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Dear Editor,

Type 2 diabetes mellitus (T2DM) is a leading cause of global morbidity and
mortality.1 Although  T2DM  is  an  irreversible  chronic  condition,  it  can  be
prevented or delayed if interventions are implemented at the stage with signs
of  impaired  glucose  tolerance  and/or  impaired  fasting  glucose,  termed  as
prediabetes.  Prediabetes  is  becoming  a  major  public  health  concern  due  to
its  high  prevalence  and  high  risk  of  developing  T2DM.  It  is  estimated  that
around  374  million  people  worldwide  have  prediabetes.2 Given the  compli-
cated mechanisms of T2DM progression, people with prediabetes need long-
term  self-monitoring  for  blood  glucose  levels  and  the  maintenance  of  a
healthy  lifestyle  such  as  healthy  diet  and  regular  physical  activity.  The  key
step to initiate lifestyle changes is risk communication. Currently, there are a
few  risk  assessment  tools  available  for  the  general  population,  such  as  the
National Diabetes Prevention Program by the Centres for Disease Control and
Prevention  (USCDC),3 and  the  Type  2  Diabetes  Risk  Test  by  the  American
Diabetes  Association  (ADA).4 However, these  tools  were  all  originally  devel-
oped from Western populations and are not available for the Chinese popula-
tion. This study aimed to develop prediction models for the risk of T2DM inci-
dence in people with prediabetes within two-, five- and ten years, using elec-
tronic health record (EHR) data of the Hong Kong population. 

STUDY POPULATION AND DATA SOURCE
We  retrieved  the  anonymized  EHR  from  2003  to  2019,  from  the  Hospital

Authority  Data Collaboration Lab (HADCL)  in  Hong Kong,  which covers  95%
of people with diabetes and represents the entire population given the univer-
sal  healthcare  in  Hong Kong.5 We  used  the  pseudo patient  ID  to  match  the
patient records  across  different  databases  of  laboratory  test  results,  outpa-
tient  visits,  inpatient  admissions,  diabetes  complication  screening,  and
medicine prescription records.  To develop the risk prediction models for the
two-,  five- and ten-year  spectra,  we extracted three sub-cohorts of  patients
with  a  follow-up  time  of  at  least  two,  five  and  ten  years  post  prediabetes
diagnosis,  respectively.  We  retrieved  all  individual  patient  records  who  had
ever  taken  laboratory  tests  of  HbA1c,  fasting  plasma  glucose  (FPG),  or  oral
glucose  tolerance  tests  (OGTT)  during  the  study  period.  We  selected  all
patients who met the diagnosis criteria of prediabetes according to the local
guideline.6 The  following  exclusion  criteria  were  applied  to  select  eligible
patients: 1) patients with diagnosis of type 1 diabetes or gestational diabetes,
2) aged below 18 years when prediabetes or diabetes were first diagnosed, 3)
pregnant  women  who  took  OGTT  in  antenatal  clinics,  4)  patients  who  died
during the follow-up period, 5) those who were already diagnosed with T2DM
before  the  abnormal  test  results  of  IGT,  IFG,  and  elevated  HbA1c  were  first
recorded in the EHR.

We defined individual’s entry time to the retrospective cohort as the time of
their  first  prediabetes record in the EHR,  and event time as the time of  their

first T2DM diagnosis. We retrieved relevant risk predictors from HA database
including age, sex, serum biomarkers of fasting glucose, HbA1c, total choles-
terol,  high-density  lipoprotein  cholesterol  (HDL-C),  low-density  lipoprotein
cholesterol  (LDL-C),  triglycerides,  creatinine and potassium,  as well  as urine
albumin,  estimated  glomerular  filtration  rate  (eGFR),  and  urine  albumin-to-
creatinine  ratio  (UACR).  We  used  the  mean  values  of  potential  predictors
within  six  months  prior  to  individual’s  entry  time  and  entered  them into  the
models. 

MODEL DEVELOPMENT AND VALIDATION
The  missing  pattern  was  checked  for  each  remaining  predictor,  none  of

which were completely at random. The predictors with > 30% missing values
were excluded from the models, except HbA1c. Then we performed list-wise
deletion to exclude any cases with missing values. The machine learning task
was defined as binary classification of the incidence occurrence for each sub-
cohort  and  the  dataset  was  randomly  split  into  90%  training  set  and  10%
testing set. Multiple machine learning models were trained to implement the
normalization, imputation, feature selection, and prediction of the occurrence
of T2DM incidence using the predictors on the baseline. The optimal feature
set  was  selected  by  the  least  absolute  shrinkage  and  selection  operator
(LASSO)  for  each  iteration.  The  most  optimal  features  were  determined  by
the  minimal  lambda  values  returned  by  LASSO  using  10-fold  cross-valida-
tion.

We  compared  several  machine  learning  approaches,  including  decision
tree  (DT),  random  forest  (RF),  AdaBoost  classifier  (ADB),  gradient  boosted
decision tree (GBDT), and deep learning model weighted deep neural network
(DNN).  We  also  built  the  classical  logistic  regression  model,  to  compare  its
performance with those of machine learning and deep learning approaches.

The prediction performance was assessed in the testing set primarily using
the  metrics  of  the  area  under  receiver-operating curve  (AUC).  Other  perfor-
mance indicators  were  also  calculated,  including  recall,  precision  and accu-
racy.  To  validate  the  models  developed  in  the  HADCL  database,  we
conducted  external  validation  using  the  UK-Biobank  dataset  from  2014  to
2022 and the cohort dataset from the China Health and Retirement Longitu-
dinal Study (CHARLS) from 2011 to 2018. We also applied the model-agnos-
tic  method,  Shapley  values,  to  systematically  investigate  the  interpretability
across the selected models. 

MAIN ANALYSIS
A total  of 1733719 patient  records which fulfilled  the  diagnosis  criteria  of

prediabetes  and/or  diabetes  were  first  retrieved  from  the  HADCL  database.
We included a  total  of 188999, 101731,  and 22789 individuals  who met  the
criteria of prediabetes at baseline and followed up to two, five, and ten years
during  the  study  period.  During  the  follow-up  period, 10390 (5.50%), 13590
(13.36%)  ,  and 9164 (40.21%)  developed  T2DM  for  two-year,  five-year,  and
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ten-year respectively. The prediabetes incidence peaked at the age of 55-60
years.

The  potential  predictors  included  age,  sex,  serum  biomarkers  of  fasting
glucose,  HbA1c,  total  cholesterol,  HDL-C,  LDL-C,  triglycerides,  creatinine,
potassium, as well as urine albumin, eGFR, and UACR. DNN models had the
best  performance  among  all  machine  learning  and  deep  learning  models,
with  the  highest  AUC:  81.17%  (95%  CI  80.67-81.66),  78.96%  (95  CI  78.44-
79.48),  75.60% (95% CI 74.40-76.80) for two-, five- and ten-year risk predic-
tion,  respectively  (Figure  1A).  DNN  models  also  achieved  higher  recall  rates
than other modeling approaches: 81.30% (95% CI 79.99-82.62), 80.44% (95%
CI 79.44-81.43), and 77.76% (95% CI 76.06-79.47) for two-year, five-year, and
ten-year  respectively.  The  features  selected  for  the  final  DNN  models
included  HbA1c,  fasting  glucose,  creatinine,  HDL-C, age,  potassium,  triglyc-
eride, LDL-C, and sex for both the two-year and five-year cohorts. For the ten-
year  cohort,  the  selected  features  were  fasting  glucose,  HbA1c,  creatinine,
age, sex, total cholesterol, and potassium. Shapley values indicated that fast-
ing glucose, HbA1c , and creatinine contributed most to the final DNN models
across  all  three  sub-cohorts  (Figure  1B).  Older  age,  higher  levels  of  fasting
glucose, HbA1c, creatinine, and triglyceride, as well as lower levels of potas-
sium,  LDL-C,  and  HDL-C,  were  associated  with  an  increased  risk  of  T2DM
incidence.

For external validation, we had the same exclusion and inclusion criteria to
the  UK-Biobank  and  CHARLS  data.  The  HADCL  data  have  higher  incidence
rates than  these  two  prospective  cohorts,  likely  due  to  the  nature  of  elec-
tronic  health  records  in  the  former.  The  DNN  model  performance  on  UK
Biobank dataset and CHARLS dataset is shown in Figure 1A.

Figure  1C  shows  an  example  of  a  risk  score  based  on  the  probabilities
rankings  among  the  testing  population  generated  by  the  tool.  The  density
was obtained by the output probabilities generated by the optimum model for
each  case  in  the  testing  set  for  each  cohort.  When  a  new  query  case  is
assessed,  its  output  probability  is  compared  against  the  probabilities  from
the testing cohort  for  two-year,  five-year,  and ten-year  risk  evaluations.  The
density  plot  is  divided  by  risk  levels  defined  by  thresholds  of  25%  and  75%,
allowing the new query case to be immediately positioned on the plot. There-
fore, the tool is able to report the percentage of patients in the testing set who
had a higher risk than the query case. 

LIMITATIONS
This study has several limitations. First, some demographic variables such

as  body  mass  index,  family  history,  smoking  status,  and  drinking  history,
were  not  included into  the  models  due to  high levels  of  missing data  in  the
EHR,  which  could  reduce  the  generalizability  of  the  tool.  Second,  our  study

 

Figure 1.  Models performances and models interpretability (A) The Dense Neural Network (DNN) model performance of internal evaluation on Hospital Authority Data Collabo-
ration  Laboratory  (HADCL)  dataset,  and  external  evaluation  on  UK-Biobank  and  China  Health  and  Retirement  Longitudinal  Study  (CHARLS)  datasets.  (B)  The  Shapley  values
measuring the feature value contribution to the predicted probability. (C) An example of the population-based risk score plot, the risk of query case is shown on the plot of the
ranking of predicted probabilities from the DNN model in the testing set of the HADCL dataset.
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may be subject  to  selection  bias  and misclassification  bias.  However,  given
the  large  volume  and  long-time  frame  of  the  HADCL  dataset  used  in  this
study,  along  with  satisfactory  performances  over  external  datasets,  the
models have demonstrated great robustness against the selection bias. 

PERSPECTIVE
This study was among the first to develop prediction models of T2DM inci-

dence  in  individuals  with  prediabetes,  based  on  a  population-based  cohort
with a long follow-up period of seventeen years in Hong Kong. External vali-
dation  was conducted using  cohort  datasets  from both  British  and Chinese
populations.

To  our  best  knowledge,  the  accessible  and  explainable  risk  assessment
tool is the first to provide risk assessment of T2DM up to ten years for predi-
abetes  patients  in  the  Hong  Kong  population.  The  model  included  the
biomarkers that serve not only as vital risk factors for identifying T2DM cases
but  also as key indicators for  monitoring clinical  outcomes.  The model  also
presented  significant  interpretability  by  incorporating  Shapley  values,  which
report  the  marginal  contribution  to  the  risk  score  associated  with  each
feature.  The  interpretability  not  only  demonstrated  the  significance  of  each
feature but also suggested a potential reduction of diabetes risk progression
with  respect  to  the improvement  of  modifiable  biomarkers.  Prior  knowledge
of such benefits can motivate patients to adopt healthier lifestyles and closely
monitor vital biomarkers.

In  addition  to  glucose  and  cholesterol  biomarkers  that  have  been  widely
adopted in previous modelling studies,  we identified a new predictor,  potas-
sium is essential  for the secretion of insulin by pancreatic cells.  Low potas-
sium  levels  could  damage  insulin  secretion,  potentially  leading  to  glucose
intolerance.7 Previous  study  also  found  that  serum  potassium  levels  were
associated  with  a  higher  incidence  of  T2DM  among  Japanese  men,  even
when potassium levels were within the normal range.8

Surprisingly,  in external  validation,  the UK-Biobank exhibited a higher AUC
than  CHARLS,  despite  both  being  Chinese  datasets.  The  UK-Biobank
confirms  diabetes  diagnoses  through  ICD-10  codes  across  all  inpatient
records,  providing  a  comprehensive  and  reliable  data  source.9 In  contrast,
CHARLS  conducts  follow-ups  every  two  years  through  face-to-face inter-
views,10 which may lead to a lower AUC as it  might not  capture all  diabetes
cases  accurately.  Additionally,  diabetes  diagnoses  in  CHARLS  are  self-
reported, potentially introducing reporting bias that affects data accuracy.

In conclusion, we developed and validated predictive models for the risk of
developing  T2DM  in  individuals  with  prediabetes,  using  a  population-based
cohort  and a seventeen-year EHR database.  This model  can stratify  predia-
betes  patients  into  different  risk  levels  for  T2DM,  significantly  enhancing
decision-making  in  prediabetes  management.  Similar  model  strategies  can
be  extended  to  develop  risk  prediction  models  for  diabetic  complications,
providing  a  comprehensive,  across-the-lifespan  risk  assessment  tool  from
prediabetes to diabetic complications. This approach enables more granular
and targeted preventive actions, ultimately reducing the overall clinical burden
and improving patient outcomes.
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