-positive rates in relation to each tree’s intended use
(case-finding, screening, or referral minimisation), consistent with recommendations to
align evaluation criteria with decision-relevant consequences rather than relying solely on
summary discrimination indices [27,30,33].

2.11. Software and Reproducibility

All analyses were conducted in R version 4.5.2 (R Foundation for Statistical Computing,
Vienna, Austria). FFDT construction and model evaluation were implemented using the
FFTrees package, version 2.1.0 [25]. The revised balanced screening tree diagram was
regenerated in R from the decision rules exported from the frozen model object. Analysis
scripts applied cue encoding, data splitting, and performance evaluation consistently across
all candidate trees and the three selected FFDTs, supporting reproducible comparison under
a common data-generating procedure [33].

2.12. Ethics

Analyses used anonymised secondary data from the 2016 South Africa Demographic
and Health Survey. The DHS programme obtains ethical approvals and informed con-
sent for the original survey data collection. No new data were collected; no identifiable
participant information was accessed; no attempt was made to re-identify individuals.
Additional ethics approval was therefore not required for this secondary analysis. All
results are reported in aggregate form. Data are available through the DHS programme
subject to registration and approval of a data access request; analysis code is available from
the corresponding author on reasonable request.
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3. Results
3.1. Sociodemographic Cue Performance

The analytic sample comprised 10,292 individuals, of whom 459 (4.46%) reported a
previous diagnosis of diabetes. The locked hold-out set comprised 3086 individuals with
137 self-reported cases (4.44%). The five candidate cues were age category, household
wealth, employment status, educational attainment, and sex. Age category provided the
strongest marginal discrimination. The remaining sociodemographic cues were less infor-
mative, consistent with the subsequent finding that the multivariable FFDT configurations
did not reliably outperform the age-only rule.

3.2. Reproducibility of Candidate Tree Selection

Because the FFTrees development and testing partition is stochastic, the identity and
performance of candidate trees depend on the partition. Across 200 random 75/25 partitions,
testing set sensitivity for the case-finding configuration ranged from 0.693 to 0.948 and
specificity from 0.573 to 0.736; for the referral-minimisation configuration, specificity ranged
from 0.119 to 0.922 (Supplementary Table S1, Figure S1). The number of candidate trees
generated varied between six and eight. Candidate tree indices are therefore not stable
identifiers, and all results below use the locked design described in the Methods section.
Under the locked design, apparent, cross-validated, and hold-out performance agreed closely
for the case-finding and balanced screening configurations, while the referral-minimisation
configuration showed a larger decline on the hold-out set (Table 1).

Table 1. Apparent, cross-validated and hold-out balanced accuracy.

Model Apparent
(Development)

Cross-
Validated Hold-Out

Case-finding FFDT 0.749 0.749 0.751
Balanced screening FFDT 0.747 0.745 0.752

Referral-minimisation FFDT 0.644 0.644 0.603

Apparent performance is measured on the development set used to fit the model; cross-
validated performance is the mean across five repeats of 10-fold cross-validation within
the development set; hold-out performance is the single evaluation on the locked hold-out
set. Agreement was close for the case-finding and balanced screening configurations; the
referral-minimisation configuration showed a larger decline on the hold-out set.

3.3. High-Sensitivity FFDT (Case-Finding Model)

Decision rules were generated directly from the frozen model objects. Complete
machine-generated rules and node definitions for all configurations are provided in
Supplementary Tables S5 and S6.

The case-finding configuration returned a tree with three non-discriminating nodes:
two test membership conditions that cannot be satisfied and one that is always satisfied. Its
behaviour therefore reduces to the age cue alone. On the locked hold-out set, it produced
a confusion matrix identical to the age-only rule (TP 125, FP 1210, TN 1739, FN 12). We
report it on that basis rather than as a four-cue model.

3.4. Balanced FFDT (Screening; Primary Model)

The balanced screening FFDT was retained as the primary model. Its rule was gener-
ated from the frozen model object: respondents aged ≥40 years are classified as “Diabetes”;
among younger respondents, those outside the richer or richest wealth quintiles are clas-
sified as “No Diabetes”; among the remainder, those with primary or no education are
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classified as “Diabetes”, and all others are classified as “No Diabetes” (Figure 2). On the
locked hold-out set, the model achieved sensitivity 0.920 (95% CI 0.862–0.959), specificity
0.585 (0.567–0.602), and balanced accuracy 0.752 (0.727–0.776). It referred 43.7% of respon-
dents, with a positive predictive value of 0.093 and a number needed to test of 10.7. The
pre-specified age-only rule achieved balanced accuracy 0.751 (0.724–0.775), while logistic re-
gression using the same five predictors achieved 0.766 (0.735–0.797) at the Youden threshold
(Table 2; Figure 3). The balanced screening configuration was used for the province-level
and external validation analyses.

Hold-out set n = 3086; 137 self-reported diabetes cases (4.44%). Values are estimates
(95% confidence intervals). TP, true positives; FP, false positives; TN, true negatives; FN,
false negatives. The case-finding FFDT and the age-only rule produce identical classifica-
tions for every individual.

Panel (b) uses the same models and hold-out set as Panel (a). PPV, positive predictive
value; NPV, negative predictive value; LR+, positive likelihood ratio; LR−, negative
likelihood ratio; NNT, number needed to test. Low predictive values reflect the 4.44%
prevalence of self-reported diabetes in this sample.

Differences against the age-only benchmark were small (Table 3). Across 50 indepen-
dent development/hold-out partitions, the case-finding FFDT was identical to the age-only
rule in every partition (median difference 0.0000), while the balanced screening FFDT
showed only a negligible median improvement of 0.0012 (95% range −0.0039 to 0.0250),
favouring the tree in 33 of 50 partitions. The referral-minimisation FFDT was consistently
inferior, with a median difference of −0.1242 (95% range −0.1719 to −0.0799) across all
50 partitions (Figure 4; Supplementary Table S7). Age-only balanced accuracy was stable
across the partitions (median 0.751, range 0.733–0.771).

Figure 2. Balanced screening fast-and-frugal decision tree (FFDT) for classification of self-reported,
previously diagnosed diabetes status. The tree was regenerated from the frozen model object.
Respondents aged ≥40 years are classified as “Diabetes”. Among respondents aged <40 years,
those outside the richer or richest wealth quintiles are classified as “No Diabetes”; the remainder
are classified as “Diabetes” if they have primary or no education and as “No Diabetes” otherwise.
Hold-out performance was sensitivity 0.920, specificity 0.585, and balanced accuracy 0.752.
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Table 2. Hold-out performance of all models and benchmarks.

(a) Classification performance.

Model TP FP TN FN Sensitivity Specificity Balanced
Accuracy

Case-finding FFDT 125 1210 1739 12 0.91 (0.85–0.95) 0.59 (0.57–0.61) 0.75 (0.72–0.78)

Balanced screening FFDT 126 1224 1725 11 0.92 (0.86–0.96) 0.58 (0.57–0.60) 0.75 (0.73–0.78)

Referral-minimisation FFDT 49 448 2501 88 0.36 (0.28–0.44) 0.85 (0.83–0.86) 0.60 (0.56–0.64)

Age-only rule 125 1210 1739 12 0.91 (0.85–0.95) 0.59 (0.57–0.61) 0.75 (0.72–0.78)

Logistic regression (Youden
threshold) 116 926 2023 21 0.85 (0.78–0.90) 0.69 (0.67–0.70) 0.77 (0.73–0.80)

(b) Predictive values, likelihood ratios, and workload.

Model PPV NPV LR− LR+ Referral Rate NNT

Case-finding FFDT 0.09 (0.08–0.11) 0.99 (0.99–1.00) 0.15 (0.09–0.26) 2.22 (2.08–2.38) 0.43 (0.42–0.45) 10.7 (9.0–12.7)

Balanced screening FFDT 0.09 (0.08–0.11) 0.99 (0.99–1.00) 0.14 (0.08–0.24) 2.22 (2.08–2.37) 0.44 (0.42–0.46) 10.7 (9.1–12.8)

Referral-minimisation FFDT 0.10 (0.07–0.13) 0.97 (0.96–0.97) 0.76 (0.67–0.86) 2.35 (1.85–2.99) 0.16 (0.15–0.17) 10.1 (7.8–13.5)

Age-only rule 0.09 (0.08–0.11) 0.99 (0.99–1.00) 0.15 (0.09–0.26) 2.22 (2.08–2.38) 0.43 (0.42–0.45) 10.7 (9.0–12.7)

Logistic regression (Youden
threshold) 0.11 (0.09–0.13) 0.99 (0.98–0.99) 0.22 (0.15–0.33) 2.70 (2.47–2.95) 0.34 (0.32–0.35) 9.0 (7.6–10.8)

Figure 3. Hold-out performance of the three fast-and-frugal decision tree configurations, the age-only
rule, and logistic regression at the development-derived Youden threshold. Sensitivity, specificity,
and balanced accuracy are shown with 95% confidence intervals; the dashed line marks the balanced
accuracy of the age-only rule.

Table 3. Difference in balanced accuracy versus the age-only rule.

Model Difference in Balanced
Accuracy 95% CI

Case-finding FFDT 0.0000 0.0000 to 0.0000
Balanced screening FFDT 0.0013 −0.0034 to 0.0105

Referral-minimisation FFDT −0.1482 −0.1886 to −0.1043
Logistic regression (Youden threshold) 0.0153 −0.0072 to 0.0354

Note: Paired bootstrap, 2000 resamples, on the locked hold-out set.
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Figure 4. Difference in balanced accuracy between each fast-and-frugal decision tree configuration
and the age-only rule across 50 independent development/hold-out splits. The diamonds indicate
median differences. The case-finding configuration was identical to the age-only rule in all 50 splits.

Adding a measured body mass index category as a sixth cue changed balanced
accuracy by +0.003 (95% CI −0.009 to +0.014) relative to the age-only rule in the subsample
with anthropometry. Adding four community-level cues produced a tree numerically
identical to the five-cue model. Survey-weighted estimates were close to unweighted
estimates (Supplementary Table S2).

Under leave-one-province-out internal–external cross-validation, performance was
consistent across all nine provinces: balanced accuracy ranged from 0.731 (Limpopo)
to 0.801 (KwaZulu-Natal), the median was 0.740, and sensitivity was from 0.814 to
0.939 (Table 4, Figure S2). Positive predictive value varied from 0.049 to 0.158, tracking
provincial prevalence.

Table 4. Internal–external cross-validation, leave-one-province-out.

Province n Prevalence Sensitivity Specificity Balanced
Accuracy PPV Referral Rate

Western Cape 752 0.084 0.937 0.544 0.740 0.158 0.496
Eastern Cape 1345 0.064 0.814 0.658 0.736 0.140 0.372

Northern Cape 881 0.048 0.881 0.591 0.736 0.097 0.431
Free State 1029 0.049 0.880 0.634 0.757 0.109 0.391

Kwazulu-Natal 1553 0.050 0.885 0.718 0.801 0.142 0.312
North West 1085 0.024 0.923 0.556 0.740 0.049 0.455

Gauteng 1025 0.032 0.939 0.606 0.773 0.073 0.412
Mpumalanga 1213 0.035 0.905 0.636 0.770 0.082 0.383

Limpopo 1409 0.028 0.897 0.565 0.731 0.055 0.448

Note: The balanced screening configuration was redeveloped on eight provinces and validated on the ninth, for
each province in turn.

When the frozen balanced screening FFDT was applied unchanged to 12 further DHS,
performance degraded substantially, and the error profile inverted (Table 5, Figure 5).
Balanced accuracy fell from 0.752 in the South African hold-out set to between 0.508 (Timor-
Leste) and 0.724 (Albania). Sensitivity, 0.920 in South Africa, ranged from 0.437 to 0.964,
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while the referral rate ranged from 0.225 (Tajikistan) to 0.806 (Haiti), a more than 3-fold
difference in workload generated by the same fixed algorithm.

Table 5. External validation in 12 further DHS.

Country n Prevalence Sensitivity Specificity Balanced
Accuracy PPV Referral Rate

Albania 21,142 0.016 0.964 0.485 0.724 0.029 0.522
The Gambia 10,806 0.009 0.674 0.731 0.702 0.022 0.272

India 824,838 0.017 0.601 0.742 0.672 0.039 0.264
Lesotho 8473 0.010 0.609 0.730 0.670 0.023 0.273
Kenya 31,354 0.009 0.603 0.731 0.667 0.019 0.272

Zambia 13,683 0.004 0.545 0.762 0.654 0.009 0.239
Tajikistan 10,718 0.025 0.437 0.781 0.609 0.049 0.225
Namibia 3473 0.043 0.906 0.244 0.575 0.051 0.762

Philippines 1308 0.042 0.491 0.653 0.572 0.058 0.353
Haiti 2537 0.028 0.915 0.197 0.556 0.032 0.806
Benin 11,363 0.011 0.527 0.548 0.538 0.013 0.452

Timor-Leste 4264 0.023 0.615 0.402 0.508 0.023 0.598

Note: Frozen South African balanced screening FFDT applied without refitting or threshold adjustment. Outcome
is self-reported diabetes in every survey. South African hold-out reference: balanced accuracy 0.752, referral
rate 0.437.

Figure 5. External validation of the frozen balanced screening tree across 12 further DHS, ordered by
balanced accuracy. The dashed line marks the South African hold-out value.

3.5. High-Specificity FFDT (Referral-Minimisation Model)

The referral-minimisation FFDT was retained to represent a high-specificity operating
profile rather than a rule-out model. Its rule was generated from the frozen model object:
respondents with no education are classified as “Diabetes”; among the remaining respon-
dents, those not in the richest wealth group are classified as “No Diabetes”; among the
remaining respondents, those who are middle-aged or older are classified as “Diabetes”,
and all others are classified as “No Diabetes”. On the locked hold-out set, this configuration
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achieved sensitivity 0.358, specificity 0.848, and BAcc 0.603. Because it missed 88 of 137
self-reported cases and showed the largest between-group performance gaps, it is reported
as a negative finding and is not recommended for use.

Error scaled weakly with training sample size. Fitting ln(error) = alpha + beta × ln(n)
across development subsamples from n = 360 to n = 7206 gave beta = −0.044 (95% CI
−0.063 to −0.025) and R-squared = 0.78 (Figure 6, Supplementary Table S8). A 20-fold
increase in training data reduced error by approximately 3.5 percentage points, and the
curve was flat beyond approximately n = 1500.

Figure 6. Error scaling with training sample size on log–log axes, with fitted line and 95% confi-
dence band.

Performance differences by sex were small for all configurations (sensitivity gap
0.10 or less; Supplementary Tables S3 and S4). Differences by age category were large,
particularly for the case-finding and balanced screening configurations, in which age is the
first decision cue. The referral-minimisation configuration showed the largest disparities,
with a sensitivity gap of 0.939 across education strata and 0.830 across wealth quintiles,
indicating that it systematically fails to identify cases in specific socioeconomic groups.

3.6. Comparative Performance and Error Profiles

Table 2 summarises hold-out performance for the three FFDT configurations and
benchmark models. The case-finding FFDT and the age-only rule produced identical
classifications. The balanced screening FFDT showed nearly identical balanced accuracy
to the age-only rule, while logistic regression showed only a small and non-significant
advantage. The referral-minimisation FFDT reduced referral workload but at the cost
of substantially lower sensitivity. These results support the revised interpretation that
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the value of FFDTs in this setting is transparency and auditability rather than improved
classification accuracy.

4. Discussion
In a nationally representative South African survey, transparent decision trees built

from five routinely collected sociodemographic cues classified self-reported diabetes status
with a balanced accuracy of approximately 0.75. That figure is, however, indistinguishable
from what is achieved by a single question about age and from what is achieved by logistic
regression using the same predictors. Across 50 independent development and hold-out
partitions, one of our three configurations was arithmetically identical to the age-only rule;
one matched it; one was consistently worse. We therefore do not claim that fast-and-frugal
decision trees provide superior classification in this setting.

Two further results explain why. First, error scaled with training sample size with an
exponent of only −0.044, so a 20-fold increase in data reduces error by about three percent-
age points; performance is limited by the information content of the cue set rather than
by sample size. Consistent with this, neither four community-level cues nor a measured
body mass index category improved on the age-only rule. Second, performance was stable
across South African provinces but degraded sharply across countries, and the referral
rate generated by the same fixed rule varied more than 3-fold between surveys. A rule
whose workload implications change this much between settings is not transportable in
any operationally meaningful sense.

Taken together, these findings suggest that non-invasive sociodemographic cues in
this context largely encode age together with health system contact, rather than biological
risk. This is a substantive constraint on the literature that has repeatedly proposed such
cues as a low-cost substitute for laboratory screening in resource-constrained settings.

4.1. The Reference Standard and Why HbA1c Was Not Used

Our outcome is self-reported, previously diagnosed diabetes rather than biomarker-
confirmed disease, and this constrains interpretation in a specific direction: individuals
with undiagnosed diabetes are labelled as non-cases, so the models are trained partly to
identify who has had contact with health services. The socioeconomic gradient we observe
should be read with that in mind.

The 2016 SADHS measured HbA1c in a subsample, and we considered using it. We
retained self-report for three reasons. First, a single reference standard was required across
nine provinces and 12 countries, and HbA1c is available only in the South African survey;
mixing standards would have confounded transportability with measurement. Second,
HbA1c thresholds may not perform consistently across populations of African descent: a
scoping review reported underdiagnosis relative to oral glucose tolerance testing in studies
of African participants, and work in Black South African patients documented substantial
discordance between HbA1c-derived and directly measured average glucose [35,36]. Assay
performance itself appears robust, including in the presence of the sickle cell trait [37],
and HbA1c has performed comparably to fasting glucose in South African risk score
validation [38,39]. Third, in this particular file the HbA1c distribution was shifted upward
(median 6.1%; 88% of adults ≥ 5.7%), and the ≥6.5% threshold yielded a survey-weighted
prevalence of 21.3%, compared with previously published estimates of 11.4% and 14.6%
from the same survey [40,41]. Because this discrepancy could not be resolved, validation
against a biomarker-confirmed outcome remains an essential next step.
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4.2. Interpretation of Main Findings

Age category, household wealth, and educational attainment appeared in the effective
FFDT rules, consistent with the well-documented epidemiology of T2DM in sub-Saharan
Africa, where risk is shaped by structural deprivation, rapid urbanisation, socioeconomic
transition, and individual-level characteristics [42,43]. However, the revised benchmarking
analyses showed that the case-finding configuration reduced exactly to an age-only rule,
the balanced screening FFDT produced almost the same balanced accuracy as the age-
only benchmark, and the referral-minimisation configuration reduced referral workload
but missed a large proportion of self-reported cases. These results show that the three
FFDT configurations encoded different error profiles, but they do not support a claim of
improved classification over simpler alternatives. Their main contribution is therefore
transparency: the rules make the operating assumptions and error trade-offs visible, which
is useful for audit and implementation planning even when classification performance is
limited [27,44,45].

The predominance of age, together with the limited incremental contribution of the
remaining sociodemographic cues, is consistent with the ecological-rationality perspective
underlying FFDTs, which holds that simple heuristics perform well when they exploit
stable structure in the environment. In this setting, age captured most of the available
classification signal, plausibly reflecting the strong age-patterning of T2DM risk and the
broader cardiometabolic consequences of the nutrition transition in urbanising South
African populations [26,27,46]. The resulting rules remained shallow, transparent, and
non-compensatory, requiring inspection of only a small number of cues per individual
and thereby reducing cognitive and data-collection burden compared with multivariable
regression or machine learning models [25,26]. However, this structural simplicity did not
translate into meaningful improvement over the age-only benchmark.

4.3. Relationship to Existing Diabetes Risk Tools

These findings contribute to the growing literature on non-invasive diabetes risk
assessment in African contexts. A recent systematic review identified few risk tools that
were developed and validated specifically for sub-Saharan African populations; imported
tools from high-income settings frequently underperform [45]. External validation studies
in African ancestry cohorts have found acceptable discrimination but poor calibration,
with systematic over- or under-estimation of risk that is only partially corrected through
recalibration [38,47]. Recent South African evidence further demonstrates that several es-
tablished non-invasive risk scores fail to identify individuals at very high risk, highlighting
the limitations of off-the-shelf algorithms in this setting [48].

FFDTs still offer a complementary strategy in this context, but mainly as transparent
benchmarking tools rather than as superior screening instruments. Unlike many existing
tools that generate a numerical risk score or require laboratory inputs, the rules described
here can be implemented as simple paper algorithms or verbal checklists and explicitly
encode the operational context for which each rule is intended. However, the case-finding
configuration added nothing beyond age alone, and the referral-minimisation configuration
is not recommended for use because of its low sensitivity and subgroup performance gaps.
This pattern supports the need for resource-driven prediction models that account explicitly
for input cost, availability, and the information content of candidate cues [49].

4.4. Methodological Implications: Heuristics Versus Complex Models

This study demonstrates that interpretable heuristic models need not be simplistic.
FFDTs are constructed through a principled search over cue orderings and exit structures,
subject to the constraint that each node uses a single binary question and is optimised
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against a defined performance target such as BAcc [25,26,46]. Simulation and empirical
evidence suggest that FFDTs can match or outperform logistic regression and more complex
machine learning models in many real-world settings, particularly when sample sizes are
modest and predictor noise is high [26,32,46]. Our results are consistent with this literature:
even at a disease prevalence of approximately 4%, a small set of sociodemographic cues
arranged in a non-compensatory tree achieved BAcc in the mid-70% range on held-out data.

We acknowledge that FFDTs do not produce individual risk probabilities and cannot be
calibrated in the conventional sense. This simplifies communication and implementation
(“follow this path to assign a classification”) but shifts the basis for evaluating model
adequacy from risk calibration to classification performance and error trade-offs. Most
multivariable diabetes risk scores, by contrast, generate estimated probabilities that can
be assessed using Brier scores, calibration slopes, and calibration plots [50,51]. Exploring
hybrid approaches, for example, using FFDTs to stratify individuals into broad risk bands
that feed into calibrated probability estimates from more complex models, or extending
FFDT methodology to include basic probability bins, represents an important direction for
future work.

4.5. Calibration and the Need for External Validation

This study adhered to TRIPOD + AI reporting guidelines in its documentation of data
processing, model construction, and internal testing [22]. Nevertheless, a thorough evalu-
ation of probability calibration and prospective validation against biomarker-confirmed
outcomes remains outside the scope of the current analysis and represents an important lim-
itation. Evidence from multiple clinical domains consistently shows that prediction models
with good apparent discrimination in development data are frequently miscalibrated when
applied to new populations, producing systematic over- or under-estimation of risk in
specific subgroups [50–52]. External validations of diabetes risk scores in African and
African ancestry cohorts have documented exactly this pattern: reasonable discrimination
(AUC 0.70–0.80) but clinically significant calibration drift requiring population-specific
recalibration, particularly when HbA1c rather than fasting glucose is used as the reference
standard [38,39,47].

Although FFDTs do not generate individual risk probabilities, group-level calibration
remains important. At 4.4% prevalence, a tree that classifies a large proportion of the popu-
lation as positive will generate predominantly false positives, potentially overwhelming
confirmatory testing capacity. Conversely, an overly conservative referral-minimisation tree
may provide false reassurance to a non-trivial number of undiagnosed individuals. Future
work should therefore evaluate the calibration-in-the-large of each FFDT across age, sex,
and socioeconomic strata; conduct prospective validation in independent primary care or
community datasets with biomarker-confirmed outcomes using an established validation
design [51–53]; and assess predictive values, decision-curve net benefit, and workload
implications under realistic screening pathways.

4.6. Strengths and Limitations

This study has several strengths. First, it draws on a large population-based dataset
from South Africa, the country at the epicentre of the projected diabetes burden increase
in sub-Saharan Africa [42,43]. Second, exclusive use of non-invasive, routinely available
sociodemographic indicators maximises potential scalability to primary care and com-
munity screening settings where biochemical testing is unavailable. Third, rather than
seeking a single optimal model, we explicitly evaluated three pre-specified FFDT operating
profiles to compare the consequences of different sensitivity–specificity trade-offs. Fourth,
performance was reported on a held-out evaluation partition to reduce optimistic bias.
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Fifth, explicit specification of cue thresholds and tree architectures supports reproducibility
and aligns with TRIPOD + AI requirements for model transparency and transportabil-
ity [22,25,51].

Several limitations should be noted. The outcome is self-reported previous diagnosis,
not biomarker-confirmed diabetes; given that a substantial proportion of diabetes in South
Africa is undiagnosed, individuals with undetected disease are misclassified as non-cases,
and our estimates should not be interpreted as diagnostic accuracy or as detection of
undiagnosed disease. The design is cross-sectional and the cues are not to be interpreted
causally. Established non-invasive risk scores could not be computed because the required
anthropometric and family history variables were not all available for the full Adult Health
analytic sample, so our benchmarking is against an age-only rule and logistic regression
rather than against published instruments. External validation used the same self-report
outcome in every country, so cross-country degradation reflects transportability of the
rule structure under a self-report label rather than of diagnostic performance. DHS does
not publish a combined adult health sampling weight, so pooled male-female weighted
estimates carry the usual caveat. Finally, we did not assess calibration in the conventional
sense, because fast-and-frugal decision trees return classifications rather than probabilities.

4.7. Transparency, Reproducibility, and TRIPOD + AI

The TRIPOD and TRIPOD + AI frameworks emphasise complete reporting of model
development, validation, and performance metrics, and require the availability of code and
model specifications to support independent review and practical application [22,51]. This
study advances that agenda in three respects. First, FFDTs are inherently transparent: the
complete model specification consists of a small number of if–then rules, can be depicted
in a single figure, and requires no computational infrastructure to implement. Second,
we have documented data preprocessing, partitioning, and performance reporting in
alignment with TRIPOD + AI requirements, including explicit treatment of class imbalance,
missingness, and intended use cases. Third, by constructing distinct trees for case-finding,
screening, and referral minimisation, we define the decision-analytic context in which
each model is intended to operate, a dimension frequently absent from the prediction
modelling literature [22,52]. Future work should include openly archived analysis code,
prospective biomarker-based validation, and further assessment of subgroup performance
and implementation impact across socioeconomic and demographic strata.

4.8. Future Directions and Impact

Several future research directions follow naturally from this work. Prospective valida-
tion studies in primary care and community settings are needed to assess how well these
transparent rules perform when used by non-specialist health workers, and to measure
their effect on detection rates, referral patterns, and health system workload. Research on
adaptive implementation could examine how local disease prevalence, resource constraints,
and confirmatory testing availability should inform the use of age-only and balanced
screening rules; the referral-minimisation configuration is retained only as a negative
finding and is not recommended for use. Methodologically, investigating the robustness
of tree structures across time, regions, and alternative diabetes definitions (e.g., HbA1c-
based criteria) will be important, given evidence that diagnostic criteria and biomarker
choice significantly affect measured prevalence and model performance in African popula-
tions [39,54]. The trees could also serve as front-end triage instruments within calibrated
risk-stratification pipelines.
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5. Conclusions
Transparent fast-and-frugal decision trees built from five non-invasive sociodemo-

graphic cues classified self-reported diabetes status in a South African national survey
with a balanced accuracy of approximately 0.75, essentially the same as a single question
about age and close to the performance of logistic regression using the same predictors.
Performance was stable across provinces but did not transport across countries, and error
scaling indicates that additional data would not materially improve it.

Among the candidate cues, age category had the highest individual balanced accuracy.
The case-finding configuration reduced to the age-only rule, the balanced model achieved
the strongest FFDT performance but was not meaningfully better than age alone, and
the referral-minimisation configuration reduced referral workload but missed many self-
reported cases. These findings reinforce that model utility is context-dependent: the
choice between the age-only and balanced screening rules depends on available diagnostic
capacity, public health objectives, and tolerance for false positives, whereas the referral-
minimisation configuration is not recommended because its lower referral workload was
achieved at the cost of missing many self-reported cases.

The contribution of this model class in such settings therefore lies in transparency and
auditability rather than in accuracy: the rules can be written on a card, applied without
computation, and checked by anyone. Whether these cues can identify undiagnosed
diabetes cannot be established from the present self-reported outcome. Future work should
prioritise biologically informative cues, such as anthropometric or point-of-care biochemical
measures, and validate them against a biomarker-confirmed reference standard.
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