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ABSTRACT

Aims: We evaluated overall and sex-specific performance of established diabetes risk models for predicting incident dysglycae-
mia in African and European populations.

Materials and Methods: We externally evaluated the African Diabetes Risk model, Finnish Diabetes Risk model,
Epidemiological Study on the Insulin Resistance Syndrome model and the personal and clinical Framingham models. Evaluation
was performed in three prospective cohorts: the Research on Obesity and Diabetes among African Migrants (RODAM-Pros; mi-
grant and non-migrant Ghanaians; n=1607), the Middle-aged Soweto cohort (MASC; urban Black South Africans; n=>515) and
the Visterbotten Intervention Programme (VIP; Sweden; n =3044). Dysglycaemia was defined according to American Diabetes
Association criteria. Discrimination (c-statistic) and calibration were assessed before and after recalibration.

Results: Dysglycaemia developed in 17.7% of RODAM-Pros participants, 35.0% of MASC participants and 27.5% of VIP partic-
ipants, with median follow-up of 6.7, 6.7 and 9.9 years, respectively. All models demonstrated poor-to-modest discrimination (c-
statistic <0.7). Most models substantially underestimated risk. Recalibration eliminated systematic miscalibration and reduced
calibration error to <2.3% in RODAM-Pros and VIP and < 3.4% in MASC. Performance varied by sex and cohort.

Conclusions: Existing diabetes risk prediction models can be applied to predict incident dysglycaemia in both Sub-Saharan
African and European populations, but only after recalibration to local risk levels.

This is an open access article under the terms of the Creative Commons Attribution License, which permits use, distribution and reproduction in any medium,
provided the original work is properly cited.

© 2026 The Author(s). Diabetes, Obesity and Metabolism published by John Wiley & Sons Ltd.
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1 | Introduction

Type 2 diabetes accounts for approximately 90% of all diabetes
cases and its prevalence is increasing globally, with Sub-Saharan
Africa (SSA) projected to experience the steepest rise, reaching an
estimated 142% increase by 2050 [1]. Prediabetes, an intermediate
state of hyperglycemia preceding Type 2 diabetes (hereafter re-
ferred to as diabetes), is also rising [2]. Importantly, prediabetes is
associated with elevated cardiovascular disease and mortality risk
even without progression to overt diabetes [3, 4]. Identification of
individuals at high risk to develop dysglycaemia (prediabetes and
diabetes) is therefore essential for timely, targeted prevention.

Prognostic models support early prevention, clinical decision-
making and resource allocation. However, their performance
must be rigorously evaluated in target populations, particularly
when developed elsewhere, to avoid reinforcing existing health
disparities. This includes assessing applicability, subgroup per-
formance by sex and ethnicity and recalibration performed when
necessary, in line with risk-of-bias and applicability frameworks
[5, 6] and recent guidance on equity-sensitive use of race in clin-
ical prediction [7].

No prognostic diabetes risk models have been developed in SSA
populations or among African migrants [8, 9]. Only one model,
the African Diabetes Risk Model (ADRM), was developed using
SSA data to detect undiagnosed diabetes rather than to predict
incident disease [10]. The ADRM |10, 11] and several other dia-
betes risk models have been validated in SSA settings [11-13],
but mostly for cross-sectional detection rather than prospective
prediction. Consequently, evidence on how well current diabe-
tes risk models predict incident dysglycaemia in SSA popula-
tions and globally remains limited.

Population- and sex-specific differences in diabetes pathophys-
iology and risk factor profiles may further influence model per-
formance. For example, Black Africans typically have higher
insulin levels than Europeans at similar insulin sensitivity, de-
spite lower visceral and ectopic fat depots [14]. Associations be-
tween traditional risk factors and diabetes also vary by ethnicity
and sex [15]. Furthermore, diabetes among individuals without
overweight/obesity is more common in SSA countries [16], with
a similar increasing trend observed in African Americans [17].
Such differences may lead to systematic miscalibration when
prediction models developed in predominantly European popu-
lations are applied to SSA cohorts.

We comprehensively evaluated the performance of established
invasive (Framingham clinical) and non-invasive diabetes
risk prediction models (ADRM, Finnish Diabetes Risk model
(FINDRISK), the Epidemiological Study on the Insulin Resistance
Syndrome (DESIR) model and Framingham personal model) for
predicting incident dysglycaemia in two SSA and one European
cohort and assessed whether performances differed by sex.

2 | Materials and Methods

This study prospectively evaluated the performance of ex-
isting risk prediction models and followed the updated
Transparent Reporting of a multivariable prediction model for

Individual Prognosis or Diagnosis plus Artificial Intelligence
(TRIPOD + AI) checklist [18] (Table S1).

2.1 | Description of the Cohorts

Three prospective cohorts representing diverse populations were
included: (1) the Research on Obesity and Diabetes among African
Migrants prospective (RODAM-Pros) cohort of migrant and non-
migrant Ghanaian adults, (2) the Middle-aged Soweto cohort
(MASC) of urban Black South Africans and (3) the Visterbotten
Intervention Programme cohort (VIP) representing a predomi-
nantly European population from northern Sweden.

Details are provided in Appendix S1. Briefly, baseline and fol-
low-up assessments were conducted in RODAM-Pros (2012-
2015; 2019-2022) [19, 20] and MASC (2017-2018; 2023-2025).
For VIP, participants with baseline examinations between 2003
and 2011 and a 10-year follow-up visit, were included. Ethical
approval was obtained from the relevant ethics committees for
all cohorts. At baseline and follow-up, oral glucose tolerance
tests (OGTTs) were performed in MASC and VIP, while fasting
plasma glucose was measured in RODAM-Pros.

2.2 | Study Populations and Outcome Definition

A flow diagram of the inclusions and exclusions for each cohort
is presented in Figure 1. Inclusion criteria were: no dysglycae-
mia at baseline, fasting for at least 8h and no missing fasting
plasma or 2-h glucose measurements. After exclusions, 1607
RODAM-Pros, 515 MASC and 3044 VIP participants remained.

Dysglycaemia was defined according to American Diabetes
Association criteria [21]. In MASC and VIP, dysglycaemia in-
cluded impaired fasting glucose (IFG), defined asa fasting plasma
glucose of 5.6-6.9 mmol/L; impaired glucose tolerance (IGT) de-
fined in MASC as a 2-h plasma glucose of 7.8-11.0mmol/L and
in VIP as 2-h capillary glucose of 8.9-12.1 mmol/L; or diabetes.
Diabetes was defined as a fasting plasma glucose >7mmol/L
and/or a 2-h plasma glucose of >11.1 mmol/L in MASC, or a 2-h
capillary plasma glucose >12.2mmol/L in VIP, and/or the use
of anti-diabetic medication, and/or a validated register diabetes
case (only in VIP). In RODAM-Pros, dysglycaemia was defined
as IFG or diabetes, determined by a fasting plasma glucose and/
or the use of anti-diabetic medication [22]. Incident dysglycae-
mia was defined at the follow-up visit.

2.3 | Selection of Prediction Models

We selected five diabetes risk prediction models (Table S2). The
ADRM was included as the only model developed in SSA. The
FINDRISK model was selected because it is the most commonly
validated model in SSA for undiagnosed diabetes [12, 23, 24|, and
together with the Framingham and the DESIR models, has been
validated in eight European countries for incident diabetes [25].

Model selection was further guided by predictor availability
across cohorts. Models that included ethnicity were excluded
due to the ethnic homogeneity of RODAM-Pros and MASC, and
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FIGURE1 |
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Flow diagram of the study populations included for each cohort: RODAM-Pros (Research on Obesity and Diabetes among African

Migrants Prospective cohort), MASC (Middle-aged Soweto cohort), VIP (Visterbotten Intervention Programme). Reasons for exclusions were dys-
glycaemia at baseline, missing glucose measures, and fasting for less than 8 h at baseline and follow-up.

those incorporating dietary variables were excluded, as these
will be assessed in future work. The DESIR model [26] was
included because it is sex-specific. Since invasive models often
outperform non-invasive models but few have been validated in
African-ancestry populations [27], we also included the invasive
Framingham clinical model.

2.4 | Statistical Analysis

Participants with missing data for any model-specific predic-
tors were excluded, resulting in subsamples of varying sizes
(Tables S3-S5). The maximum proportion excluded due to
missing was 2.6% in RODAM-Pros, 0.4% in MASC, and 6.6% in
VIP. The standardised mean difference (SMD) was calculated
to compare subsamples to the main sample. An absolute SMD
>0.10 was considered indicative of meaningful imbalance [28].
Although sample size was not pre-specified, each cohort ex-
ceeded the rule-of-thumb threshold of > 100 events for external
validation [29, 30].

Details of model predictors and any modifications are pro-
vided in Table S6. In the VIP cohort, HDL-cholesterol was
omitted from the clinical Framingham model evaluation due
to > 75% missingness, with a sensitivity analysis conducted in
a subset with HDL-cholesterol available. Additional sensitiv-
ity analyses for FINDRISK were performed in RODAM-Pros
and MASC, restricting samples to the original FINDRISK age
range (Table S6).

Baseline cohort characteristics were summarised, and sex differ-
ences assessed using independent ¢-tests (parametric continuous
variables), the Mann-Whitney U test (non-parametric continu-
ous variables) and the chi-squared test (categorical variables).

Predicted probabilities of incident dysglycaemia were calculated
using the equations for each risk model (Table S2). The overall
performance of the models was assessed using the Brier score,
defined as the squared difference between the observed (Y)

and predicted probability (p) of incident dysglycaemia for each
participant (Y-p)? with lower values indicating better predictive
ability. Discrimination was assessed using the concordance
statistic (c-statistic). A c-statistic >0.90 is regarded as outstand-
ing, 0.80-0.89 as excellent, 0.70-0.79 as acceptable, 0.60-0.69
as moderate and <0.60 as poor [31]. In each cohort, the differ-
ence in c-statistics between the models was compared using the
DeLong test. To account for multiple comparisons (n=10), the
p-values were adjusted using the Benjamini-Hochberg false dis-
covery rate (FDR) procedure.

Calibration, defined as the agreement between predicted and
observed risk, was evaluated using: (1) the ratio of the average
predicted probability to the average observed probability (E/O
ratio), (2) the calibration slope, (3) calibration curves, (4) the inte-
grated calibration index (ICI) and (5) the maximum calibration
distance (E,, ). An E/O ratio of one indicates no systematic over-
or underestimation of risk, while a slope of one indicates correct
calibration of predictor effects. Confidence intervals for the E/O
ratio were estimated using Poisson variance [32]. Calibration
curves were used to assess prediction accuracy over the range of
predicted probabilities and were summarised using the E,_, [33]
and ICI [34]. The ICI, ranging from 0 to 1 (or expressed as a per-
centage), represents the average absolute difference between the
calibration curve and the line of perfect agreement, weighted
by the distribution of the predictions. Lower ICI values indicate
smaller calibration error and better accuracy. Cohort- and sex-
specific model performances were evaluated.

Since the selected models were originally developed for pre-
dicting incident or undiagnosed diabetes rather than incident
dysglycaemia, some miscalibration was expected. Although
these outcomes share risk factors, differences in baseline risk
and predictor effects between the development populations and
our cohorts can lead to poor agreement between observed and
predicted risk, reflected by E/O ratios and calibration slopes de-
viating from 1. To address this, we recalibrated each model by
fitting a logistic regression model with the original linear pre-
dictor as the only covariate, yielding updated intercept (baseline
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risk) and slope (overall predictor strength) estimates using the
equation: logit (p) =intercept+ slope X linear predictor [35, 36].
The recalibrated parameters (Table S7) were then used to adjust
predicted probabilities to better reflect dysglycaemia risk distri-
bution within each cohort and by sex.

A clinical utility analysis was conducted, comparing the original
and recalibrated models with each other and against the default
strategies of intervening in all individuals or in none. Net ben-
efit, which quantifies the benefit of intervening in true-positive
cases against the harm of intervening in false-positive cases,
was plotted across a range of decision thresholds. Clinically rel-
evant thresholds varied between cohorts but generally ranged
from 10% to 35%, reflecting differences in baseline risk as well
as the relatively low harm associated with preventative inter-
ventions in primary care settings such as regular follow-up and
motivational interviewing.

Finally, to evaluate the effect of outcome redefinition, we also
assessed model performance for predicting incident diabetes in
each cohort in a secondary analysis.

Analyses were performed using Stata 17.0 (STATCorp LP,
College Station, Texas, USA) and R (http://www.r-project.org,
R Foundation for Statistical Computing, Vienna, Austria). R
Studio (Posit Software, PBC, Boston, Massachusetts, USA) was
used to create the calibration plots, to calculate E,  and ICI
(CalibrationCurves package v1.0.0) and to perform the decision
curve analysis (d,.., Package version 0.5.1). A p-value <0.05

was considered statistically significant.

3 | Results
3.1 | Description of the Selected Models

The five selected prediction models were developed in dif-
ferent populations. The ADRM was developed in SSA Black
populations from Tanzania, Senegal and Guinea, whereas the
FINDRISK, DESIR and the personal and clinical Framingham
models were developed in populations from Europe or European
descent living in Finland, France and the USA (Table S2). Age
and waist circumference were the most frequently included
predictors across models. Smoking was only included in the
DESIR model, while systolic blood pressure, fasting plasma glu-
cose, HDL-cholesterol and triglycerides were only included in
the clinical Framingham model. The proportion of participants
excluded per model varied from 0.1% to 2.6% in RODAM-Pros,
0.2%-0.4% in MASC, and 3.3%-6.6% in VIP. Baseline character-
istics for each subsample in each cohort are shown in Tables S3—
S5. All SMDs comparing each subsample with the main sample
were below 0.10, indicating good balance across predictors.

3.2 | Description of the Cohorts

Baseline characteristics of the cohorts are shown in Table 1.
The RODAM-Pros cohort included a larger proportion of
women (66.3%) compared to 46.8% in MASC and 50.5% in VIP.
Participants in MASC were older (52.4=+6.0years) than those
in RODAM-Pros (45.5+11.4years) and VIP (42.9+5.0years).

Obesity prevalence was greatest in MASC (37.7%), intermediate
in RODAM-Pros (21.9%) and lowest in VIP (13.5%).

After a median follow-up of 6.7years (interquartile range (IQR)
0.5) in RODAM-Pros, 6.7years (IQR 0.9) in MASC and 9.9years
(IQR 0.3) in VIP, the incidence of dysglycaemia was 17.7%, 35.0%
and 27.5%, respectively. Incidence of dysglycaemia did not differ
significantly between men and women in any cohort.

3.3 | Model Performance in Each Cohort Before
Recalibration

Discrimination was poor to moderate across all models and co-
horts with c-statistics consistently below 0.7 (Table 2). Although
the clinical Framingham model achieved the highest discrim-
ination in each cohort, it significantly outperformed only the
FINDRISK model in RODAM-Pros (p=0.022).

All models substantially underestimated the risk of incident
dysglycaemia, as reflected by E/O ratios well below 1, except
for the clinical Framingham model, which overestimated risk
by 78% in VIP (Table 2). Among all models, the ADRM showed
the greatest underestimation of risk across cohorts (Table 2,
Figure S1). Calibration slopes were below 1 for all models and
in all cohorts (Table 2), indicating overly extreme predictions.

3.4 | Model Performance in Each Cohort After
Recalibration

Recalibrating the intercept and slope corrected systematic mis-
calibration across all models. Consequently, E/O ratios and
calibration slopes approached 1 in every cohort. Recalibration
also improved prediction accuracy across the range of predicted
probabilities, reflected by lower ICI and E,_,  values (Figure 2).

In RODAM-Pros, the FINDRISK model was the most accurate
over the whole range of predicted risks (ICI 1.2%), followed by
the ADRM (ICI 1.4%), while the DESIR model was the least ac-
curate (ICI 2.2%). Similarly in VIP, the FINDRISK model was
the most accurate (ICI 0.5%) whereas the DESIR model was least
accurate (ICI 2.3%). In contrast, in MASC, the DESIR model had
the lowest calibration error (ICI 1.2%) and FINDRISK the high-
est (ICI 3.4%). The clinical Framingham model tended to un-
derestimate risk in the lower strata of predicted risk in all three
cohorts, most prominently in MASC.

3.5 | Decision Curve Analysis Before and After
Recalibration

Across all cohorts, recalibration improved the clinical utility of
the prediction models, with recalibrated versions generally pro-
viding greater net benefit than the original models (Figure S2).
In RODAM-Pros, the recalibrated models provided greater net
benefit than the intervene-in-all strategy at threshold probabil-
ities of approximately 10% and above. In VIP, this advantage
emerged at threshold probabilities of approximately 22%-25%,
while in MASC it was apparent from approximately 30% on-
wards. Following recalibration, no single model consistently

Diabetes, Obesity and Metabolism, 2026

10817


http://www.r-project.org

000> A
T0°0> Ay
'50°0>dy

‘SHWW 6/0+T < JO 91nssa1d poojq JI[0ISeIP PUE JI[0ISAS B J0/pUL JUIUI)BII) JAISUIIdAAY-13Ue SUIAIOOAI SE PAUTIOP ST UOISUIIddAH ‘dwrwe1S01d UONUIAINUT
U2)J0qQIAISBA ‘dIA 310109 dA1)adso1g sjuerSI ueonyy Suowe s9jaqerp pue £31S9q0 U0 YoIedsal ‘SoId-IN VAN 11070D) 03omos pade-aippru QSN curajoxdodry Lysuap ySiy “TqH Xopur ssewr £poq ‘TN :SUOTIRIARIQQY
*S9[qEBLILA [BO11032)8D 10§ 1S9} parenbs-1yd aY) pue SA[qBLILA SNONUNUO0D PAINQLISIP A[[EWLIOU-UOU 10 159) KAUIIY A\—UUE]A Y} ‘SI[qBLIBA SNONUNIUOD PAINQLIISIP A[[eUWLIOU 10]
159)-] B SUISN PISSISSE TB SIXIS UM} SIIURIJJI “(dSue s[nrenbisjur) uerpawr £q SS[qeLIBA SNONUIIUOD PAINGLIISIP A[[BUWLIOU-UOU PUL UOT)RIASP PIEPUER]S F UBIW AQ PIqLIOSIP dIB SI[BLIBA SNONUTIUO0D PAINQLIISIP A[[BULION] :2JON

(71/10wt)

B/U B/U e/u COFPT YOFPT YOFVT wsV OF 1T YOFET 8COFYET [019)S3[0Yd-TAH

#ex(7°0) 6°0 80T (9001 «(°0) L0 (9060 (50)8°0 «(5°0)8°0 (S060 (0s'0) ¥8°0 (1/10urt) SapLIdATSILY,

w0 TFF9 TIF09 TIFC9 sITFES VIFLS CIFCS e/u e/u B/u (7/10uwrt) asoan(3 yg

(1/10wt)

(CAORNS SoTs Sors oLy 8oLy ®0)LY «(50) 67 (90)0s (9s°0) T6'v 0s00n[3 Sunse]

w2(9'TT) 8LT (991) 05T (T'vD) 8T (095) s€1 (s'6v) S€1 (szs)oLe (L0¢) Leg (€7€€) 081 (9°1¢) LOS (%) u uorsuayradAH

(Tspeee (9€1) 20T v vev ##2(9°9) 9T (6'25) S¥1 (€19 191 #x(9°0) 9 (TL)o¢ (Cxokey (%) u Surjows ApuaLIn

(%) u uoryedNpa

#5(I'SY) L89 (9°67) Th¥ (r'LE) 61T #(0°0D) ¥T (6'12) 09 (€91 ¥8 #4(T°€) TE () 9¢ (St) 89 A1epU0538-)50d

(%) u

(88T) 18C (8'L1) SsT (€°81) 9¢¢ (€59 19 L€ 59 (Svo) 9zt (e'81) S61 (TLD) €6 (6'L1) 88T Kxoys1y Ajrurey sejeqeIq

(BHwu)

oV 6 FTTL 86FS 9L 6'6FE VL 9TIF+'LS 8 TIF698 TTIFTLS wexl TIFT8L T'ZIF6°08 9TIFT6L  oimssaid poojq orjoiserq

(BHwu)

w8 STFOSIT  LEIFETCT  THIF6'SIT 00ZFT'6CT T6TFLSTT  S6IF68TI #x8T FTSTT TSIFL8CT  TSIF+9zl  oinssaid poojq orjoisAs

B/U B/u e/u w9 CLFLYIT 60TF086  PPIFSSOL € TIF 6001 LSFYT6 €TIF0'86 (wo) dig

#x8 0T F '8 00T FS'€6 STIF6L8 LTIF0€6 YYIF0T6 9'€IFS'T6 w5xE T F 968 TIIF6'€8 TTIFLLS (wo) IsTRM
(9°01) €91 (S €D voT (T'eD) L9€ (8°65) ¥¥1 (T'81) 0§ (LLe) ver (L'60) 91€ (s9)s¢ (6'T0) 15€ 0€<
(0v2) 89¢ (T'st) 6L9 've) LyOl (0°L2) $9 0L L (0L2) 6€T (L€9) 65€ (062) LST (T728) 918 6'62-SC
xxx(V"'59) SO0T ' 1P) ¥29 (§°€9) 6291 wx(€°€T) TE (L'¥S) 01 (€5¢) 781 +(9°9€) 06€ (Sv9) 6v€ (0'9%) 6£L sT>

(%) u ssep 1IINgD

wxE T F VT 9EFT9T 0 FEST #xS 9TV TE LSF6VT TLF¥'8C wexS'SFTLT TV F6'€T YSFI9C (cw/39) ING

TSF6Th 0SFSTH ISF6'Th 8'SFYTS TIFITS 09F TS #x6' 0L F 81 TZIF6'9% PITFSSY (s1eak) 93y

(5°05) LgST (S'6%) LOST ¥H0€g (89%) e (Te9) vLe STS (£'99) 990T (L€9) 1S L09T (%) u

USWIOAM U9 TejoL USWIOM U9 TejoL U WO U9\ TeloL
dIA JSVIN S0Id-INVAOYU

'x3s Aq pue 18310} ‘310409 JIA oY) PUe DSVIA U3 110709 S0IJ-INVAOY Y3 JO SonsIIajoeIeyd ureseqg | [ HTIV.L

Diabetes, Obesity and Metabolism, 2026

10818



‘[opowt 10jeredwod Ay} pur YSTYANIL Y3 JO J1ISHRIS-0 YY) UIOMID] SIUSIJJIP JUBDFIUSIS B $JBIIPU],

‘Topow 10jeredwod pue INY AV JO J1ISIIBIS-0 91} USIM)q OUIIJJIP JUBDIIJTUSIS B S9JBIIPU,

‘owwre1301d UOUSAIINUL U)10GIAISBA ‘dIA 110409 9A130dso1d sjueISrur uedlyy SUowe sajoqelp pue £)1S9qo uo YdoI1easal ‘soId-IN VA0 11070 039M0S Page-a[ppIul ‘QSVIA {[opout

YSLI $939qeIp YsTuulj ‘YSTUANIA ‘onel L)111qeqoid poaAIasqo-03-pa3dadxa ‘oryel O/ OUIOIPUAS 90UB)SISAI UI[NSUT 3Y) U0 ApnIs [edr3ojorwapide YIS TBAIIUT 9OUIPIJUOD ‘IO {[OPOW JSLI $9J9qRIP UBILIJY ‘YA V :SUOTIRIAIQQY
*21npadoid ).l A19A00sIp osTe] S1oquooH-Turwelusg oY) Sursn suostredwod afdinur 10y pajsnfpe a1e sanfea d 3593 SuoTa ay) SUISN PISSISSE dIB }10T0 YI©d UTYIIM S[OPOUL UM SITISIIBIS-O UT SOIUIJFIQ

‘UONBIQI[BIAI AQ P)IJJe Ik JBY) SOINSBIU J10J A[UO Pasn SI pue UOI}eIqI[eda1 03 1011d sarnseawr adueurI0j1ad 0) s19Ja1 JeurdLIo, wlid) oY, 270N

10819

(9€°0-22°0) 62°0
(16'T-99'D) 8L'1
(9LT°0-65T°0) 89T°0
(€9°0-85°0) 19°0
1+8¢C
(€€°0-¥10) £2°0
(TS0-6£°0) S°0
(S6T°0-£T°0) ¥9T°0
(89°0-85°0) €9°0
YIS
(9%°0-82°0) LE'0
(T0'T-08°0) 06°0
#ST0-621°0) THT'0
a(1L0-€9°0) L9°0
€651

(SS°0-€€°0) ¥#°0
(ET0-1T°0)2T°0
(69T°0-6£T°0) -¥ST°0
(19°0-L5°0) 65°0
0£6¢
(99°0-2T°0) ¥+°0
(0T°0-ST°0) 8T°0
(6££°0-692°0) ¥0€°0
(99°0-55°0) 09°0
SIS
(8L'0-9¥°0) 790
(92°0-12°0) £2°0
(LLT'0-t+T°0) T9T0
(89°0-19°0) S9°0
9091

(9€°0-22°0) 62°0
(92°0-€2°0) ST'0
(6vT°0-12T°0) S£T°0
(T9°0-L5°0) 65°0
068¢
(8€°0-01°0) ¥T'0
(9%°0-+£°0) 6£°0
(80€°0-S¥T°0) LLT0
#9°0-+5°0) 65°0
YIS
(TS'0-T£0) TH'0
(€5°0-2t°0) LV0
(991°0-S€T°0) IST'0
a(69°0-29°0) 99°0
996T

(6¥°0-2€0) 0F°0
(#90°0-550°0) 90°0
(LLT0-8+T°0) T9T0
(£9°0-85°0) 09°0
TS6C
(€¥°0-21°0) LT0
(LT'0-€T0) STO
(8%€°0-SLT0) TTE0
#9°0-+5°0) 65°0
€IS
(05°0-LT°0) 6£°0
(61°0-ST°0) LT'0
(081°0-8+1°0) ¥9T°0
2(99°0-85°0) 29°0
S091

(29°0-6£°0) 050
(£v0°0-8£0°0) ¥0°0
(18T°0-TST°0) 992°0
(T9°0-LS°0) 65°0
TS6C
(29°0-0T°0) T+°0
(01°0-L0°0) 80°0
(S9€°0-68T°0) LTE'0
(99°0-95°0) 19°0
1S
(TL0-¥1'0) 85°0
(01°0-80°0) 60°0
(L8T0-TST0) 69T°0
(0£0-£9°0) 99°0
9091

(1D %56) "*"**°adors

v reurdrio

(1D %S6 one1 0/d

(10 %s6) " re11g

(1D %S6) ousneIs-)
udIA

Teurdtio

(1D %56) adors

(1D %56) " *ones 0/g

reurSuio

(1D %S6) To1Ig
(1D %S6) dusneIs-)
U ‘DSVIN
(1D %s6) "*“*°adors
(1D %s6) "

(10 %s6) " 1o11g

oner o/d

(ID %S6) dnsneIS-)
U ‘SOId-INVAOY

[esturo weysurwesg

reuostad wreySurwrery

qJ1sdd

SISTIANIA

nwaav

"UOIIBIqI[BII 210J9q 110409 Aq BIWaBIA[SSAp Jusprout Sunorpaid 1oy souewrioyrad [PpoN |

cHT1dVL

Diabetes, Obesity and Metabolism, 2026



RODAM-Pros: ADRM RODAM-Pros: FINDRISK

RODAM-Pros: DESIR

RODAM-Pros: Framingham personal RODAM-Pros: Framingham clinical

0.8

Optimal recalibration Optimal recalibration

Optimal recalibration

08 Optimal recalibration 10 Optimal recalibration

Brier: 0.139 Brier: 0.141 Brier: 0.139 Brier: 0.140 Brier: 0.136
ICI:0.014 ICI:0.012 08 ICI: 0.022 ICI: 0.016 08 ICI: 0.020
08 Emax: 0.447 06 Emax: 0.019 : Emax: 0.160 06 Emax: 0.036 : Emax:0.437
% 06 06
So4 04 ) 04 %
g 4 "~\ 7 04 // 04
@ /, N ~
302 N 02 ’,,’ 02 02 ’ 024
2 7 7
00 , 0.0 P 0.0 1 0.0 P 00 1
00 02 04 06 08 00 02 04 06 08 00 02 04 06 08 10 00 02 04 06 08 00 02 04 06 08 10
Predicted probability Predicted probability Predicted probability Predicted probability Predicted probability
MASC: ADRM MASC: FINDRISK MASC: DESIR MASC: Framingham personal MASC: Framingham clinical
10 10 Optimal recalibration 104 Optimal recalibration 0.8 Optimal recalibration 104 Optimal recalibration
Brier: 0.2. rier: 0. rier: 0. rier: 0.
08 08 ICI: 0.034 08 ICI: 0.012 ICI: 0.022 08 ICI: 0.026
o : Emax: 0.093 : Emax: 0.055 06 Emax: 0.125 : Emax: 0.235
§ ’
= ]
§u 6 06 06 / 06
& 04 7
204 04 04 04
= .
2
802 02 02 e 02
00 00 1 00 , 1 00 \ 00 . y 1
0 [ o o 0
00 02 04 06 08 10 00 02 04 06 08 10 00 02 04 06 08 10 00 02 04 06 038 00 02 04 06 08 10
Predicted probability Predicted probability Predicted probability Predicted probability Predicted probability
VIP: ADRM VIP: FINDRISK VIP: DESIR VIP: Framingham personal VIP: Framingham clinical
1.0 Optimal recalibration 08 Optimal recalibration 1.0-Optimal recalibration 08 Optimal recalibration 1.0 Optimal recalibration
Brier: 0.193 Brier: 0.193 Brier: 0.193 Brier: 0.194 Brier: 0.193 |
08 ICI: 0.017, ICI: 0.0 08 ICI: 0.023 ICI:0.015 08 ICI: 0.019 /
- : Emax:0.042 06 Emax:0.009 : Emax:0.063 06 Emax: 0.030 : Emax: 0.251 g
%u 6 06 g 1 06
§ ,
g 04 04
Q04 04 04
§ /
2 > 02 02
802 / 02 02
00 1 0.0 P 0.0 1 0.0 B 00 1
0 it o W-—'— 8
o o
00 02 04 06 08 ) 00 02 04 06 08 00 02 04 06 08 10 00 02 04 06 08 00 02 04 08 08 10
Predicted probability Predicted probability Predicted probability Predicted probability Predicted probability
FIGURE 2 | Calibration plots of the ADRM, FINDRISK, DESIR and Framingham models in the Research on Obesity and Diabetes among

African Migrants Prospective cohort (RODAM-Pros), Middle-Aged Soweto cohort (MASC) and Visterbotten Intervention Programme (VIP) after re-
calibration (slope and intercept adjustment). The red diagonal line represents perfect calibration. The dashed line shows the flexible calibration curve
with 95% confidence intervals (grey shading). Bottom vertical lines shows the distribution of predicted probabilities. The Brier score, Integrated

Calibration Index (ICI) and maximal calibration error (E,

demonstrated superior net benefit across the clinically relevant
threshold range, as the decision curves largely overlapped in all
cohorts.

3.6 | Comparative Model Performance in
Predicting Incident Diabetes

All models predicting incident diabetes had c-statistics >0.7
(Table S8), compared with <0.7 for incident dysglycaemia
(Table 2). In RODAM-Pros, the Framingham clinical model
(0.78, 95% CI 0.74-0.83) had higher discrimination than the
other models (DeLong p<0.05), but similar discrimination to
the FINDRISK model (0.75, 95% CI 0.71-0.79). In MASC, dis-
crimination was similar across models, whereas in VIP, all mod-
els outperformed the Framingham personal model.

Before recalibration, the ADRM, FINDRISK and the
Framingham personal model underestimated diabetes risk
across all three cohorts (ranging from 74% to 6% underestima-
tion; Table S8), although less so than for incident dysglycaemia
risk (Table 2). In contrast, the DESIR and the Framingham
clinical models showed outcome-dependent miscalibration,
overestimating diabetes risk (Table S8) but underestimating dys-
glycaemia risk (Table 2). The Framingham clinical model also
showed greater miscalibration and poorer overall performance
(higher Brier score) for diabetes than for dysglycaemia.

) are reported.

After recalibration, model accuracy improved across the full
range of predicted risks in all cohorts (Figure S3), with less vari-
ation in ICI between models than observed for dysglycaemia
(Figure 2).

3.7 | Sex-Specific Model Performance

Sex-specific performance measures are shown in Table 3. No
model showed superior discrimination within each sex in
any cohort, except in RODAM-Pros men, where the DESIR
model had higher discrimination than the FINDRISK model
(p=0.035). Before recalibration, overall model performance
based on the Brier score was consistently better in women than
in men across all cohorts.

After recalibration (Figure S4), sex-specific differences in
overall model performance were attenuated. Model accuracy
improved but residual miscalibration remained and differed
by cohort and sex. In RODAM-Pros and VIP, models were
generally more accurate in women, as indicated by lower ICI
values, whereas in MASC the pattern was inconsistent. In
RODAM-Pros, the clinical Framingham model had the best
prediction accuracy within men, but it was least accurate in
women, whereas the personal Framingham model performed
best in women. In MASC, the DESIR model outperformed the
other models in both men and women. In VIP, the personal
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Framingham model was the only model that was more accu-
rate in men than in women, whereas FINDRISK performed
best in women.

3.8 | Sensitivity Analyses

Restricting the FINDRISK evaluation to participants aged
<64years in RODAM-Pros and MASC did not alter model per-
formance (Table S9).

In the VIP subsample with available HDL-cholesterol (n =664),
the clinical Framingham model showed slightly improved dis-
crimination (c-statistic 0.65, 95% CI 0.60-0.70) compared to the
main analysis, and no longer overestimated risk prior to recal-
ibration; instead it underestimated risk (E/O ratio 0.74, 95% CI
0.64-0.85) (Table S9).

4 | Discussion

4.1 | Summary of Main Findings

This study provides a comprehensive evaluation of established
diabetes risk prediction models applied to predicting incident
dysglycaemia in populations from Southern Africa (South
Africa, MASC), West Africa (Ghana, RODAM-Pros) and Europe
(Sweden, VIP). These models displayed poor-to-moderate
discrimination and substantial miscalibration prior to recal-
ibration. After simple recalibration of the intercept and slope,
systematic miscalibration was eliminated and overall calibra-
tion accuracy was markedly improved, although performance
varied by cohort and sex. Moreover, recalibration improved the
net benefit of all models, but the magnitude and range of clinical
utility varied across populations. Together, these findings indi-
cate that existing diabetes risk models can be transported across
populations to predict incident dysglycaemia, provided models
are adjusted to the local risk profile. However, their ability to
distinguish between individuals who will and will not develop
dysglycaemia remains limited.

4.2 | Discrimination of Incident Dysglycaemia

This study is the first to evaluate the ADRM for predicting
incident dysglycaemia. Previously, the ADRM was validated
for predicting undiagnosed diabetes in rural and urban Black
South Africans [10, 11], and in participants from Guinea and
Tanzania [10], where it outperformed models developed out-
side SSA. Contrastingly, our study showed that the ADRM per-
formed comparably to the other models in both SSA cohorts
and the European cohort. Unlike earlier validations, which
included only non-invasive models, the current study also
evaluated the invasive clinical Framingham model. Models
incorporating biochemical predictors such as fasting blood
glucose have shown better discrimination [27]; however, when
predicting incident dysglycaemia, the clinical Framingham
model did not demonstrate superior discrimination compared
to most non-invasive models.

4.3 | Calibration of the Models

Accurate calibration is essential for clinical decision-making and
communicating individual risk. Since we evaluated existing dia-
betes risk models to predict incident dysglycaemia, miscalibration
was expected. As anticipated, all models substantially underesti-
mated risk across cohorts, except the clinical Framingham model
in the Swedish cohort, which overestimated risk.

This overestimation likely reflects the exclusion of HDL-
cholesterol, an inverse predictor of diabetes [37], from the main
VIP analysis. When HDL-cholesterol was included in a subsam-
ple, overestimation disappeared.

After slope and intercept adjustment, model accuracy improved
markedly across the whole range of predicted risk. However, for
some models, specifically the clinical Framingham model, miscal-
ibration persisted within specific risk strata across all three cohorts.
Contrastingly, the ADRM predicted risk accurately across most
strata in all cohorts, including in Swedish participants. European-
developed models demonstrated the highest accuracy across co-
horts: the FINDRISK in RODAM-Pros and VIP, and the DESIR
model in MASC. These results contradict previous evidence that
showed poorer performance of European-developed models in
African and Indian populations [38]. However, that study assessed
undiagnosed diabetes and focused solely on discrimination.

4.4 | Clinical Utility of the Models

The clinical utility of the models was strongly influenced by
miscalibration, as net benefit improved across all models after
recalibration; however, the magnitude of this improvement var-
ied by population. Larger effects were observed in MASC and
VIP compared with RODAM-Pros. Recalibration also broad-
ened the applicable decision range in VIP.

In MASC and VIP, net benefit was observed primarily at higher
thresholds compared with RODAM-Pros. Furthermore, the sim-
ilarity of the net benefit curves suggests that, despite improved
calibration, differences between models remain small, indicat-
ing comparable clinical utility.

4.5 | Comparative Model Performance for Predicting
Incident Dysglycaemia Versus Diabetes

While the primary aim was to evaluate model performance for
incident dysglycaemia, comparison with incident diabetes pro-
vided insight into model transportability across outcomes. As
expected, discrimination was higher for incident diabetes, re-
flecting larger baseline differences between those who develop
diabetes and those who remain normoglycaemic. Although
most models showed less miscalibration before recalibration
than for dysglycaemia, recalibration was still required across all
models to improve accuracy. After recalibration, model perfor-
mance converged for incident diabetes, with no clear advantage
of one model over another. In contrast, the greater variability
observed for incident dysglycaemia suggests that model choice
is more consequential at earlier stages of disease development,
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with some models better capturing early metabolic risk and
demonstrating superior transportability.

4.6 | The Role of Ethnicity and Sex

Few studies have comprehensively assessed calibration sepa-
rately in men and women. Our findings show that model accu-
racy differed by sex and that the pattern of miscalibration was
not consistent across cohorts.

For example, the FINDRISK model exhibited relatively high cal-
ibration error in Black South African participants but performed
well in Ghanaian and Swedish women. One potential explana-
tion relates to the use of WHO-defined waist circumference
categories in FINDRISK [39]. These cut points may not suffi-
ciently capture high dysglycaemia risk in Black South Africans,
particularly in women. Indeed, evidence suggests that the rec-
ommended waist circumference threshold of 80cm to predict
risk of incident dysglycaemia in women may be too low in Black
South African women, and that a higher cut point (91.8 cm) may
be more appropriate [40]. Furthermore, the optimal waist cir-
cumference thresholds for predicting cardiometabolic risk can
vary with the underlying prevalence of obesity [41]. In our study,
obesity prevalence was strikingly higher in Black South African
women (59.8%) compared with Ghanaian (29.7%) and Swedish
women (10.6%), and also higher in Black South African men
(18.2%) compared to Ghanaian (6.5%) and Swedish men (13.5%).
Models incorporating waist circumference as a continuous vari-
able, instead of fixed threshold waist-circumference categories,
may therefore be preferred in Black South Africans.

Differences in underlying risk factor distributions may explain
sex-specific miscalibration observed in certain models. The
clinical Framingham model underestimated risk in lower strata
among Ghanaian and Black South African men, a pattern absent
in women, other models, or Swedes. The clinical Framingham
model may be more prone to underestimate risk in individuals
predisposed to dysglycaemia without traditional markers since
it includes BMI, waist circumference, and clinical/biochemi-
cal variables such as HDL-cholesterol, triglycerides and fasting
plasma glucose [42]. This phenomenon has been documented in
SSA populations, where diabetes often occurs in lean individu-
als. For example, 32% of Ugandan adults with diabetes had BMI
<25kg/m? [43], and in Ghanaians, the prevalence of diabetes
ranged from 13.2% to 55.4% depending on migrant status and
rural/urban setting [44]. This lean phenotype is more prevalent
in men and associated with lower central obesity and dyslipi-
daemia, less insulin resistance and greater $-cell dysfunction
[43]. Early-life undernutrition, linked to -cell stress, may con-
tribute to this pattern [45], especially in SSA [46]. Moreover, in
Ghanaian men, in whom more than two-thirds were lean, all
models tended to have lower prediction accuracy compared to
Black South African and Swedish men, in whom obesity preva-
lence was higher. Nevertheless, the clinical Framingham model
was the most accurate model in Ghanaian men despite the pres-
ence of residual miscalibration.

Lastly, another factor to consider is the difference in smok-
ing prevalence in men across cohorts. More than half of Black
South African men were smokers, compared with only 7% in

Ghanaians and 14.4% in Swedes. This may have contributed
to our observed finding that the DESIR model, the only model
that included smoking as a predictor in men, together with
waist circumference and hypertension, was the most accurate
model in Black South African men and the least accurate in both
Ghanaian and Swedish men.

Taken together, our findings suggest that sex differences in
model performance exist but are context-specific and reflect un-
derlying risk profiles, such that even in the two SSA cohorts,
model performance did not follow similar sex patterns.

4.7 | Strengths and Limitations

A strength of this study is the use of two well-characterised
SSA cohorts and a large population-based European cohort,
as well as the comprehensive evaluation of discrimination and
calibration. Dysglycaemia was assessed using OGTT in two co-
horts, improving detection of impaired glucose tolerance [47].
In Ghanaians, dysglycaemia was defined using fasting plasma
glucose only, which may have led to under-detection of isolated
impaired glucose tolerance and influenced comparative per-
formance metrics. HDL-cholesterol was unavailable for most
Swedish participants, limiting full evaluation of the clinical
FRM, although sensitivity analyses supported our main con-
clusions. Lastly, follow-up duration differed between the SSA
cohorts (median 6.7years) and the Swedish cohort (median
9.9years), which may limit comparability of model performance.
However, despite the longer follow-up in VIP, dysglycaemia in-
cidence was lower than in MASC (27.5% vs. 35.0%), suggesting
that underlying population risk, rather than follow-up duration
alone, drives event rates. Differences in follow-up may still in-
fluence the type of cases identified, with shorter follow-up po-
tentially capturing more rapidly progressing or severe cases,
which may contribute to higher discrimination. Consistent with
this, a higher proportion of participants in MASC developed
Type 2 diabetes (17.0% vs. 6.2% in VIP). Recalibration of the in-
tercept and slope partially mitigated between-cohort differences
by aligning predicted risks with observed event rates and ad-
justing for differences in predictor effects. However, it does not
account for differences in follow-up structure or outcome ascer-
tainment, which should be considered when interpreting model
performance across cohorts.

4.8 | Research Prospects and Implications
for Practice

Our findings highlight the importance of recalibration when
applying risk prediction models to new populations, as these
simple adjustments markedly improved accuracy. Uncalibrated
models should therefore be avoided. Cohort-specific correction
factors could be integrated into app-based tools, though this
may not be feasible in resource-limited settings. Model perfor-
mance depended more on included predictors than on the mod-
el's population of origin, underscoring the need to select models
that capture contextual risk factors. Sex-specific performance
patterns, though inconsistent, suggest potential value in tailored
models where risk profiles differ by sex. Context-specific factors
such as diet and physical activity should also be considered in
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future model development. The clinical Framingham model's
underestimation of risk in lean high-risk men highlights the
need to explore predictors relevant to the lean, high-risk phe-
notype common in SSA. Finally, risk prediction for incident
dysglycaemia remains uncommon but is critical for early pre-
vention. Current evidence shows that interventions in individu-
als with impaired glucose metabolism can delay diabetes onset
but do not fully prevent cardiovascular disease or complications
[48]. Identifying those at high risk of developing dysglycae-
mia, not just diabetes, offers an opportunity for earlier, more
effective prevention and could reduce the long-term burden of
hyperglycaemia-related damage.

5 | Conclusion

Established diabetes prediction models can be used to predict
incident dysglycaemia in both SSA and European populations,
but only after recalibration to local baseline risk. Discrimination
remains modest, highlighting the need for improved models
that capture context-specific and sex-specific drivers of dysgly-
caemia risk.
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