
Articles © The authors   |   Journal compilation © J Endocrinol Metab and Elmer Press Inc™   |   www.jofem.org
This article is distributed under the terms of the Creative Commons Attribution Non-Commercial 4.0 International License, which permits 

unrestricted non-commercial use, distribution, and reproduction in any medium, provided the original work is properly cited
43

Original Article J Endocrinol Metab. 2019;9(3):43-50

Development and Validation of a Primary Care Tool to 
Identify Patients With Type 2 Diabetes Mellitus at High Risk 

of Hypoglycemia-Related Inpatient Admissions

Kurumbian Chandrana, f, Kai Pik Taib, Matthias Paul Han Sim Tohc, d, Francis Wei Loong Phngb, 
 Darren Ee-Jin Seahe, Christine Xia Wub

Abstract

Background: Hypoglycemia inpatient admissions are costly and po-
tentially preventable. Using established risk factors for hypoglyce-
mia, we set out to develop a risk-scoring tool using the data from an 
Asian population.

Methods: In this historical cohort study, we extracted the data of 
47,404 type 2 diabetes mellitus (T2DM) patients with complete 
data based on their last visit in 2012 at selected National Healthcare 
Group Polyclinics in Singapore. The outcome variable is the occur-
rence of any hypoglycemia inpatient admission within 6 months 
from their last visit in 2012. We entered the following potential pre-
dictors into a logistic regression model: 1) Age; 2) Largest reduc-
tion in glycated hemoglobin within 1 year; 3) Last body mass index; 
4) Last estimated glomerular filtration rate; 5) Usage of sulphony-
lurea and/or insulin; 6) Last glycated hemoglobin; 7) Any previous 
hypoglycemia inpatient admission in the past 1 year. The relative 
weightage of predictors were compared, and the model parameters 
were subsequently converted to a simple risk score (range: 0 to 
100).

Results: We found predictors 1 to 5 to be statistically significant for 

subsequent hypoglycemia inpatient admission. In our study popula-
tion, based on a sensitivity of 73.8% and a specificity of 73.1%, a cut-
off score of 38 was selected. The area under the receiver-operating 
characteristic curve was 0.809 (CI: 0.763 - 0.855).

Conclusions: A risk score using commonly available clinical data 
can help to identify those at risk of hypoglycemia inpatient admis-
sion with satisfactory level of accuracy. This score needs to be further 
validated with randomized controlled studies.
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Introduction

Hypoglycemia is a condition caused by a very low level of blood 
sugar, and is a common adverse consequence of drug treatment 
for diabetes which has been identified as a significant barrier 
to glycemic control [1-3]. According to a Scottish population-
based diabetes register, the incidence of hypoglycemia stands 
at 35 episodes per 100 patient-years among insulin-treated type 
2 diabetes mellitus (T2DM) patients [4]. A meta-analysis con-
ducted by Edridge et al reported the prevalence to be 45% for 
mild/moderate and 6% for severe episodes [5]. This figure is 
even higher amongst those on insulin, at 50% for mild/moderate 
episodes and 21% for severe episodes [5]. Severe hypoglycemia 
is defined as an event requiring assistance of another person to 
actively administer carbohydrate, glucagon, or other resuscita-
tive actions. Although most episodes are mild, severe cases of 
hypoglycemia may lead to falls [6, 7], automobile accidents [7], 
dementia [8], and can even be potentially life-threatening [1].

Despite being potentially preventable, hypoglycemia is 
associated with a considerable economic and resource burden 
to the health sector [1, 2] and may lead to poorer quality of life 
[9-11] and increased patient distress [12].

In current endocrinology literature, many measures have 
been recognized as risk factors for hypoglycemia [4, 13-26]. 
They include advanced age [13-16], type of drugs prescribed 
[17-19], low glomerular filtration rate (GFR) [20, 21], long du-
ration of insulin treatment [4, 22], low body mass index (BMI) 
[16] and stringent glycemic treatment goals [2, 4, 13, 18, 19, 
23, 24]. Other measures such as hemoglobin A1c (HbA1c) and 
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gender have also been identified as likely risk factors with al-
most significant statistical evidence [4, 19].

A risk-scoring tool based on the above risk factors will 
be useful for clinicians to identify high-risk patients for im-
plementation of timely changes to treatment plan to avert the 
otherwise impending episodes of hypoglycemia. Such a tool 
had recently been developed and validated by Karter et al for 
a Western population in the United States [25]. However, a 
scoring index to predict inpatient admission due to hypogly-
cemia has yet to be developed for use in the Asian population. 
A recent review highlighted that there are several reasons to 
believe Southeast Asians might be of a different risk profile 
for hypoglycemia compared with Western populations [26]. In 
view of this gap in current research, we seek to develop and 
validate a hypoglycemia risk scoring index on a multi-ethnic 
Asian population using data from the National Healthcare 
Group (NHG) Chronic Disease Management System (CDMS).

Materials and Methods

Study design

The study has received ethical approval from the NHG Do-
main Specific Review Board (DSRB Ref: 2014/00030). We 
used a retrospective cohort study design to develop a risk tool 
to categorize the 6-month risk of hypoglycemia-related inpa-
tient admission. We identified potential risk factors based on 
literature review, expert opinion and preliminary analysis for 
hypoglycemia admission rates by selected risk factors. Using 
a split-sample design, we constructed logistic regression and 
neural network models to predict hypoglycemia inpatient ad-
mission within 6 months. A risk index was then developed to 
score the inpatient admission risk. The C statistic was used 
to measure discriminative ability, and calibration was assessed 
using the Hosmer-Lemeshow goodness-of-fit test.

Study population

Patients with T2DM were identified from the CDMS database 
maintained by NHG based on the International Classification 
of Diseases Ninth Revision (ICD-9-CM) with diagnostic codes 
(250.x0, 250.x2, 357.2 or 362.xx) [27]. We identified 63,806 
T2DM patients based on their reference visit in 2012 at NHG 
primary care institutions: Choa Chu Kang Polyclinic, Bukit 
Batok Polyclinic, Jurong Polyclinic, Hougang Polyclinic, 
Toa Payoh Polyclinic, Clementi Polyclinic and Ang Mo Kio 
Polyclinic. Of these, 16,402 patients were excluded due to 
incomplete data on at least one of the candidate risk factors. 
The remaining 47,404 patients were randomly split into a 67% 
(31,603 patients) tool development sample and a 33% (15,801 
patients) internal validation test sample.

Study size

The general guide for predicting a dichotomous outcome var-

iable is as follows: for every predictor variable, there should 
be at least 10 positive cases. Based on JurongHealth statis-
tics, the rate of inpatient admission due to hypoglycemia is 
0.4%. Assuming a total of six predictor variables, and with 
the sample divided into two groups: development (67%) and 
validation (33%), we would require a sample size of at least 
15,000.

Study variables

Predictors found to be significant in literature [4, 13-26] and 
which are available in our database were included: patient 
demographics (age, race, gender), last HbA1c record, largest 
reduction in HbA1c within 1 year, last BMI, last eGFR and 
usage of sulphonylurea and/or insulin and hospital inpatient 
admission in the past 1 year. The outcome monitored was hy-
poglycemia hospital inpatient admissions to any of the follow-
ing acute hospitals: National University Hospital (NUH), Al-
exandra Hospital (AH), Tan Tock Seng Hospital (TTSH). We 
identified hypoglycemia-related inpatient admissions using the 
ICD-9 codes as described by Ginde et al [28].

Data sources and data

The main source of data was the NHG CDMS database. This 
databank links administrative and clinical data of patients with 
diabetes mellitus across the NHG healthcare cluster of primary 
care clinics and acute hospitals, allowing for presentation of 
clinical outcomes for evidence-based population management 
[27].

Results

We compared the distribution of the predictor variables in our 
model development and validation samples (Table 1).

Development of the risk-scoring tool 

The proportion of patients who were admitted for hypoglyce-
mia during the follow-up in the development set was 0.4%.

Coefficients of the rare-event bias-corrected multivari-
ate logistic regression model based on the development set 
are displayed in Table 2. The bias-correction factor (τ) was 
fixed at 0.4% to correspond with the estimated prevalence of 
hypoglycemia admissions in the study population [29]. The 
candidate risk factors: age, largest reduction in HbA1c within 
1 year, last BMI, last eGFR and usage of sulphonylurea and/or 
insulin, were found to be statistically significant predictors of 
hypoglycemia admission by model selection using the Likeli-
hood Ratio Statistic and were thus retained in the simplified 
model. The Hosmer and Lemeshow’s C statistic for the sim-
plified model is 9.87 (df = 8; P = 0.27) indicating no evidence 
of poor fit.

The Hypoglycemia Risk Score (Table 3) was constructed 
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Table 1.  Characteristic of the Development and Validation of Type 2 Diabetes Mellitus Sets

Characteristic Development set (n = 31,653) Testing set (n = 15,751)
Agea, mean (SD), years 64.1 (11.0) 64.1 (11.1)
Age category, n (%)
  < 60 years 10,562 (33.3%) 5,278 (33.5%)
  60 - 64 years 5,836 (18.4%) 2,901 (18.4%)
  65 - 69 years 5,139 (16.2%) 2,509 (15.9%)
  70 - 74 years 4,495 (14.2%) 2,243 (14.2%)
  ≥ 75 years 5,621 (17.8%) 2,820 (17.9%)
Race, n (%)
  Chinese 23,947 (75.7%) 11,856 (75.3%)
  Malay 3,255 (10.3%) 1,622 (10.3%)
  Indian 3,404 (10.8%) 1,681 (10.7%)
  Others 1,047 (3.3%) 592 (3.8%)
Sex, n (%)
  Male 15,242 (48.2%) 7,453 (47.3%)
  Female 16,411 (51.8%) 8,298 (52.7%)
Last HbA1ca, mean (SD), % 7.4 (1.3) 7.4 (1.3)
HbA1c category, n (%)
  ≥ 75 mmol/mol (≥ 9.0%) 2,977 (9.4%) 1,461 (9.3%)
  64 - 74 mmol/mol (8.0-8.9%) 4,088 (12.9%) 2,018 (12.8%)
  53 - 63 mmol/mol (7.0-7.9%) 11,464 (36.2%) 5,748 (36.5%)
  42 - 52 mmol/mol (6.0-6.9%) 11,274 (35.6%) 5,650 (35.9%)
  < 42 mmol/mol (< 6.0%) 1,850 (5.8%) 874 (5.5%)
Largest reduction in HbA1c within 1 yeara, mean (SD), % 0.7 (1.0) 0.7 (1.0)
Largest reduction in HbA1c within 1 year category, n (%)
  No reduction observed 9,011 (28.5%) 4,504 (28.6%)
  Reduction of 1 - 10 mmol/mol (0.1-0.9%) 16,489 (52.1%) 8,137 (51.7%)
  Reduction of 11 - 21 mmol/mol (1.0-1.9%) 3,883 (12.3%) 1,940 (12.3%)
  Reduction of 22 - 32 mmol/mol (2.0-2.9%) 1,133 (3.6%) 602 (3.8%)
  Reduction of 33 - 43 mmol/mol (3.0-3.9%) 515 (1.6%) 256 (1.6%)
  Reduction of 44 - 55 mmol/mol (4.0-4.9%) 257 (0.8%) 126 (0.8%)
  Reduction of ≥ 55 mmol/mol (≥ 5.0%) 365 (1.2%) 185 (1.2%)
Last body mass index (BMI)a, kg/m2 26.5 (4.7) 26.5 (4.7)
Body mass index category, n (%)
  Severely overweight (≥ 27.5 kg/m2) 11,258 (35.6%) 5,565 (35.3%)
  Moderately overweight (23.0 - 27.4 kg/m2) 13,487 (42.6%) 6,749 (42.8%)
  Acceptable weight (18.5 - 22.9 kg/m2) 6,402 (20.2%) 3,158 (20.0%)
  Underweight (< 18.5 kg/m2) 506 (1.6%) 279 (1.8%)
Last estimated glomerular filtration rate (eGFR)a, mL/min/1.73 m2 85.1 (28.4) 85.4 (28.6)
Estimated glomerular filtration rate category, n (%)
  CKD stage 1 (≥ 90 mL/min/1.73 m2) 13,172 (41.6%) 6,684 (42.4%)
  CKD stage 2 (60 - 89 mL/min/1.73 m2) 12,727 (40.2%) 6,247 (39.7%)
  CKD stage 3 (30 - 59 mL/min/1.73 m2) 5,053 (16.0%) 2,511 (15.9%)
  CKD stage 4 (15 - 29 mL/min/1.73 m2) 621 (2.0%) 258 (1.6%)
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by scaling the coefficients; the category of each predictor with 
the lowest risk was set as baseline and allocated a score of 0. 
The score range was from 0 to 100. Scores for the remain-
ing categories in each risk factor were calibrated based on the 
odds ratio corresponding to the midpoint of each category. The 
overall Hypoglycemia Risk Score is equivalent to the sum 
across scores awarded for each predictor.

Model accuracy

The proportion of patients who were admitted for hypoglyce-
mia during the follow-up in the testing set was 0.4%. The de-
mographic and candidate risk factor profiles of patients in the 
testing set were similar to those in the development set. The 
Hypoglycemia Risk Score was calculated for each patient in 
the testing set. The receiver-operating characteristics (ROC) 
curve is provided in Figure 1. The area under the ROC curve 
for the testing set is 0.805 (95% CI: 0.763, 0.855), which sug-
gests that the risk score is a good predictor of hypoglycemia 
admission. The sensitivity and specificity of the risk score 

at selected thresholds are listed in Table 4. The appropriate 
threshold may be determined based on the required limits to 
false positive and false negative cases. For example, a thresh-
old of 32 may be chosen when a sensitivity of at least 80% is 
required. When applied to the testing set, this leads to 10 false 
negative and 6,324 false positive cases in the test sample. In 
the context of the current study, a threshold of 38 was preferred 
as it minimizes the difference between sensitivity (73.8%) and 
specificity (73.1%) leading to 17 false negative and 4,216 false 
positive cases in the test dataset.

Development of the artificial neural network (ANN)

Logistic regression may not provide the best fit for the data due 
to non-linear relationships that may be present. In exploring 
machine learning methods, we constructed multilayer percep-
tron and radial basis function ANN models. For comparison 
purposes, we used the same training and validation dataset that 
were used for the development of our risk-scoring tool. The 
ANN model trained on the seven predictors achieved an AUC 

Characteristic Development set (n = 31,653) Testing set (n = 15,751)
  CKD stage 5 (< 15 mL/min/1.73 m2) 80 (0.3%) 51 (0.3%)
Hypoglycemia admission during past 1 yeara, n (%)
  Yes 251 (0.8%) 120 (0.8%)
  No 31,402 (99.2%) 15,361 (99.2%)
Usage of sulphonylurea and/or insulina, n (%)
  None 15,750 (49.8%) 7,912 (50.2%)
  Sulphonylurea only 12,582 (39.7%) 6,252 (39.7%)
  Sulphonylurea and insulin 1,192 (3.8%) 600 (3.8%)
  Insulin only 2,129 (6.7%) 987 (6.3%)

aCandidate risk factors for predicting 6-month hypoglycemia admission. SD: standard deviation; CKD: chronic kidney disease.

Table 1.  Characteristic of the Development and Validation of Type 2 Diabetes Mellitus Sets - (continued)

Table 2.  Rare-Event Bias Corrected Logistic Regression Analysis of Hypoglycemia Admission During 6-Month Follow-Up

Risk factor Full model 
coefficient (OR) 95% CI P value Parsimonious mod-

el coefficient (OR) 95% CI P value

Age (in 5-year increments) 1.17 (1.06, 1.28) 0.002 1.16 (1.05, 1.28) 0.003
Largest reduction in HbA1c within 1 year 1.29 (1.15, 1.44) < 0.001 1.28 (1.14, 1.43) < 0.001
Last BMI 0.95 (0.91, 0.99) < 0.001 0.95 (0.91, 0.99) < 0.001
Last eGFR (in 5-mL/min/1.73 m2 increments) 0.91 (0.87, 0.94) < 0.001 0.91 (0.87, 0.94) < 0.001
Usage of sulphonylurea and/or insulin
  None Reference Reference
  Sulphonylurea only 2.13 (1.33, 3.41) < 0.001 2.29 (1.44, 3.62) < 0.001
  Sulphonylurea and insulin 4.75 (2.31, 9.78) < 0.001 5.69 (2.89, 11.21) < 0.001
  Insulin only 5.29 (2.93, 9.55) < 0.001 6.18 (3.57, 10.70) < 0.001
Last HbA1c 1.10 (0.97, 1.26) 0.14
Hypoglycemia admission during past 1 year (Yes) 1.22 (0.38, 3.94) 0.74

Bias correction factor, τ = 0.004. OR: odds ratio; CI: confidence interval.
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of 0.844, a marginal improvement over the previous 0.805 
achieved by our risk score tool.

Discussion

Although the frequency of inpatient admissions for hypogly-
cemia was low among T2DM patients [4], it should be noted 
that hypoglycemia may lead to dangerous treatment compli-
cations such as convulsions and death [30]. In addition, the 
detrimental consequences induce fear among patients and af-
fect their willingness to comply with an intensive glycemic 
control plan [31, 32]. By implementing timely changes to 
patients’ treatment plan, their risk of inpatient admission due 
to hypoglycemia may be reduced. This in turn can reduce the 
burden on local healthcare resources and the mortality rate due 
to treatment-related complications. As such, there is impetus to 
identify high risk patients and administer appropriate preven-
tive interventions to avoid hospitalization.

Due to the unpredictability of the medical condition and 
frequent changes in clinical measurements, the task of assess-

ing patients’ risk of hypoglycemia inpatient admissions may be 
challenging for clinicians. Early interventions can only be ap-
plied when we can accurately identify at-risk patients before the 
deterioration of their health status. Healthcare systems currently 
lack a standard evidence-based method to systematically identi-
fy patients at risk of hypoglycemia-related hospital admissions. 
Thus, the risk scoring tool was created to implement an efficient, 
cost-effective approach to manage hypoglycemia risk amongst 
T2DM patients, allowing for the segregation of patients into dif-
ferent risk strata so that the appropriate educational, technologi-
cal, and/or pharmacological interventions may be applied for 
each group. The relevant intervention bundles would then ap-
propriately be targeted at patients in accordance with their pre-
dicted risk strata through a stepped care approach [33].

The risk-scoring tool was developed and validated on a 
multi-ethnic Asian sample population and would be much more 
useful when applied to Asian populations [26]. This tool may be 
implemented into an EMR to allow for automated risk stratifica-
tion based on the EMR’s data, thus allowing clinicians to easily 
assess patients’ risk of inpatient admission due to hypoglycemia.

In the development of our risk-scoring tool, we had also ex-

Table 3.  Hypoglycemia Admission Risk Scoring System

Risk factor Categories Score
Age, years < 60 0

60 - 64 6
65 - 69 8
70 - 74 10
≥ 75 14

Last BMI, kg/m2 Severely overweight (≥ 27.5) 0
Moderate overweight (23.0 - 27.4) 6
Acceptable weight (18.5 - 22.9) 9
Underweight (< 18.5) 11

Last eGFR, mL/min/1.73 m2 CKD stage 1 (≥ 90) 0
CKD stage 2 (60 - 89) 12
CKD stage 3 (30 - 59) 20
CKD stage 4 (15 - 29) 25
CKD stage 5 (< 15) 28

Largest reduction in HbA1c within 1 year No change or increase 0
Reduction of 1 - 10 mmol/mol (0.1-0.9%) 2
Reduction of 11 - 21 mmol/mol (1.0-1.9%) 5
Reduction of 22 - 32 mmol/mol (2.0-2.9%) 8
Reduction of 33 - 43 mmol/mol (3.0-3.9%) 11
Reduction of 44 - 55 mmol/mol (4.0-4.9%) 14
Reduction of ≥ 55 mmol/mol (≥ 5.0%) 23

Usage of sulphonylurea and/or insulin None 0
Sulphonylurea only 11
Sulphonylurea and insulin 23
Insulin only 24
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plored machine learning methods such as ANN. These models 
could offer new insights into the predictive quality of risk factors 
[34] and may provide a significant improvement in predictive 
performance [35]. In our study, the ANN model we trained pro-
vided higher predictive accuracy and better discrimination com-
pared to our risk scoring tool (AUC 0.844 vs. 0.805). Although 
the ANN model would provide improvements for predictive ac-
curacy, discrimination and dynamic improvement of the model, 
there remains significant practical barriers in implementing ma-
chine learning models within a healthcare system’s EMR [36]. 

This is in contrast with the risk scoring tool, which is simple 
to calculate and easy to use, and can even be calculated manu-
ally. Thus, the risk scoring tool still remains the preferred option 
when considering adoptability and ease of use.

Limitations

Our study had several limitations. Firstly, in Singapore, pa-
tients are able to transit freely between the private and public 
health care sectors. Thus, baseline variables such as health ser-
vices utilization in the last one-year may be biased if they were 
receiving care outside of the NHG system because it will not 
be captured in our diabetes registry.

Secondly, government polyclinics account for 20% of all 
primary care attendances. This may limit the generalizability 
of the study. However, the representativeness of our sample is 
supported given that the government polyclinics were found 
to manage a disproportionately higher share of chronic condi-
tions (41%) [37].

Thirdly, other possible risk factors for hypoglycemia such 
as the duration of diabetes, cognitive impairment, etc. were 
excluded from our study as the data was not available in the 
NHG CDMS.

Lastly, the index cannot be used reliably in other patient 
populations that were not involved in its derivation. Further 
work is required to externally validate the risk index before 
using it in clinical settings.

Conclusions

A risk-scoring tool using commonly available data can help to 
identify those at risk of hypoglycemia admission with a sat-
isfactory level of accuracy. Implementation of this tool could 

Figure 1. Receiver operating characteristic (ROC) curves for perfor-
mance of risk score in development and testing set.

Table 4.  Sensitivity and Specificity of the Hypoglycemia Risk Score at selected thresholds

Threshold Sensitivity No. of positive cases correctly classified Specificity No. of negative cases correctly classified
0 100.0% 65 0.0% 0
18 98.5% 64 24.5% 3,843
28 93.8% 61 47.4% 7,435
30 90.8% 59 54.3% 8,517
32 84.6% 55 59.7% 9,365
34 76.9% 50 63.8% 10,008
36 76.9% 50 68.7% 10,776
38 73.8% 48 73.1% 11,466
40 69.2% 45 77.0% 12,078
42 66.2% 43 80.8% 12,674
44 60.0% 39 83.8% 13,145
46 53.8% 35 86.2% 13,521
48 43.1% 28 89.3% 14,008
58 24.6% 16 96.6% 15,153
100 0.0% 0 100.0% 15,686
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increase primary care clinicians’ awareness of patients’ hypo-
glycemia risk. This can aid in early and efficient identification 
of patients with high risk for timely intervention treatment care 
plans to reduce hypoglycemia inpatient admissions. The model 
can be used to assess the likelihood of hypoglycemia based on 
the constructed Hypoglycemia Risk Scoring Index. The index 
can identify patients at risk for hypoglycemia inpatient admis-
sion and reduce incidences of hypoglycemia and its associated 
morbidity and mortality. Our future plan is to embed this risk-
scoring predictive tool into the Electronic Medical Records for 
the automatic generation of the risk scores, to allow clinicians 
and case managers to easily assess patients’ risk of inpatient 
admission due to hypoglycemia.
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