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ABSTRACT

Background: Glycated hemoglobin (HbA1c), which reflects the patient's blood sugar level, 
can only be measured in a hospital setting. Therefore, we developed a model predicting 
HbA1c using personal information and self-monitoring of blood glucose (SMBG) data solely 
obtained by a patient.
Methods: Leave-one-out cross-validation (LOOCV) was performed at two university 
hospitals. After measuring the baseline HbA1c level before SMBG (Pre_HbA1c), the SMBG 
was recorded over a 3-month period. Based on these data, an HbA1c prediction model was 
developed, and the actual HbA1c value was measured after 3 months. The HbA1c values of the 
prediction model and actual HbA1c values were compared. Personal information was used in 
addition to SMBG data to develop the HbA1c predictive model.
Results: Thirty model training sessions and evaluations were conducted using LOOCV. The 
average mean absolute error of the 30 models was 0.659 (range, 0.005–2.654). Pre_HbA1c 
had the greatest influence on HbA1c prediction after 3 months, followed by post-breakfast 
blood glucose level, oral hypoglycemic agent use, fasting glucose level, height, and weight, 
while insulin use had a limited effect on HbA1c values.
Conclusions: The patient's SMBG data and personal information strongly influenced the 
HbA1c predictive model. In the future, it will be necessary to develop sophisticated predictive 
models using large samples for stable SMBG in patients.
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INTRODUCTION

Several challenges are encountered when assessing the status of patients with diabetes 
from a long-term perspective based only on their self-monitoring of blood glucose 
(SMBG). Therefore, a method for checking the patient's blood sugar management status 
by measuring the glycated hemoglobin (HbA1c) is currently in use.1)2) HbA1c reflects the 
average glycemic control over the previous 2–3 months,3) which can be easily used for blood 
glucose measurement in patients, as well as for the screening, diagnosis, and treatment 
of diabetes.4)5) Notably, HbA1c has shown a strong correlation with possible diabetic 
complications, such as cerebrocardiovascular diseases.6)

While SMBG can be performed at home, it may be inconvenient for patients to visit a hospital 
regularly and have their HbA1c levels measured. Therefore, a method for estimating the 
HbA1c value using SMBG at home would be convenient. Moreover, if the patient's HbA1c 
level is predictable, they will be able to set their own blood sugar goals and focus better on 
self-management.

Various HbA1c prediction models using SMBG exist7-9); therefore, we aimed to create a 
model that predicts HbA1c in real-life situations using other variables in combination with 
the SMBG data. The actual HbA1c levels measured in the hospital and the predicted HbA1c 
values were compared. Furthermore, we evaluated the importance of factors affecting the 
prediction of HbA1c. The ability to identify the factors affecting HbA1c prediction in advance 
will be of great help to patients in self-glycemic management.

METHODS

This study included patients with type 2 diabetes who visited Korea University Ansan 
Hospital and Soonchunhyang University Seoul Hospital between April 1 and August 31, 
2020. We included patients aged 40–80 years who had visited the hospital for at least 2 
years. Patients who agreed to participate in the study and fulfilled the selection criteria were 
included. In contrast, those with type 1 diabetes, an estimated glomerular filtration rate 
<30, kidney transplant, and ongoing dialysis were excluded from this study. A basic physical 
examination was performed for all included patients, and they were asked to record their 
blood sugar levels in a diary at home for a period of 3 months. This study was approved by 
the Institutional Review Boards of Korea University Ansan Hospital and Soonchunhyang 
University Seoul Hospital (IRB No. 2019AS0226).

Variables in the HbA1c predictive model
The variables of the HbA1c predictive model included demographic and SMBG data. Basic 
information, including sex, height, weight, and body mass index (BMI) of the patient at the 
first visit, HbA1c before SMBG (Pre_HbA1c), and insulin use were investigated. The SMBG 
data comprised blood glucose records from the diary maintained by the patient for 3 months, 
after which, the HbA1c (Post_HbA1c) was rechecked. The patient's SMBG values comprised 
the average values of fasting, post-breakfast, post-lunch, and post-dinner blood sugar.

Development and testing of the HbA1c predictive model
In this study, the eXtreme Gradient Boosting (XGBoost)10) was used for the development of 
the HbA1c predictive model. LOOCV, a useful method for estimating the performance of a 
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small dataset, was used to train and evaluate the model. LOOCV used only one of the 30 data 
sets as the “test set” and the remaining 29 data sets as the “training set.” Thus, the process 
of training and testing the model was repeated 30 times. The mean absolute error (MAE) 
was used as the model test indicator. The Shapley value was used to measure the feature 
contribution to the model prediction.11)12)

𝐌𝐌𝐌𝐌𝐌𝐌𝐌𝐌𝐌𝐌𝐌𝐌 =
∑ |𝑦𝑦𝑦𝑦𝑦𝑦𝑦𝑦 − 𝑥𝑥𝑥𝑥𝑦𝑦𝑦𝑦|𝑛𝑛𝑛𝑛
𝑖𝑖𝑖𝑖=1

𝑛𝑛𝑛𝑛
 

yi = prediction

xi = true value

n = total number of data points

Statistical analysis
Descriptive statistics are presented as means (±standard deviation) or percentages. Python 
version 3.8.5 was used to perform the statistical analyses.

RESULTS

Study population
The mean age of the patients was 66.2±8.0 years, and 63.3% (19/30) were male (Table 2). The 
mean BMI was 26±2.8 kg/m2, Pre_HbA1c was 7.3%±1.1%, and Post_HbA1c was 7.2%±1.0% 
(Table 1). Moreover, 43.3% (13/30) of the patients were taking oral hypoglycemic agents 
(OHA) and 56.7% (17/30) were taking insulin. The mean fasting blood glucose level was 
123±17 mg/dL, whereas the mean blood glucose values post-breakfast, -lunch, and -dinner 
were 177±44 mg/dL, 179±60 mg/dL, and 170±58 mg/dL, respectively. The average number of 
fasting blood glucose measurements conducted over the 3-month period was 59.4±37.4, while 
the average number of blood glucose measurements conducted post-breakfast, -lunch, and 
-dinner over the 3-month period was 25.7±32.8, 20.8±35.5, and 30.2±37.8, respectively.

Missing SMBG values
Post-lunch blood glucose levels were not recorded in 46.7% (14/30) of the patients. The rate 
of missing post-breakfast and post-dinner blood glucose values was 20% (6/30 patients). As 
the XGBoost model is able to handle missing values,13-15) we did not proceed with separate 
imputation.

Model development and performance evaluation
In this study, 30 model training and evaluations were conducted using LOOCV (Table 2); the 
average MAE of the 30 models was 0.659 (range, 0.005–2.654). We visualized and compared 
the predicted HbA1c values of the XGBoost models and the true HbA1c values (Figure 1). If 
the model's predicted value and true value match, the data were located on the green dotted 
line. The solid blue line represents the “line of best fit” for the point, showing that the slope 
is close to the green dotted line.

Variables affecting the HbA1c predictive model
Among the 30 model predictions, the 10 variables that contributed the most to the predicted 
HbA1c values were selected (Figure 2). Pre_HbA1c had the greatest effect on HbA1c prediction 
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Table 1. Baseline characteristics
No. True HbA1c Predicted HbA1c Differences MAE

1 6.9 7.1 +0.2 0.188
2 7.2 7.0 −0.2 0.165
3 7.3 6.9 −0.4 0.402
4 7.0 7.7 +0.7 0.739
5 5.9 6.2 +0.3 0.277
6 6.4 6.6 +0.2 0.220
7 6.7 6.5 −0.2 0.201
8 8.0 6.0 −2.0 1.988
9 6.3 6.1 −0.2 0.226

10 8.6 7.4 −1.2 1.150
11 7.1 7.0 −0.1 0.066
12 7.2 6.5 −0.7 0.704
13 6.3 7.0 +0.7 0.702
14 5.5 6.8 +1.3 1.325
15 6.4 7.1 +0.7 0.703
16 8.4 7.6 −0.8 0.752
17 6.7 7.0 +0.3 0.268
18 8.2 8.1 −0.1 0.118
19 8.1 8.0 −0.1 0.059
20 9.8 7.6 −2.2 2.162
21 6.4 8.7 +2.3 2.328
22 6.2 6.6 +0.4 0.371
23 8.4 8.6 +0.2 0.189
24 7.1 6.9 −0.2 0.165
25 6.6 6.9 +0.3 0.344
26 7.2 7.2 0.0 0.005
27 9.1 6.4 −2.7 2.654
28 6.3 6.3 0.0 0.008
29 6.0 6.5 +0.5 0.479
30 7.8 7.0 −0.8 0.826
Values are presented as number (%) or mean±standard deviation.
BMI = body mass index; DM = diabetes mellitus; HbA1c = glycated hemoglobin; OHA = oral hypoglycemic agents.
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Figure 1. Plot of the predicted and observational glycated hemoglobin data. Solid blue line represents the “line of 
best fit” for the point. 
HbA1c = glycated hemoglobin.



after 3 months, followed by the post-breakfast blood glucose level, OHA use, fasting glucose 
level, height, and weight, while insulin use had a limited effect on the HbA1c prediction.

DISCUSSION

In this study, a model was developed to predict the HbA1c value using the patient's SMBG 
data. Moreover, the factors affecting it were identified. By providing this information to the 
patient, it is possible to predict the HbA1c value without the need for frequent hospital visits 
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Table 2. Performance evaluation of each model using the leave-one-out cross-validation method
Variables Values
Age (yr) 66.2±8.0
Sex

Male 19 (63.3)
Female 11 (36.7)

Height (cm) 162.3±7.7
Weight (kg) 68.4±9.1
BMI (kg/m2) 26.0±2.8
Pre_HbA1c (%) 7.3±1.1

<7.0 12 (40.0)
7.0–7.9 11 (36.7)
8.0–8.9 3 (10.0)
≥9.0 4 (13.3)

Post_HbA1c (%) 7.2±1.0
DM medication

Only OHA use 13 (43.3)
Insulin use 17 (56.7)

Mean glucose level
Fasting (mg/dL) 123±17
Post-breakfast (mg/dL) 177±44
Post-lunch (mg/dL) 179±60
Post-dinner (mg/dL) 170±58

Time of glucose level check
Fasting 59.4±37.3
Post-breakfast 25.7±32.8
Post-lunch 20.8±35.5
Post-dinner 30.2±37.8

HbA1c = glycated hemoglobin; MAE = mean absolute error.

0

0.0029

0.0353

0.0448

0.0464

0.0743

0.0772

0.1227

0.1382

0.4765Pre_HbA1c

Mean post-breakfast glucose level

Only OHA use

Mean fasting glucose level

BMI

Mean post-lunch glucose level

Mean post-dinner glucose level

Sex, Male

Age

Insuline use

Figure 2. The contributors to model predictions. 
BMI = body mass index; HbA1c = glycated hemoglobin; OHA = oral hypoglycemic agents.



to undergo a separate test. Thus, this study provides a convenient method for the SMBG in 
patients by enabling easy prediction of HbA1c values.

A model that enables the prediction of HbA1c using SMBG data recorded in the patients' 
homes was developed. The SMBG data were divided into four types: fasting glucose, post-
breakfast, post-lunch, and post-dinner glucose levels. Predictive models depend on how 
much SMBG data must be obtained to produce relevant results16)17) and the limit of missing 
data allowed; this is because it is inconvenient for patients to measure all of the required 
blood glucose values daily.18) Moreover, in this study, the proportion of missing data was 
20.0–46.7%, even though the average value of each postprandial glucose value was used. 
Therefore, we used XGBoost for the HbA1c prediction model.10)19) XGBoost not only shows 
excellent performance in standardized data classification and prediction problems, but also 
permits cross-validation, and the missing values can be handled by themselves. Although a 
significant amount of postprandial glucose values were missing in this study, it was possible 
to proceed with the study using XGBoost without separate imputation.

Our study included 30 patients, which is a small number for creating a predictive model. 
Moreover, the LOOCV method used in this study requires a long time to develop the model 
because it depended on the amount of data.13-15)20) Hence, LOOCV is often used to measure 
the performance of a relatively small data sample.13-15) LOOCV uses one of the N datasets as 
the “test set” and the remaining N-1 data sets as the “training set”21); this process is repeated 
N times. The advantage of LOOCV is that since all samples are tested once, randomization 
is inexistent, and unlike the validation set approach, it is possible to obtain very reliable 
results. Furthermore, because only one sample was used as a “test set,” it was possible to 
create a model using a large amount of training data. However, it is difficult to include model 
diversity in LOOCV. Although, considering that our study is a pilot study concept, the use of 
LOOCV seemed appropriate.

Various models have been developed for predicting HbA1c.7-9) One such model predicted 
HbA1c based on the lifestyle, clinical, and biochemical information obtained at a health 
checkup center,7) while another predicted HbA1c after 6 years using various laboratory 
findings.8) Recently, given the diversity in the HbA1c prediction models, various laboratory 
findings are commonly used rather than simple SMBG data.9) Therefore, in this study, SMBG 
and simple personal information were included in the prediction model. Additionally, the 
pre-HbA1c value was added to reflect the patient's past self-glycemic control status.

The results of this study showed that the Pre_HbA1c value had the greatest influence on the 
HbA1c prediction model (Figure 2). Theoretically, Pre_HbA1c and Post_HbA1c are independent 
variables that do not affect HbA1c prediction. Although careful interpretation can be conducted 
in various ways, the most important reason for using SMBG data obtained from a patient's 
diary is that it is recorded in real time.17)22) Pre_HbA1c reflects the patient's past blood sugar 
management pattern and status. Although only the patient's average blood glucose value for 3 
months can affect the prediction of HbA1c, management pattern and habits cannot be changed 
easily, which is thought to influence HbA1c prediction. This is considered a relevant finding. 
The prediction of the HbA1c value was only affected by fasting blood glucose or postprandial 
blood glucose levels; however, Pre_HbA1c demonstrated a rather significant effect, which may 
be related to the missing blood glucose values of the patients. This finding suggests that the 
Pre_HbA1c value compensates for the missing values; therefore, Pre_HbA1c was presumed to 
be the most powerful predictor of HbA1c in this study.
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However, there are certain limitations in applying the results of this study. When patients 
make strong decisions about their blood sugar management and change their diet/exercise 
management rapidly, there is a high possibility that the predicted HbA1c value may be 
inaccurate.

Various HbA1c prediction models are continuously being developed,7-9) but researchers 
who wish to develop a prediction model in the future will have to consider several factors. 
For instance, it is necessary to consider whether to include personal information, such as 
Pre_HbA1c, as a variable rather than SMBG data only. Ultimately, the answer depends on the 
purpose of the study,16) and it seems that a broad definition of predicted HbA1c is required.

If the main purpose of developing a prediction model for HbA1c is to improve the patient's 
blood glucose level or if the amount of SMBG data is sufficient, it would be more appropriate 
to use simple SMBG data. However, if there are few SMBG data or no significant difference 
occurred in the patients' willingness to manage blood sugar, it would be better to include 
data on personal information in addition to simple SMBG data in the predictive model. 
The fact that Pre_HbA1c had a significant effect in this predictive model suggests that there 
was almost no change in the pattern of the patient's blood glucose management. Given 
the retrospective nature of the cohort study, which can only estimate correlation and not 
causation,16)17) we can assume that the study was conducted with patients exhibiting limited 
changes in blood glucose patterns.

Among the other factors influencing HbA1c prediction, the influence of post-breakfast blood 
glucose and fasting blood glucose was high in this study. This is theoretically consistent 
with the results of the original HbA1c prediction model, wherein SMBG correlated with the 
predicted HbA1c to some extent.23)24) The influence of each postprandial glucose level on 
the prediction of HbA1c should be studied using large samples in the future. Furthermore, 
OHA use had a much greater influence than insulin use. For the latter, it is presumed that 
the predicted HbA1c value was affected by blood glucose changes as the insulin dose was 
gradually adjusted.

This pilot study was conducted with a small sample size; therefore, several limitations 
may have occurred. Considering that Pre_HbA1c is included as a variable, it is necessary 
to thoroughly evaluate the interpretation, which is different from the actual result of the 
patient. The results of this study may contribute to the development of various predictive 
models in the future, although it is difficult to generalize the research results. Hence, future 
studies should include larger samples and more variables.

Despite its limitations, the results of this study showed that self-management could be 
facilitated by allowing the patient to check their HbA1c level without visiting a hospital. By 
enabling easy prediction of HbA1c, early recognition of the degree of blood sugar control and 
blood sugar management status can be achieved, which would help patients in managing 
their blood sugar levels voluntarily and actively. Thus, we look forward to the creation of more 
diverse and sophisticated predictive models, and that more studies will be conducted to help 
patients manage their blood glucose levels. The existing results are insufficient, and it will be 
necessary to develop a model with high potential for practical use in the future by securing a 
large sample and more sophisticated methods of analysis.
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