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Machine learning-predicted insulin
resistance is a risk factor for 12 types
of cancer
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Insulin resistance is suggested to be a risk factor for cancer; however, large-
® Check for updates scale epidemiological evidence linking insulin resistance to cancer remains
limited. Here we apply a machine learning-based prediction model of insulin
resistance with nine clinical parameters, termed artificial intelligence-derived
insulin resistance (AI-IR), to the UK Biobank and demonstrated that Al-IR
exhibits the highest predictive performance for diabetes incidence compared
to body mass index (BMI), metabolic syndrome (MetS), triglyceride to high-
density lipoprotein cholesterol (TG/HDL) ratio, and triglyceride-glucose (TyG)
index. Moreover, Al-IR is significantly associated with an increased risk of six
cancers (uterine, kidney, esophagus, pancreas, colon, and breast) and showed
nominal associations with six additional cancers (renal pelvis, small intestine,
stomach, liver and gallbladder, leukemia, and bronchial and lung). When we
define composite cancers by merging cancer types whose risks increase with
AI-IR, age- and sex-adjusted hazard ratio is 1.25 (95% confidence interval, 1.20-
1.31; P<1x10™). AIIR is a better predictor of the composite cancers compared
to BMI and TyG index, while its capability is comparable to that of MetS and
TG/HDL ratio. We conclude that AI-IR is a robust metric for predicting both
diabetes and the composite cancer incidence and could be utilized for iden-
tification of high-risk individuals and focused screening.

Insulin resistance, defined as an impaired response of tissues suchas  chronic inflammation, and is accompanied by compensatory
liver, muscle, and adipose tissue to insulin’, is one of the funda- hyperinsulinemia.

mental etiologies of diabetes along with impaired insulin secretion. Accumulating evidence indicates that both diabetes*” and
Indeed, insulin resistance precedes the development of type 2 obesity®® are associated with a higher risk of cancer. Therefore, it is
diabetes' and also predisposes people to cardiovascular disease’. reasonable to speculate that insulin resistance, which links diabetes
Insulin resistance is often caused by obesity and its associated and obesity, is also a risk factor for cancer. In this regard, it has been
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proposed that insulin resistance and hyperinsulinemia might con-
tribute to cancer growth through the anabolic action of insulin and
also because of cross-reactivity of insulin with insulin-like growth fac-
tor 1 receptor’. The mechanistic link between inflammation and cancer
has also been actively investigated™. Similarly, metabolic syndrome,
which is linked to visceral adiposity and its associated insulin
resistance”, is also associated with a higher risk of cancer>™”. However,
large-scale epidemiological evidence directly linking insulin resistance
and cancer is limited, with only a few studies examining the incidence
of endometrial and colorectal cancer using high fasting insulin as a
surrogate marker for insulin resistance'®'’, because insulin resistance is
rarely evaluated in patients, except for those being treated in specia-
lized diabetes clinics. The gold standard method for assessing insulin
resistance, the hyperinsulinemic-euglycemic clamp, is not feasible in
regular clinical settings. The homeostasis model assessment of insulin
resistance (HOMA-IR) index, in which the product of fasting plasma
glucose (FPG) and fasting plasma insulin is divided by a constant®°, has
been widely used as an alternative method because HOMA-IR involves
the direct measurement of insulin and glucose, and has been shown to
correlate strongly with the gold standard clamp technique”*’. Never-
theless, fasting plasma insulin is also not routinely evaluated in general
practice. Therefore, the possible effect of insulin resistance on cancer
incidence has been difficult to examine at the population scale.
Recently, we developed a machine learning-based prediction model of
insulin resistance (i.e., HOMA-IR >2.5) that considers nine clinical
parameters (age, sex, race, body mass index [BMI], FPG, glycohe-
moglobin, triglyceride [TG], total cholesterol, and high-density lipo-
protein cholesterol [HDL]) in a non-diabetic population of both
European and Asian ancestries, using the US National Health and
Nutrition Examination Survey (NHANES) cohort and the Taiwan MJ
cohort. The area under the curve of our prediction model was as high
as 0.88%.

Here, we apply the machine learning-based prediction model,
termed artificial intelligence-derived insulin resistance (Al-IR), to the
UK Biobank cohort to examine the effect of predicted insulin resis-
tance on the incidence of diabetes, cardiovascular disease, and cancer
at the population scale. Al-IR outperforms previously established
metrics in predicting diabetes and is also significantly associated with
specific types of cancer.

Results

Machine learning-predicted insulin resistance was associated
with a higher risk of diabetes, cardiovascular disease, and
mortality in the UK Biobank

To evaluate the predictive capability of AI-IR (Fig. 1a) for the incidence
of diabetes, cardiovascular disease, and mortality in the UK Biobank,
we first looked at the effect of AI-IR on the incidence of diabetes among
participants without diabetes at baseline and completed follow-up visit
(N=14,165, baseline characteristics are shown in Supplementary
Table1). During a mean follow-up of 4.28 years (95% confidence
interval [CI], 3.41-5.15), 309 participants (2.18%) developed diabetes.
AI-IR positive participants had a significantly higher risk of developing
diabetes compared to AI-IR negative participants (odds ratio [OR], 7.31;
95% Cl, 5.75-9.30; P<1x107", Fig.1b). Notably, although AI-IR was
originally developed using fasting blood test results, blood samples in
the UK Biobank were not consistently collected in the fasted state. To
address this, we stratified participants into three groups based on
fasting duration prior to blood collection (less than 4 h, 4 or more and
less than 8 h, 8 h or more) and examined the association between Al-IR
and the incidence of diabetes. Across all categories, AlI-IR positive
participants consistently showed a significantly higher risk of devel-
oping diabetes, supporting the robustness of our model (Supple-
mentary Fig. 1a-c). Hereafter, to maintain maximum sample size, we
did not stratify or exclude participants based on fasting duration. In a

complementary analysis leveraging the National Health Service (NHS)
medical record system, we looked at the effect of AI-IR on hospital
admission with diabetes among participants without diabetes at
baseline (Baseline characteristics of participants are shown in Sup-
plementary Table 2). AI-IR positive participants had a markedly higher
risk of admission with diabetes (hazard ratio [HR], 6.44; 95% ClI,
6.19-6.69; P<1x107°, Fig.1c). Of note, AIIR was associated with a
significantly higher risk of diabetes onset and hospital admission with
diabetes after adjusting for age and sex, and even after adjusting for
age, sex, and BMI, indicating that our machine learning-based predic-
tion model is able to capture a BMI-independent effect of insulin
resistance (Supplementary Fig. 2a, b).

Cardiovascular disease is a major complication of insulin resis-
tance and diabetes. Therefore, we also looked at the effect of Al-IR on
3- and 4-point major adverse cardiovascular event (MACE). Effects on
cardiovascular mortality and overall mortality were also examined.
Baseline characteristics of participants are shown in Supplementary
Table 2. As expected, a Kaplan-Meier plot revealed a significant dif-
ference in the cumulative incidence of 3-point MACE between par-
ticipants with diabetes, those without diabetes but positive for AI-IR,
and those without diabetes and negative for AI-IR (Fig.1d, log-rank
test P<1x107°). The HR adjusted for age and sex was highest in
participants with diabetes (HR, 1.84; 95% CI, 1.76-1.92; P<1 x107),
followed by those without diabetes but positive for Al-IR (HR, 1.38;
95% Cl, 1.34-1.42; P<1x107%), and then those without diabetes and
negative for AI-IR (Fig.1d). AI-IR and diabetes was significantly asso-
ciated with a higher risk of 3-point MACE even after adjusting for age,
sex, and BMI (Supplementary Fig. 2c). We also observed that Al-IR
was significantly associated with an increased risk of 4-point MACE,
cardiovascular mortality, and overall mortality (Fig.1le and Supple-
mentary Fig. 2d-f).

Machine learning-predicted insulin resistance enables improved
diabetes risk stratification compared to previously reported
metrics

To examine whether AI-IR outperforms previously established simpler
metrics of obesity, metabolic syndrome, and insulin resistance, we
compared the predictive capabilities of AI-IR, BMI, metabolic syn-
drome (MetS), TG/HDL ratio, and TyG index for the incidence of dia-
betes among individuals without diabetes at baseline during the
follow-up period. TG/HDL ratio**” and TyG index**?® has been
reported as surrogate markers of insulin resistance. Area under the
curve (AUC) of the receiver operating characteristic (ROC) curve was
highest for AI-IR (0.798, P<1x10™* vs other metrics), followed by MetS
(0.748), BMI (0.721), TyG index (0.703), and TG/HDL ratio (0.702),
indicating the AI-IR demonstrated the highest predictive performance
among these metrics (Fig. 2a). Next, we categorized individuals with-
out diabetes at baseline into four groups according to both AI-IR status
(positive or negative) and their status on previously established
metrics (positive or negative). BMI of 30, TG/HDL ratio of 3.0%, and
TyG index of 4.68” were used as cut-off values according to previous
literatures. When we categorized individuals into four groups based on
AI-IR status (positive or negative) and BMI ( =30 or <30), we observed
that the incidence of diabetes was significantly higher (P=2.52x107)
in the AR single-positive group (OR, 6.14; 95% Cl, 4.42-8.54;
P<1x107 adjusted for age and sex) compared with the BMI single-
positive group (OR, 0.86; 95% ClI, 0.35-2.12; P= 0.74). Of note, a BMI of
30 or higher alone did not significantly increase diabetes incidence
when individuals were negative for AI-IR, suggesting that these sub-
jects may represent a metabolically healthy obesity phenotype. In
contrast, diabetes incidence was markedly higher (P=9.78 x107) in
the AI-IR and BMI double-positive group (OR, 8.08; 95% CI 6.13-10.66;
P<1x1072°) compared with the BMI single positive group, under-
scoring that AIIR provides substantially improved diabetes risk
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Fig. 1| Effect of machine learning-predicted insulin resistance on diabetes and
cardiovascular disease. a A diagram depicting the construction of a machine
learning model to predict insulin resistance (HOMA-IR >2.5) that uses nine clinical
parameters. b Effect of AI-IR on the odds ratio (OR) for onset of diabetes during the
follow-up period in participants without diabetes (DM) at baseline. Logistic
regression was used with a two-sided Wald test. In the graph, points represent the
estimated OR, and error bars represent 95% confidence intervals. ¢ Effect of AI-IR on
the hazard ratio (HR) for hospital admission due to diabetes in participants without
DM at baseline. Cox proportional hazards model was used with a two-sided Wald

6.44 (6.19-6.69) <1 x 10°1°

*

-

0 2 4 6 8 10
Hazard ratio (95% Cl)

e . .
Cardiovascular mortality
0051 Green: DM (-); Al-IR (-)
E : DM (-); AR (+)
2 | Purple: DM (+) 4
2 003/ P<1x107, log-rank test >
£ 0.02
S S
o P . o=
0.01 > / e
N —
0 2 4 6 8 10 12 14 16
Number at risk Time (years)
273494 272341 270429 267899 265189 261995 205580 19032 0
22335 22111 21_791 21391 20946 20;349 15599 13‘35 l’J
6 2 4 6 8 10 12 14 16
Time (years)
Class HR (95% Cl) P value
DM (-); AlI-IR (<) 1 (reference) N/A
DM (-); Al-IR (+) 1.47 (1.38-1.56) <1x 10"
DM (+) 2.29 (2.10-2.49) <1x107

Adjusted for age and sex

test. In the graph, points represent the estimated HR, and error bars represent 95%
confidence intervals. d, e Kaplan-Meier plot for cumulative incidence of 3-point
MACE (d) or cardiovascular mortality (e) in DM (-); AI-IR (-), DM(-); AI-IR (+), and
DM (+) group. In the graph, the lines represent the estimated cumulative incidence,
and the shaded error bands represent 95% confidence intervals. The HRs adjusted
for age and sex are also shown for 3-point MACE (d) and cardiovascular mortality
(e). Cox proportional hazards model was used with a two-sided Wald test. Source
data are provided as a Source data file.
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Fig. 2 | Machine learning-predicted insulin resistance enables improved dia-
betes stratification compared to previously established metrics. a Receiver
operating characteristic (ROC) curve illustrating the predictive performance of Al-
IR, BMI, Metabolic Syndrome, TG/HDL ratio, and TyG index for the incidence of
diabetes during the follow-up period. The area under the curve (AUC) for each
metrics is also shown. b-e Effect of AI-IR and BMI (b), Metabolic syndrome (MetS)

r T 1

0 6 12 18
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(c), TG/HDL ratio (d), or TyG index (e) on the odds ratio (OR) for onset of diabetes
during the follow-up period in participants without diabetes at baseline, adjusted
for age and sex. Logistic regression was used with a two-sided Wald test. In the
graph, points represent the estimated OR, and error bars represent 95% confidence
intervals. Source data are provided as a Source data file.
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Fig. 3 | Effect of machine learning-predicted insulin resistance on the incidence
of cancer. a Effect of AI-IR and diabetes on the incidence of overall and 25 common
cancers. Cox proportional hazards model was used with a two-sided Wald test. In
the graph, points represent the estimated HR, and error bars represent 95%

** Significant after Bonferroni correction
(P<0.05/43=1.163 x 10%)
* Nominally significant (P < 0.05)

confidence intervals. The HRs for indicated cancers, adjusted for age and sex were
shown. For male-specific (prostate) or female-specific (uterine and ovary) cancers,
HRs were adjusted only for age. The Bonferroni-corrected P value for significance
was 0.05/43 =1.163 x 1072, Source data are provided as a Source data file.

stratification among individuals with obesity (BMI > 30; Fig. 2b). Simi-
larly, when we categorized individuals without diabetes into four
groups based on both AI-IR status (positive or negative) and MetS
(positive or negative), the incidence of diabetes was significantly
higher (P=1.55x107) in the AI-IR single-positive group (OR, 6.85; 95%
Cl, 4.35-10.80; P=1.2x107) compared with the MetS single-positive
group (OR, 3.14; 95% Cl, 2.07-4.77; P= 6.8 x 10°®). Again, the incidence
of diabetes was even greater (P=2.19 x10™) in the AIFIR and MetS
double-positive group (OR, 11.71; 95% CI 8.53-16.06; P<1x107°)
compared with the MetS single-positive group (Fig. 2c). We observed
the same pattern for TG/HDL ratio and TyG index (Fig. 2d, e). Collec-
tively, these results indicated that AI-IR was significantly associated
with a higher risk of diabetes, cardiovascular disease, and mortality in
the UK Biobank population. Moreover, Al-IR demonstrated the highest
predictive capability for the incidence of diabetes compared to pre-
viously established metrics, providing the rationale for investigating

the association between predicted insulin resistance and cancer inci-
dence in subsequent analyses.

Effect of machine learning-predicted insulin resistance on the
incidence of cancer

To investigate the effect of AI-IR on the incidence of cancer, we
leveraged the linkage between the UK Biobank and the NHS medical
record system and examined the incidence of cancer among partici-
pants who were cancer-free at the baseline visit (V=372,395). We
compared participants without diabetes and negative for AI-IR
(N=256,685), those without diabetes but positive for AI-IR
(N=94,782), and those with diabetes (N =20,928). Of 372,395 partici-
pants who were cancer-free at baseline, 51,193 developed cancer
(Supplementary Table 3). When we merged all types of cancer, we did
not observe any differences in cancer incidence between the three
groups. The HR adjusted for age and sex in participants without

Nature Communications | (2026)17:1396


www.nature.com/naturecommunications

Article

https://doi.org/10.1038/s41467-026-68355-x

diabetes but positive for AIFIR was 1.012 (95% Cl, 0.992-1.033;
P=0.228), and that in participants with diabetes was 0.973 (95% ClI,
0.938-1.008; P=0.129) (Fig.3 and Supplementary Table 4). However,
when we looked at individual types of cancer, both Al-IR and diabetes
were associated with a significantly higher risk of incidence of multiple
cancer types (The results of the 25 common cancers are shown in
Fig. 3, and the complete list can be found in Supplementary Table 4).
We examined the incidence of 36 cancers common to both males and
females, 4 cancer types specific to males, and 3 cancer types specific to
females. The Bonferroni-corrected P value for significance was 0.05/
43=1.163 x 107, The effect of AI-IR on increasing the risk of the inci-
dence was strongest for uterine cancer (HR; 2.340; 95% Cl, 2.065-2.652;
P=1.00%x10"), followed by kidney cancer (HR, 1557; 95% CI,
1.367-1.772; P=1.00 x10°) and esophagus cancer (HR, 1.464; 95% ClI,
1.253-1.710; P=1.61x107°). It was also associated with a higher inci-
dence of renal pelvis cancer (HR, 1.417; 95% Cl, 1.013-1.983; P= 0.0418),
small intestine cancer (HR, 1.393; 95% CI, 1.019-1.905; P=0.0376),
stomach cancer (HR, 1.374; 95% ClI, 1.132-1.667; P=1.28 x107®), liver
and gallbladder (GB) cancer (HR, 1.367; 95% CI, 1.114-1.678;
P=2.73x107), pancreas cancer (HR, 1.291; 95% CI, 1117-1.492;
P=558x10"*), colon cancer (HR, 1176; 95% Cl, 1.084-1.276;
P=9.45x107), leukemia (HR, 1.164; 95% Cl, 1.012-1.339; P=0.0337),
bronchial and lung cancer (HR, 1136; 95% Cl, 1.048-1.231;
P=2.02x107), and breast cancer (HR, 1.135; 95% CI, 1.075-1.199;
P=5.92x107°). When we considered the Bonferroni correction, AI-IR
was associated with a higher incidence of uterine, kidney, esophagus,
pancreas, colon, and breast cancers. On the other hand, AlI-IR was
associated with a significantly lower incidence of skin cancer (HR,
0.852; 95% CI, 0.825-0.881; P=1.00 x10°°). For cancer types whose
incidences were increased or decreased by Al-IR, diabetes also exhib-
ited an effect in the same direction, whereby in many cases, the effect
size was numerically larger (Fig. 3 and Supplementary Table 4).

When we defined composite cancers by merging 10 cancer types
(common to both males and females) whose risks were either sig-
nificantly increased (kidney, esophagus, pancreas, colon) or nominally
increased (renal pelvis, small intestine, stomach, liver and GB, colon,
and bronchial and lung) by AI-IR, a Kaplan-Meier plot revealed a sig-
nificant difference between participants with diabetes, those without
diabetes but positive for AI-IR, and those without diabetes and nega-
tive for AI-IR, on the cumulative incidence of the composite cancers
(Fig. 4a). The HR adjusted for age and sex in participants without dia-
betes but positive for AI-IR was 1.25 (95% CI, 1.20-1.31; P<1x 10™), and
that in participants with diabetes was 140 (95% CI, 1.31-1.50;
P<1x10™). When we adjusted also for BMI, the HR in participants
without diabetes but positive for AI-IR was 1.16 (95% CI, 1.10-1.22;
P=12x10%), suggesting that approximately 36% of AI-IR" effect is
mediated through BMI. Sex-specific analysis revealed that the impact
of AIFIR on the incidence of the composite cancers remained con-
sistent in both males and females (Supplementary Fig. 3a, b). When we
combined female-specific uterine and breast cancers whose risks were
significantly increased by Al-IR, we observed that effect the HR
adjusted for age in participants without diabetes but positive for AI-IR
was 1.26 (95% Cl, 1.20-1.32; P<1x10™), which was comparable to that
in participants with diabetes (HR, 1.23; 95% ClI, 1.11-1.36; P<3.9 x 1075
(Fig. 4b). A Kaplan-Meier plot also revealed a significant difference
between three groups on the cumulative incidence of specific cancers
such as uterine cancer (Supplementary Fig. 4a), kidney cancer, colon
cancer, and bronchial and lung cancer (Supplementary Fig. 4a-d).

Cancer risk is well known to increase with age*°. Indeed, when
we stratified participants by age at enrollment (40-69 years old), the
incidence of the composite cancers per 1000 person-years increased
with age (Supplementary Fig.5a). Furthermore, both Al-IR and dia-
betes were associated with a higher incidence of the composite can-
cers across all ages (Supplementary Fig. 5a), indicating that AI-IR is the
risk factor for the composite cancers across different age groups.

Kaplan-Meier analyses further confirmed consistent differences in
cumulative incidence of the composite cancers among three groups
across different ages at enrollment (<50 years old, 50-59 years old, and
>60 years) (Supplementary Fig. 5Sb-d). To more rigorously account for
confounding by age, we also conducted analyses with age as the
underlying time variable. Significant differences in cancer incidence
persisted among participants with diabetes, those without diabetes
but AI-IR positive, and those without diabetes and AI-IR negative
(Supplementary Fig. 6a.) The HR adjusted for sex and BMI in partici-
pants without diabetes but AI-IR positive was 1.16 (95% ClI, 1.10-1.22;
P<3.2x107%), and that in participants with diabetes was 1.29 (95% CI,
1.20-1.39; P<1x107), The effect of AI-IR on 3-point MACE was also
consistent in these models (Supplementary Fig. 6b). Together, these
findings demonstrate the robustness of Al-IR in predicting complica-
tions of insulin resistance while fully accounting for the effect of age.

BMI-dependent and -independent effect of machine learning-
predicted insulin resistance on cancer incidence

In our prediction model, feature importance was highest for higher
BMI (0.427), followed by higher FPG (0.115), lower HDL (0.115), and
higher TG (0.097)%. To explore the BMI-independent effect of AI-IR on
cancer incidence, we also performed an analysis adjusted for age, sex,
and BMI (Fig.4c and Supplementary Table 5). Among the cancers
whose risks were positively associated with AI-IR, we observed that
effects for renal pelvis, small intestine, stomach, liver and GB, pan-
creas, colon, leukemia, and breast cancer were BMI-dependent (Fig. 4
c). However, we observed that the effect of AI-IR on the incidence of
bronchial and lung cancer became stronger and significant even after
Bonferroni correction when we adjusted for BMI in addition to age and
sex (HR, 1.33; 95% CI, 1.20-1.47; P=1.71x107%), than when we adjusted
only for age and sex (HR, 1.14; 95%Cl, 1.05-1.23; P= 2.02 x 10~) (Fig. 4¢),
indicating that the effect was independent of BMI. The effect on
uterine, kidney, and esophagus cancer remained nominally significant.
Additionally, the association between AI-IR and lower risk of skin
cancer was also BMI-independent.

Lung cancer is strongly associated with smoking, the leading risk
factor for the global burden of cancer®. We observed that the effect of
AI-IR on the incidence of bronchial and lung cancer is significant even
when we adjusted also for smoking status (never smoker, previous
smoker, and current smoker); The same is true for the incidence of the
composite cancers (Supplementary Fig. 5a, b). We also looked at a
possible joint effect of AI-IR and smoking status on the incidence of
bronchial and lung cancer (Supplementary Fig. 5¢). In the never smo-
ker group, HRs adjusted for age, sex, and BMI were not significantly
different (P=0.513) between the AI-IR positive group (HR, 1.08; 95% ClI,
0.85-1.37) and the AI-IR negative group. In the current smoker group,
HRs adjusted for the three factors were also not significantly different
(P=0.726) between the AI-IR positive group (HR, 17.42; 95% ClI,
14.66-20.71) and the AIIR negative group (HR, 17.89; 95% ClI,
15.63-20.47). On the other hand, in the previous smoker group, HRs
adjusted for the three factors in the Al-IR positive group (HR, 5.52; 95%
Cl, 4.69-6.49) was significantly higher than that in the AI-IR negative
group (HR, 3.84; 95% CI, 3.35-4.40), when examined by post-hoc
analysis (P=7.78 x10°%, Supplementary Fig.5c). We observed similar
interaction effect on the incidence of the composite cancers; pre-
dicted insulin resistance increased the incidence in the never smoker
group and the previous smoker group, but not in the current smoker
group (Supplementary Fig.5d). Notably, the composite cancers
include esophagus, pancreas, stomach, liver, and bronchial and lung
cancers, all of which are known to have increased risk due to
smoking®. These results suggest that the effect of AI-IR on the inci-
dence of bronchial and lung cancer or the composite cancers is the
most tangible in the previous smoker group; however, the effect may
have been masked in the current smoker groups because the absolute
risks of the incidence are overwhelmingly high.
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Machine learning-predicted insulin resistance enables improved
cancer risk stratification compared to previously reported
metrics

Finally, to examine whether AI-IR provides a better prediction of the
composite cancer incidence than previously established metrics such
as BMI, MetS, TG/HDL ratio, and TyG index, we classified participants
who were free of diabetes and cancer at baseline into four groups

** Significant after Bonferroni correction
(P <0.05/43=1.163 x 10%%)
* Nominally significant (P < 0.05)

according to their AI-IR status (positive or negative) and the status of
these metrics (positive or negative). When we consider Al-IR and BMI,
we observed that the incidence of the composite cancers was sig-
nificantly higher (P=2.28 x1072) for the AI-IR single-positive group
(HR, 1.18; 95% CI, 1.11-1.26; P < 9.5 x 10°®) compared with the BMI single-
positive group (HR, 1.04; 95% CI, 0.95-1.15; P=0.38). BMI of 30 or
higher alone did not significantly increase the composite cancer
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Fig. 4 | Effect of machine learning-predicted insulin resistance on the incidence
of composite cancers, and its BMI-dependent and -independent effect on
cancer incidence. a Kaplan-Meier plots of the cumulative incidence of the com-
posite cancers in the DM(-); AI-IR (-), DM(-); AIFIR (+), and DM (+) groups. In the
graph, the lines represent the estimated cumulative incidence, and the shaded
error bands represent 95% confidence intervals. The HRs for the incidence of the
composite cancers adjusted for age and sex or adjusted for age, sex, and BMI were
also shown. Cox proportional hazards model was used with a two-sided Wald test.
b Kaplan-Meier plots of the cumulative incidence of the uterine and breast cancer
in females from the DM(-); AI-IR (), DM(-); AIIR (+), and DM (+) groups. In the graph,

the lines represent the estimated cumulative incidence, and the shaded error bands
represent 95% confidence intervals. The HRs for the incidence of these cancers
adjusted for age or adjusted for age and BMI were also shown. Cox proportional
hazards model was used with a two-sided Wald test. ¢ For 13 cancer types whose
incidences were significantly or nominally affected by AIIR, the effects of AI-IR after
adjustment for BMI were shown. Cox proportional hazards model was used with a
two-sided Wald test. In the graph, points represent the estimated HR, and error bars
represent 95% confidence intervals. HRs are adjusted for age and sex. The
Bonferroni-corrected P value for significance was 0.05/43 = 1.163 x 1072, Source data
are provided as a Source data file.

incidence when individuals were negative for AI-IR. We also observed
that the incidence of the composite cancers was significantly higher
(P=2.01x107) in the AI-IR and BMI double-positive group (HR, 1.30;
95% CI 1.24-1.37; P<1x10™) compared with the BMI single positive
group, underscoring that AlI-IR provides substantially improved cancer
risk stratification among individuals with obesity (Fig. 5a). When con-
sidering Al-IR (positive or negative) and MetS (positive or negative),
the AI-IR single positive group (HR, 1.21; 95% CI 1.12-1.31; P=2.1x107)
and the MetS single positive group (HR, 119; 95% CI 1.12-1.26;
P=1.8x10") exhibited comparable HRs (P=0.649) for the incidence
of the composite cancers. However, the incidence of composite can-
cers was significantly higher (P=1.49 x107#) in the AI-IR and MetS
double-positive group (HR, 1.34; 95% CI 1.27-1.40; P<1x107!1) com-
pared with the MetS single-positive group (Fig. 5b). Similar patterns
were observed when we consider AI-IR and TG/HDL ratio (Fig. 5c).
When considering Al-IR and TyG index, the incidence of the composite
cancers was significantly higher (P=1.92x107) for the AI-IR single-
positive group (HR, 1.23; 95% CI, 1.13-1.35; P=7.2x107°) compared
with the TyG single-positive group (HR, 1.10; 95% CI, 1.05-1.16;
P=11x10"*). We also observed that the incidence of the composite
cancers was significantly higher (P<1x10™) for the AR and TyG
double-positive group (HR, 1.32; 95% CI 1.26-1.39; P<1x10™") com-
pared to the TyG single-positive group (Fig.5d). Altogether, these
results indicate that AI-IR enables improved cancer risk stratification
compared to previously established metrics.

Discussion
Here, we examined the effect of insulin resistance on cancer incidence
at the population scale by applying a machine learning-based predic-
tion model of insulin resistance, Al-IR, with nine clinical parameters in
the UK Biobank. As a foundation for our investigation, we compared
AIIR with previously established simpler metrics of obesity (BMI),
metabolic syndrome (MetS), and insulin resistance (TG/HDL ratio and
TyG index) and demonstrated that Al-IR exhibits the highest predictive
capability for the incidence of diabetes. We acknowledge that BMI is
the most influential single parameter for AI-IR”. When we categorized
individuals into four groups based on AI-IR status (positive or negative)
and BMI (=30 or <30) (Fig. 2b), BMI may contribute to diabetes risk in a
manner that partially overlaps with AI-IR. Nevertheless, Al-IR sig-
nificantly outperformed BMI and other metrics in predicting diabetes
incidence, consistent with the notion that AIIR captures multi-
dimensional clinical and biochemical abnormalities beyond BMI alone.
We observed that AI-IR was significantly associated with a higher
incidence of uterine, kidney, esophagus, pancreas, colon, and breast
cancer, after Bonferroni correction. AlI-IR was nominally associated
with a higher incidence of renal pelvis, small intestine, stomach, liver
and gallbladder, leukemia, and bronchial and lung cancer. Among the
above-mentioned cancer types, a large-scale meta-analysis of obser-
vational studies found that incidences of uterine (in females), kidney,
esophagus, pancreas (in females), colon, leukemia, and breast (in
females) cancer were positively associated with BMI®. Furthermore, a
Mendelian randomization study using the UK Biobank also found that
incidences of uterine, esophagus, stomach, liver, pancreas, and lung

cancer were positively associated with BMI’. Relatively consistent
effects of predicted insulin resistance and BMI on the incidences of
several types of cancer can be expected because in our prediction
model, BMI has the highest feature importance among the nine
parameters®. In line with our observations, a Mendelian randomiza-
tion using 18 variants associated with fasting insulin levels found that
genetically predicted higher fasting insulin levels increased the risk of
kidney, pancreas, and lung cancer®. Similar Mendelian randomization
studies have been replicated and summarized elsewhere®. In the
present study, we observed that the incidence of skin cancer was
negatively associated with predicted insulin resistance. Consistently,
observational studies found that the risk of non-melanoma skin can-
cer, which accounts for 95% of all skin cancer, is inversely correlated
with BMPP*%,

We observed a BMI-independent association between Al-IR and a
higher incidence of bronchial and lung cancer, even after Bonferroni
correction. Intriguingly, in contrast to Mendelian randomization stu-
dies, multiple observational studies reported an association between
higher BMI and lower incidence of lung cancer®**. The observed
association is suggested to be influenced, at least partly, by the effect
of smoking on increasing the risk of lung cancer while reducing body
weight**%, Considering that the feature importance of our model was
highest for higher BMI, followed by higher FPG, lower HDL, and higher
TG?, the effect of AI-IR on bronchial and lung cancer is BMI-indepen-
dent, but it may be dependent on FPG, HDL, and TG. Supportively,
studies reported that both high TG and low HDL are positively asso-
ciated with lung cancer risk***°. Our work sheds insight into the BMI-
independent effect of insulin resistance on bronchial and lung cancer,
the risk of which is strongly associated with smoking. Smoking itself is
reported to cause insulin resistance**’, possibly via its pro-
inflammatory effect*>*,

We acknowledge that the BMI-independent effect of insulin
resistance on increased cancer risk has been previously reported.
While the definitions of MetS, TG/HDL ratio, and TyG index do not
include BMI, MetS—originally developed as an indicator of visceral
adiposity—has been reported as a risk factor for certain types of
cancer””. Indeed, we observed that higher BMI (>30) alone was not
associated with an increased risk of composite cancer (Fig. 5a). AIIR
was a better predictor of composite cancer compared to BMI and TyG
index (Fig. 5a, d), but its predictive capability was comparable to that
of MetS and TG/HDL ratio (Fig.5b, c). Having said that, since AI-IR
demonstrated the highest predictive capability for the incidence of
diabetes among the examined metrics, including MetS and TG/HDL
ratio (Fig.2), and diabetes itself is a significant risk factor for the
composite cancers (Fig. 4a), we argue that Al-IR is a robust and clini-
cally relevant metric for predicting both diabetes and composite
cancer incidence. Furthermore, AI-IR captures both BMI-dependent
and BMI-independent effects of insulin resistance.

A key strength of our study is that it leverages a machine learning-
based prediction model of insulin resistance to look at the effect of
insulin resistance on the incidence of cancer at the population scale.
Using nine routinely measured clinical parameters, Al-IR outperforms
previously established simpler metrics—including BMI, MetS, TG/HDL
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a . .
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Fig. 5| Machine learning-predicted insulin resistance enables improved cancer
risk stratification compared to previously established metrics. Effect of AI-IR

and BMI (a), Metabolic syndrome (MetS) (b), TG/HDL ratio (c), or TyG index (d) on
the hazard ratio (HR) for incidence of the composite cancer during the follow-up

Hazard ratio (95% CI)

period in participants without diabetes at baseline. Cox proportional hazards
model was used with a two-sided Wald test. In the graph, points represent the
estimated OR, and error bars represent 95% confidence intervals. Source data are
provided as a Source data file.

ratio, and TyG index—in predicting both diabetes and composite
cancer incidence. Our model provides “digital biomarker of insulin
resistance” that merges all parameters currently established as com-
ponents of insulin resistance into a single metric, which will be utilized
for the identification of high-risk individuals and focused screening of
diabetes, cardiovascular disease, and cancer. Individuals identified as
AI-IR positive could undergo earlier or more frequent monitoring of
glucose metabolism, cardiovascular risk factors, and age-appropriate
cancer screening, thereby improving opportunities for early detection
and intervention. Nevertheless, our study also has some limitations.

First, the participants of UK Biobank were aged 40-69 years at
recruitment and were mainly of European ancestry. Future studies are
needed to evaluate the effect of Al-IR on cancer incidence in a more
diverse cohort with respect to age and ancestry, to establish its utility
for improved risk stratification in the broader population. Second,
while the current study demonstrated that our model outperforms
previously established metrics, further efforts would be warranted to
improve the model in terms of both predictive capability and simpli-
city. Third, the mechanistic link between insulin resistance and cancer
remained elusive in the current study. However, leveraging Al-IR could
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provide deeper insights into the pathophysiology of insulin resistance,
for example, by enabling genome-wide association studies on insulin
resistance itself, rather than relying on BMI (a surrogate marker of
insulin resistance) or type 2 diabetes (a consequence of insulin resis-
tance alongside impaired insulin secretion).

In conclusion, here we showed that machine learning-predicted
insulin resistance is a risk factor for diabetes and composite cancers.
Our model exhibited the highest predictive capability for the incidence
of diabetes and composite cancers among the examined metrics,
highlighting the potential of a machine learning-assisted approach to
enhance clinical practice and gain insights into disease
pathophysiology.

Methods

The UK Biobank

The present study has been approved by the UK Biobank (approved
research ID 78912), which in turn was approved by the National Health
Service (NHS) North West Multi-centre Research Ethics Committee.
The UK Biobank is a prospective cohort of individuals aged 40-69
years at recruitment between 2006 and 2010*. All participants pro-
vided written informed consent. At baseline, participants completed
lifestyle and health-related questionnaires, interviews, and physical
measurements. Genotype and biomarker data were also collected, and
health-related outcomes were obtained via linkage to NHS medical
records.

Machine learning-based prediction model of insulin resistance

(AI'IR)

Previously, we developed and validated a machine learning-based
prediction model of insulin resistance®. Briefly, an XGboost model was
trained to predict the probability that HOMA-IR exceeds 2.5 in non-
diabetic populations, by considering nine clinical parameters (age, sex,
race, BMI, FPG, glycohemoglobin, TG, total cholesterol, and HDL
cholesterol). Participants were classified as AI-IR positive if the pre-
dicted probability was greater than 0.5. The model achieved an area
under the curve of 0.88.

Ascertainment of disease prevalence and incidence

The primary outcomes of the current work were the incidence of
overall and site-specific cancers in participants without a history of
cancer at enrollment. Cancer incidence was defined as the first diag-
nosis after enrollment, with cancer type (ICD-10) and date obtained
from UK Biobank Data-Fields 40005 and 40006. Follow-up was con-
ducted until the last available date in the registries: 31 December 2020
for England, 30 November 2021 for Scotland, and 31 December 2016
for Wales. Participants without cancer were censored at the last
available date of the respective registry, ensuring consistent follow-up
for all participants. For participants recorded in the combined “Origi-
nating from England/Wales (E/W)” registry, it was not possible to
assign registry-specific censor dates to each participant. In these cases,
censor dates were assigned as 31 December 2016 for participants born
in Wales (determined by Data-Fields 1647 and 20115), and 31 December
2020 for all others.

AIFIR status was defined using nine parameters obtained at
enrollment. Race, asimplemented in the Al-IR model, was derived from
self-reported race (UK Biobank Data-Field 21000) collected at baseline.
This variable was included as a demographic input to account for
population-level differences in clinical measurements and healthcare
context, and was not intended to represent genetic ancestry or bio-
logical determinants. Diabetes status was defined using observed
phenotypes. Participants with HbAlc > 6.5% at enrollment and/or self-
report of a physician’s diagnosis were classified as having diabetes. For
short-term follow-up analysis in the UK Biobank, new-onset of diabetes
was defined using follow-up HbAlc and/or self-report of physician’s
diagnosis, while long-term follow-up relied on NHS-recorded diagnosis

(ICD-10 EO8, 09, 11, and 13), with diagnosis date defined as the date of
admission with diabetes. All participants with diabetes were included
in these analyses.

Incidences of 3-point major adverse cardiovascular event (MACE;
a composite of cardiovascular death, non-fatal myocardial infarction,
and non-fatal stroke) and 4-point MACE (3-point MACE plus heart
failure requiring hospitalization), overall mortality, and cardiovascular
mortality were also evaluated. We used algorithmically-defined out-
comes (Category 42), which were derived from baseline assessment,
hospital admissions, and death registries. Non-fatal myocardial
infarction and non-fatal stroke were defined using Data-Fields 42000
and 42006, respectively. Heart failure requiring hospitalization was
obtained from hospital episode statistics (Resource 138483; ICD-10
150.9), and mortality data were obtained from Data-Field 40001, col-
lected until 30 November 2022. Smoking status was defined using Data
field 20116.

Statistical analysis

Continuous variables are presented as mean + standard deviation, and
categorical variables as number (percentage). Differences across
groups were assessed using independent ¢-tests or analysis of variance
(ANOVA) for continuous variables and Chi-square tests for categorial
variables. Sex was determined through the clinical record (UK Biobank
Data-Field 31) and confirmed by genetics. Sex was used as a covariate in
the analyses.

To evaluate the effect of AI-IR on incident diabetes, logistic
regression was performed among participants without diabetes at
baseline. Cox regression was not used because exact onset times
were unavailable; instead, the duration from baseline to follow-up
was included as a covariate. For stratified analyses based on fasting
duration prior to blood collection, fasting time was obtained from
Data-Field 74. Predictive performance of AI-IR and previously
reported metrics was compared using the area under the receiver
operating characteristic curve (AUC). Joint effects of AI-IR and pre-
viously reported metrics on diabetes incidence were also examined.
Cut-offs were defined as BMI of 30, TG/HDL ratio of 3.025, and TyG
index of 4.6827, based on previous literatures. Metabolic syndrome
(MetS) was defined as the presence of at least three of the following:
(1) abdominal obesity (waist circumference =102 cm in male or >
88cm in female), (2) elevated triglycerides (=150 mg/dL), (3)
reduced HDL cholesterol (<40 mg/dL in male or <50 mg/dL in
female), (4) elevated blood pressure (>130/85 mmHg), and (5) ele-
vated fasting glucose (=100 mg/dL). Use of medications for trigly-
cerides, HDL cholesterol, blood pressure, or glucose was not
considered, as medication use was not included in the computation
of Al-IR.

To evaluate the effect of AI-IR or diabetes on the cumulative
incidence of 3- and 4-point MACE, overall and cardiovascular mortal-
ity, and overall and site-specific cancers, Kaplan-Meier curves were
used to compare time to diagnosis across groups, and Cox propor-
tional hazards models were used to estimate hazard ratio (HRs).
Models were conducted as crude (unadjusted), adjusted for age and
sex, or adjusted for age, sex, and BMI, to account for potential con-
founding. Age and BMI were treated as continuous variables; sex was
binary. To further account for the effect of age on cancer incidence, we
also conducted analyses with age as the underlying time variable. This
approach ensures that each participant contributes person-time from
their age at enrollment until their age at censoring or event, providing
amore effective control for confounding by age than including age asa
covariate. Joint and interaction effects between AIIR and smoking
status were also evaluated using Cox proportional hazards models,
including main effects and an interaction term between Al-IR status
and smoking status*®*’. All analyses were performed with SAS version
94, and a two-sided P value<0.05 was considered statistically
significant.
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Reporting summary
Further information on research design is available in the Nature
Portfolio Reporting Summary linked to this article.

Data availability

All data analyzed in this study were derived from the UK Biobank
resource. Individual-level data cannot be publicly shared, but the UK
Biobank resource is available to bona fide researchers for health-
related research in the public interest upon registration (http://www.
ukbiobank.ac.uk). The current study was conducted under UK Biobank
approved research ID 78912. Source data are provided with this paper.

Code availability

The code for computing AI-IR from the nine input parameters is cov-
ered by filed patent applications (application numbers: 113111331 in
Taiwan, 2024-056758 in Japan, and 18/616,217 in the United States) and
cannot be publicly available. A compiled standalone software for AI-IR
calculation was made available to editors and peer reviewers at the
time of submission for evaluation purposes. To ensure transparency
while respecting our patent restrictions, we created a website on a
public cloud server that allows users to calculate AI-IR based on the
nine input parameters (https://ai-ir.com.tw). Registration of a user-
name and email address is required to obtain access.
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