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Abstract

Aim This study aims to predict risk factors for hypoglycemia in patients with type 2 diabetes mellitus (T2DM) using
continuous glucose monitoring (CGM) and with time in range (TIR) > 70%.

Methods Data from 111 patients with T2DM who underwent CGM with TIR>70% were analyzed. A hypoglycemia
episode was defined as CGM-detected glucose < 3.9mmol/L sustained for at least 5 min. Logistic regression analysis
was performed to examine the relationship between hypoglycemia and mean blood glucose (MBG), glycemic
variability (GV) metrics [including mean amplitude of glucose excursion (MAGE), largest amplitude of glycemic
excursion (LAGE), mean of daily difference (MODD), coefficient of variation (CV), standard deviation (SD)], and low
blood glucose index (LBGI). A nomogram model was constructed, and its diagnostic performance was assessed. Data
were bootstrapped 1000 times for internal validation, and a calibration curve was drawn to evaluate the model’s
predictive ability. Decision curve analysis was performed to assess its clinical usefulness.

Results Among the 111 included patients, 53 experienced hypoglycemic event during wearing CGM (47.75%).

GV metrics were higher in hypoglycemia group, while MBG was lower. The multivariable logistic regression analysis
showed that the MBG, GV metrics, LBGI were independently associated with hypoglycemia. The receiver operating
characteristics (ROC) analysis indicated that the area under the curve (AUC) for the MBG-SD-LBGI model was 0.93 (95%
C1=0.88-0.97). The calibration curve showed good consistency between the predicted and observed probabilities.
Decision curve analysis demonstrated strong clinical applicability.

Conclusion This study demonstrates a significant correlation between CGM metrics and hypoglycemia in patients
with T2DM who achieved TIR>70%. These findings suggest that CGM metrics can predict the risk of hypoglycemia in
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T2DM patients with a TIR>70%, and the nomogram developed from these metrics holds strong potential for clinical

application.

Keywords Hypoglycemia, Type 2 diabetes, Continuous glucose monitoring, Time in range, Nomogram

Introduction

It has been widely acknowledged that stringent glycemic
control can reduce the risk of both microvascular and
macrovascular complications in patients with diabetes
[1, 2]. However, achieving tight glycemic control may also
increase the risk of hypoglycemia [3, 4]. Severe hypogly-
cemia is associated with increased risk of all-cause mor-
tality and transient ischemic attacks in patients with type
2 diabetes mellitus (T2DM) [5]. Furthermore, patients
who experienced hypoglycemia episodes often report a
diminished health-related quality of life and incur higher
healthcare expenditures [6]. Hypoglycemia also limits
the efficacy of insulin therapy and significantly impacts
patient morbidity and mortality [7, 8]. Therefore, pre-
venting hypoglycemia is crucial, especially for patients
aiming for strict glycemic control.

Glycosylated hemoglobin (HbAlc) is the standard
measure for assessing long-term glycemic control in
individuals with diabetes. However, HbAlc has several
limitations. It lacks information about acute glycemic
fluctuations, such as hypo- or hyperglycemia, and fails
to quantify the magnitude and frequency of both intra-
day and interday glycemic variability (GV) [9, 10]. Addi-
tionally, HbAlc levels are affected by various factors,
including renal failure, hemoglobinopathies, and chronic
liver disease [11, 12]. In recent years, continuous glucose
monitoring (CGM) has emerged as a superior method for
providing a more comprehensive assessment of glycemic
patterns and minimizing the risk of hypoglycemia. Since
2020, Time in range (TIR) has been recommended as a
key metric for assessing glycemic management, repre-
senting the percentage of time during which an individu-
al’s blood glucose remains within a target range of 3.9-10
mmol/L [13, 14]. Achieving a TIR>70% is generally rec-
ommended for most adults with diabetes, which roughly
corresponds to an HbA1c of approximately 7% [15].

Previous studies have demonstrated that low blood
glucose index (LBGI) is an independent risk factor for
hypoglycemia in patients with T2DM who maintain good
glycemic control (HbAlc<7%) [16]. A previous study
proposed a three-dimensional scoring model integrat-
ing percentage GV, LBGI, and high blood glucose index
(HBGI) to identify both the most alarming dimension of
glycemia and the individuals with Type 1 Diabetes mel-
litus (T1DM) in most urgent need of assistance [17]. A
glycemia risk index (GRI) of hypoglycemia and hypergly-
cemia was validated in T1DM populations with average
TIR of 59.9% to assist with basic clinical interpretation
of CGM data [18]. An explainable machine learning

approach based on CGM metrics was used to assess the
risk of hypoglycemia in hemodialysis patients [19]. How-
ever, despite the increasing use of CGM, the incidence
of hypoglycemia in adults with T2DM with TIR>70%
remains poorly understood. Therefore, the role of CGM-
derived metrics in identifying the risk of hypoglycemia in
this population requires further investigation.

In this study, we examined a well-characterized cohort
of adults with T2DM who achieved a TIR>70%. We
aimed to explore the relationship between CGM-derived
metrics and the risk of hypoglycemia. By utilizing CGM-
derived metrics data to identify high-risk groups for
hypoglycemia, we hope to provide clinical insights into
the incidence of hypoglycemia in this population, ulti-
mately contributing to personalized diabetes treatment
and improving overall diabetes management.

Methods

Study population

This retrospective, single-center study was conducted at
the Department of Endocrinology and Metabolic Dis-
ease, the Third Affiliated Hospital of Sun Yat-sen Uni-
versity. Data were collected between January 2018 and
October 2019. T2DM was diagnosed based on the 1999
World Health Organization (WHO) criteria. Inclusion
criteria were aged>18 years, diagnosed with T2DM,
a stable antihyperglycemic regimen over the previ-
ous three months, and a TIR>70% according to CGM
(iPro™2, Medtronic MiniMed, Inc.) data. Exclusion
criteria included diabetic ketoacidosis, hyperglycemic
hyperosmolar state, stress conditions, severe kidney or
liver insufficiency, pregnancy, other conditions affecting
glucose metabolism, or CGM data duration of less than
seven days. The inclusion process is illustrated in Fig. 1.
Written informed consent was obtained from all partici-
pants, and the study protocol was approved by the Ethics
Committee of the Third Affiliated Hospital of Sun Yat-
sen University (IRB No. [2020] 02-107-01).

Measurements

Demographic and clinical data, including diabetes man-
agement, were collected. Waist circumference was mea-
sured at the midpoint between the lowest rib and the
iliac crest, while hip circumference was measured as
maximum circumference over the greater trochanter. The
waist-to-hip ratio (WHR) was calculated as waist circum-
ference divided by hip circumference. Body mass index
(BMI) was calculated as the weight (kg) divided by height
squared (m?). After a 10-h overnight fast, fasting blood
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Fig. 1 Flow chart of patients'inclusion process

samples were collected for measurements of HbAlc,
lipid profiles, liver enzymes, and creatinine. Fasting, 0.5-
hour, and 2-hour postprandial serum C-peptide levels
were measured during a mixed-meal test. The estimated
glomerular filtration rate (eGFR) was calculated using
the Chronic Kidney Disease Epidemiology Collabora-
tion International Equations based on serum creatinine
(CKD-EPI.,) [20].

CGM metrics

Each participant underwent seven days of retrospective
CGM using the iPro™?2 system (Medtronic MiniMed,
Inc), with the data blinded to patients and physicians.
During the CGM-wearing period, participants followed
a standard diet providing 50% caloric content as carbo-
hydrates, 20-25% fat, and 15-20% proteins, with a total
calorie intake of 25-30 kcal/kg per day. Capillary blood
glucose was measured at least 4 times per day using One-
Touch Ultra (Life Scan Inc., Milpitas, CA) to calibrate the

CGM system. CGM data were downloaded using Care-
Link iPro software (Minimed, Medtronic, Inc), with the
first 12 h excluded due to potential system instability
[21].

An episode of hypoglycemia on CGM was defined as a
sensor glucose level <3.9mmol/L for at least 5 min [22].
TIR was defined as the percentage of time glucose levels
were between 3.9 mmol/L and 10.0 mmol/L (3.9-10.0
mmol/L [inclusive]). GV was assessed using mean ampli-
tude of glycemic excursions (MAGE), the largest ampli-
tude of glycemic excursion (LAGE), the mean of daily
differences (MODD), coefficient of variation (CV), and
standard deviation (SD) [23]. The glycemic risk index cal-
culated in this study was LBGI [23].

Screening of relevant variables and development of
nomogram

Univariate logistic regression analysis was performed to
identify significant CGM-derived, clinical, and laboratory
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indicators associated with hypoglycemia. Multivariate
logistic regression was further uesd to evaluate CGM
metrics (e.g., MBG, GV metrics, and LBGI) and con-
founding factors. A nomogram was constructed based
on the independent predictors identified in multivariate
analysis to estimate hypoglycemia risk in T2DM patients
with a TIR > 70%.

Statistical analysis

Data were presented as mean+SD for continuous vari-
ables, and n (%) for categorical variables. Student’s t-test
was used to compare normally distributed continuous
variables between groups, while the Mann—Whitney U
test was applied to skewed data. Categorical variables
were compared using the chi-square test or Fisher’s
exact test, as appropriate. Logistic regression analysis
was employed to identify the key indicators associated
with hypoglycemia. The nomogram’s performance was
assessed by calculating the area under the curve (AUC),
sensitivity, specificity, accuracy, and predictive values.
Internal validation was conducted using 1000 bootstrap
samples to minimize overfitting bias. Calibration was
verified using the Hosmer-Lemeshow test and a calibra-
tion curve. Decision curve analysis (DCA) quantified
the model’s clinical utility. Statistical analyses were per-
formed using SPSS software version 23.0 (IBM, Armonk,
New York, United States) and R version 4.4.1 (http://ww
w.r-project.org). A two-tailed P value <0.05 was consider
ed statistically significant.

Results

Clinical characteristics of study participants

Table 1 summarized the clinical characteristics of the
111 participants with TIR>70%. The participants had a
mean age of 56.87+11.80 years, a mean diabetes dura-
tion of 8.17+6.09 years, and an average HbAlc level of
6.75+1.26%. Hypoglycemia was observed in 53 patients
(47.75%), with 21 patients (18.92%) experiencing level 2
hypoglycemia (Time below range [TBR]<3.0mmol/L).
No significant differences were found in age, HbAlc
levels, diabetes complications, or fasting glucose lev-
els between the hypoglycemia and non-hypoglycemia
groups. However, the hypoglycemic group had a signifi-
cantly higher proportion of participants treated with pre-
mixed insulin compared to the non-hypoglycemia group
(11.32% vs. 1.72%, p = 0.044).

CGM-derived metrics

Participants in the hypoglycemia group exhibited signifi-
cantly higher levels of MAGE (4.34+1.60 vs. 3.27+1.47
mmol/L, p<0.001), LAGE (9.89+2.68 vs. 7.09+2.49
mmol/L, p<0.001), MODD (1.59+0.50 vs. 1.27+0.55
mmol/L, p=0.002), CV (26.64+7.29 vs. 18.29+6.10%,
p<0.001), SD (1.94+0.51 wvs. 1.36+0.55 mmol/L,
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Table 1 Clinical characteristics of study participants

Variables All Nonhypo-  Hypoglyce- p

(n=111) glycemia mia

(n=58) (n=53)

Age, years 56.87+11.80 56.83+1190 56.92+11.80 097
Sex, male/fe- 58/53 30/28 30/23 061
male, n
Duration of 8.17+6.09 8341641 7.99+5.77 0.77
diabetes, years
BMI, I<g/m2 2473+359  2487+409 24.58+298 0.67
HbA1c, % 6.75+1.26 6.88+1.40 6.61+1.07 0.27
eGFR, mL/ 0333+1962 9282+20.10 9390+19.26  0.78
mi/1.73 m?
Fasting glucose,  6.54+1.42 6.90+142 6.55+141 0.26
mmol/I
Diabetes compli- 16(14.41) 10(17.24) 6(11.32) 038
cations, n (%) 16(14.41) 9(15.52) 7(13.20) 0.73
Nephropathy 31(27.93) 20(34.48) 11(20.75) 0.11
Retinopathy 65(58.59) 37(63.79) 28(52.83) 0.24
Neuropathy
Macroangiopathy
Oral hypoglyce-
mic agents, n (%)
Sulfonylurea 26(23.42) 8(13.79) 14 (26.41) 0.096
a-Glucosidase 34(30.63) 16(27.59) 18(33.96) 047
inhibitor 65(58.56) 34(58.62) 31(58.49) 0.99
Metformin 30(27.02) 12(20.69) 18(33.96) 0.12
DPP4 inhibitor 3(2.70) 1(1.72) 2(3.77) 0.61
GLP-1 receptor 2(1.80) 2(3.45) 0(0) -
agonists 8(7.21) 5(8.62) 3(5.66) 0.72
Thiazolidinedione 28(25.23) 15(25.86) 13(24.52) 0.87
SGLT2 inhibitor ~ 4(3.60) 4(6.90) 0(0) 0.071
Insulin, n (%) 14(12.61) 8(13.79) 6(11.32) 0.46
Only Basal insulin = 3(2.70) 2(3.45) 1(1.89) 0.53
Only Bolus 7(6.31) 1(1.72) 6(11.32) 0.044
insulin
Basal + bolus
inulin
Premixed insulin
CGM metrics
TIR 88.98+1123 9030+13.54 87.57+793 0.20
(3.9-10.0mmol/L) 251+4.16 - 526+4.68 -
2% 057+1.67 - 1.19+2.27 -
TBR
(<3.9mmol/L)
%, %
TBR (< 3.0mmol/
L)% %
MBG* mmol/L  7.16+087  738+094  6.91+0.71 0.004
CVe, % 2223+786 1829+6.10 2664+729 <0.001
MODD? mmol/L  142+055  127+055  1.59+0.50 0.002
MAGE?, mmol/L  3.78+1.62 3274147 434+1.60 <0.001
LAGE?, mmol/L 841+293 7.09+249 9.89+2.68 <0.001



http://www.r-project.org
http://www.r-project.org

Lu et al. Diabetology & Metabolic Syndrome (2025) 17:169

Table 1 (continued)

Variables All Nonhypo-  Hypoglyce- p
(n=111) glycemia mia
(n=58) (n=53)
SD? mmol/L 1.64+0.60 1.36+0.55 1.94+0.51 <0.001
LBGI? 1.61+1.57 0.72+0.82 260+1.62 <0.001

Data are mean+SD or n (%)

CV, coefficient of variation; DPP4, dipeptidyl peptidase-4; eGFR, estimated
glomerular filtration rate; FBG, fasting blood glucose; GLP-1, glucagon-like
peptide-1; HbAlc, hemoglobin Alc; LAGE, largest amplitude of glycemic
excursion; LBGI, low blood glucose index; MAGE, mean amplitude of glucose
excursion; MBG, mean blood glucose; MODD, mean of daily difference; SD,
standard deviation; SGLT2, sodium-glucose co-transporter 2; TBR, Time below
range; TIR, Time in range

“Measured by the continuous glucose monitoring system

p<0.001) and LBGI (2.60+1.62 vs. 0.72+0.82, p<0.001),
and lower level of MBG (6.91+0.71 vs. 7.38+0.94
mmol/L, p= 0.004) (Table 1). Hypoglycemia occurred
more frequently during nighttime (22:00-6:00) com-
pared to the divided daytime periods (6:00-12:00,12:00—
18:00,18:00-22:00)  (40.47%  vs.18.75%  vs.16.71%
vs.15.54%, p<0.001). The mean percentage of the TBR
(<3.9 mmol/L) and TBR (< 3.0 mmol/L) was 5.26 +4.68%
and 1.19+2.27% in the hypoglycemia group, respectively.

Logistic regression analyses

The univariate analysis identified several significant risk
factors for hypoglycemia, including diabetic periph-
eral neuropathy (DPN) (OR=2.33, 95% CI: 1.03-5.26,

Table 2 Clinical markers of hypoglycemia analyzed by univariate
logistic regression

Model Dependent variable OR (95%CI) P

Uni- Age, years 1.00 (0.97 ~1.03) 0.97

variate  Duration of diabetes, years 1.00 (1.00~1.00) 0.76

model  oGrR 100(098~102) 086
Oral hypoglycemia agent 0.50 (0.16~1.57) 0.24
Insulin 1.06 (0.46~2 46) 0.89
Diabetes complications
Nephropathy 1.63 (0.55~4.85) 038
Retinopathy 1.37 (0.48~3.90) 0.56
Neuropathy 2.33(1.03~5.26) 0.041
Macroangiopathy 1.70 (0.79~3.64) 0.18
MBG? 0.51(0.32~0. 83) 0.006
v 1.20(1.12~1.30) <0.001
MODD? 3.35(1.49~ 757) 0.004
MAGE? 1.73(1.31~ 228) <0.001
LAGE® 152(1.27~1.82) <0.001
sb? 750 (3.16~17. 82) <0.001
LBGI? 546 (276 ~10.78)  <0.001

Model ¥? test P<0.001

Cl, confidence interval; CV, coefficient of variation; LAGE, largest amplitude of
glycemic excursion; LBGI, low blood glucose index; MAGE, mean amplitude of
glucose excursion; MBG, mean blood glucose; MODD, mean of daily difference;
OR, odds ratio; SD, standard deviation

2Measured by the continuous glucose monitoring system
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Table 3 Clinical markers of hypoglycemia analyzed by multiple
logistic regression

Multiple Model Dependent variable OR (95%Cl) P
Model 1 MBG? 046 (0.27~0.79) 0.005
Model 2 MBG? 1(0.32~0.83) 0.006
cve 1 20(1 12~1.30) <0.001
LBGI? 546 (2.76~10.78) <0.001
Model 3 MBG? 0.58 (0.24 ~ 1.40) 0.22
MODD? 1.34(0.33~541) 0.68
LBGI? 449 (191~10.59) <0.001
Model 4 MBG? 0.30(0.12~0.76) 0.010
MAGE? 2.05(1.25~3.36) 0.005
LBGI? 349(1.79~6.82) <0.001
Model 5 MBG? 0.35(0.14~0.89) 0.027
LAGE® 41 (1.05~1.90) 0.024
LBGI? 61 (1.23~5.53) 0.013
Model 6 MBG? 0.17 (0.06 ~0.49) 0.001
SD? 27.19(4.71~156.83) <0.001
LBGI? 262 (1.37~5.00) 0.004

Model 1 was adjusted for age, duration of diabetes, eGFR, Insulin, nephropathy,
retinopathy, neuropathy, macroangiopathy, and MBG. Model 2 includes all
variables in model 1 plus CV and LBGI. Model 3 includes all variables in model 1
plus MODD and LBGI. Model 4 includes all variables in model 1 plus MAGE and
LBGI. Model 5 includes all variables in model 1 plus LAGE and LBGI. Model 6
includes all variables in model 1 plus SD and LBGlI

Cl, confidence interval; CV, coefficient of variation; eGFR, estimated glomerular
filtration rate; LAGE, largest amplitude of glycemic excursion; LBGI, low blood
glucose index; MAGE, mean amplitude of glucose excursion; MBG, mean blood
glucose; MODD, mean of daily difference; OR, odds ratio; SD, standard deviation

#Measured by the continuous glucose monitoring system

p=0.041), insulin use (OR=1.06, 95%CI: 0.46-2.46, p =
0.89), MBG (OR=0.51, 95%CIL: 0.32-0.83, p=0.006),
CV (OR=1.20, 95%CIL: 1.12-1.30, p<0.001), MODD
(OR=3.35, 95%CIL: 1.49-7.57, p=0.004), MAGE
(OR=1.73, 95%CI: 1.31-2.28, p<0.001), LAGE
(OR=1.52, 95%CI: 1.27-1.82, p<0.001), SD (OR=7.50,
95%CIL: 3.16-17.82, p<0.001) and LBGI (OR=5.46,
95%CI: 2.76-10.78, p<0.001) were significantly associ-
ated with hypoglycemia (Table 2).

To address multicollinearity, multivariate logistic
regression was conducted for MBG, GV metrics (CV,
MAGE, LAGE, MODD, and SD) and LBGI. The analysis
revealed that MBG, GV metrics (CV, MAGE, LAGE, and
SD), and LBGI remained significant risk factors for hypo-
glycemia (p <0.005) after adjusted for age, duration of dia-
betes, eGFR, insulin use, and diabetes complications. In
Model 6, MBG (OR=0.17, 95%CI: 0.06-0.49, p =0.001),
SD (OR=27.19, 95%Cl: 4.71-156.83, p <0.001), and LBGI
(OR=2.62, 95%CI: 1.37-5.00, p=0.004) were identified
as significant risk factors for hyperglycemia.

Nomogram model to predict the risk of hypoglycemia

Five logistic regression models incorporating hypoglyce-
mia risk factors were analyzed. The AUCs for the models
were as follows: MBG-CV-LBGI (0.89, 95% CI: 0.83-0.96,
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Table 4 Predictive value of joint CGM-derived metrics for
nonhypoglycemia and hypoglycemia

Predictors AUC Accu- Sensi-  Speci- cut
(95%Cl) racy tivity ficity off
(95%Cl) (95%Cl) (95%Cl)
MBG 0.65 035 0.45 0.25 725
(0.55- (0.26- (0.32- 0.13-
0.75) 045) 0.58) 0.36)
v 0.81 0.76 0.74 0.77 22.06
(0.73- (0.67- (0.63— (0.66—
0.89) 0.83) 0.85) 0.89)
MODD 0.70 0.69 0.66 0.74 1.35
(0.60— (0.60— (0.53— (0.62-
0.80) 0.78) 0.78) 0.85)
MAGE 0.72 0.68 0.71 0.64 4.15
(0.63- (0.58- (0.59- (0.51-
0.82) 0.76) 0.82) 0.77)
LAGE 0.77 0.72 0.81 0.62 9.25
(0.69- (0.63— (0.71- (0.49-
0.86) 0.80) 0.91) 0.75)
SD 0.77 0.73 0.78 0.68 1.75
(0.69- (0.64- 0.67- (0.55-
0.86) 0.81) 0.88) 0.80)
LBGI 0.89 0.87 0.90 0.85 1.31
(0.82— (0.80- (0.82- (0.75-
0.96) 0.93) 0.97) 0.95)
MBG-CV-LBGI 0.89 0.86 0.90 0.81 0.53
(0.83- (0.78- (0.82— (0.71-
0.96) 0.92) 0.97) 0.92)
MBG-MODD-LBGI 0.89 0.86 0.90 0.81 0.51
(0.83- (0.78- (0.82— (0.71-
0.96) 0.92) 0.97) 0.92)
MBG-MAGE-LBGI 091 084 091 075 062
(0.85- (0.76— (0.84- (0.64-
0.96) 0.90) 0.99) 0.87)
MBG-LAGE-LBGI 0.90 0.86 0.88 0.83 0.51
(084-  (0.78-  (080-  (0.73-
0.96) 0.92) 0.96) 0.93)
MBG-SD-LBGI 093 0.85 083 0.87 044
(0.88- (0.77- (0.73- (0.78-
0.97) 0.91) 0.92) 0.96)

CV, coefficient of variation; LAGE, largest amplitude of glycemic excursion; LBGI,
low blood glucose index; MAGE, mean amplitude of glucose excursion; MBG,
mean blood glucose; MODD, mean of daily difference; SD, standard deviation

p<0.001), MBG-MODD-LBGI (0.89, 95% CI: 0.83—0.96,
p<0.001), MBG-MAGE-LBGI (0.91, 95% CI: 0.85-0.96,
p<0.001), MBG-LAGE-LBGI (0.90, 95% CI: 0.84—0.96,
p<0.001), and MBG-SD-LBGI (0.93, 95% CI: 0.88—0.97,
p<0.001) (Table 4;Fig. 2). Among these, MBG-SD-LBGI
demonstrated the best predictive capability.

A nomogram model was constructed based on the
three predictors (MBG, SD, and LBGI) (Fig. 3). The
total score was calculated by summing the correspond-
ing scores of MBG, SD, and LBGI, and the probability of
hypoglycemia was derived from the total score. Calibra-
tion plots indicated strong agreement between observed
and predicted probabilities (mean absolute error =0.021).
The Hosmer-Lemeshow test confirmed good calibration
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Fig. 2 Receiver operating characteristic curves of joint predictors MBG-
CV-LBGI, MBG-MODD-LBGI, MBG-MAGE-LBGI, MBG-LAGE-LBGI, and
MBG-SD-LBGI models for predicting hypoglycemia in patients with type
2 diabetes with TIR>70%. CV, coefficient of variation; LAGE, largest ampli-
tude of glycemic excursion; LBGI, low blood glucose index; MAGE, mean
amplitude of glucose excursion; MBG, mean blood glucose; MODD, mean
of daily difference; SD, standard deviation

accuracy (X*=2.822, p=0.945) (Fig. 4). Furthermore, the
DCA suggested that the nomogram model could provide
clinical benefits for patients at risk of hypoglycemia (Fig.
5).

Discussion

The role of tight glycemic control in preventing diabetes
complications has been well established [24, 25]. How-
ever, intensive glycemic control strategies significantly
increase the risk of hypoglycemia, posing a consider-
able obstacle to achieving optimal glycemic control in
individuals with diabetes [26]. Previous studies have
reported that even among patients with well-controlled
HbAlc levels, the incidence of hypoglycemia episodes
can be as high as 48.0% [16]. Current clinical guidelines
recommend a target TIR of at least 70% for patients with
T2DM [27], but limited research focuses on hypoglyce-
mic episodes and the contributing factors in patients who
achieve this target.

This study is the first to report the occurrence of hypo-
glycemic episodes identified by CGM-derived data in this
specific population. Among patients with T2DM who
achieved a TIR >70%, 47.75% experienced level 1 hypo-
glycemia (glucose <3.9 mmol/L) and 18.92% experienced
level 2 hypoglycemia (glucose < 3.0 mmol/L). Although all
participants met the TBR targets (TBR level 1<4% and
TBR level 2<1%), the hypoglycemic group showed mean
TBR percentages of 5.26% and 1.19% for levels 1 and 2,
respectively, exceeding the recommended thresholds.
Our study also found that hypoglycemia occurred more
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frequently at night compared to daytime periods. There-
fore, nighttime monitoring or therapy adjustments are
also recommended for T2DM patients with TIR >70%.
These findings highlight that hypoglycemia remains prev-
alent among patients with well-controlled TIR, under-
scoring the importance of careful management in such
cases. Further research should aim to identify specific
risk factors associated with hypoglycemia and stratify
high-risk patients for targeted interventions.

With advancements in glucose monitoring technolo-
gies, CGM-derived metrics such as TIR, TBR, time above
range (TAR), GV, and glycemic risk indices have become
valuable tools in glycemic management. As a comple-
ment to HbAlc, these metrics help clinicians and patients
make more informed, personalized management deci-
sions. Among the GV metrics—SD, CV, MAGE, MODD,
and LAGE—several have been identified as potential
predictors of hypoglycemia [28]. For instance, Monnier
et al. found a strong correlation between MBG, SD, and
hypoglycemia [29], while Torimoto et al. reported that
low MBG and high CV were predictors of hypoglycemia
in patients with T2DM [22]. Gémez et al. proposed a CV
value of 34% as a marker for hypoglycemia risk in T2DM
patients [30]. Despite these findings, establishing a stan-
dardized GV metric for universal clinical use remains a
challenge.

Our study specifically examined T2DM patients with
well-controlled glycemia (TIR>70%) and found a con-
sistent relationship between GV metrics and hypoglyce-
mia. Among these, MBG, SD, and LBGI were the most
reliable predictors. SD, in particular, provided a robust
and independent assessment of GV, facilitating better
differentiation of hypoglycemia risk in this population.
While some studies favor CV for its reduced sensitivity to
mean glucose fluctuations and HbA1lc levels [31], others
advocate for MAGE due to its longstanding use [32] and
emphasis on significant glucose excursions [33]. Metrics
like MODD offer detailed analyses of glucose variations
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over periods ranging from hours to days, but their clini-
cal utility remains under debate [34]. In this study, SD
was both measured through CGM and calculated from
self-monitoring of blood glucose (SMBG) data, making it
a practical choice for routine medical practice. Combin-
ing MBG, SD, and TIR offers clinicians a more compre-
hensive perspective on glycemic control, enabling more
accurate hypoglycemia risk assessments and tailored dia-
betes management.

This study also evaluated glycemic risk indices derived
from CGM, such as the LBGI and HBGI, which estimate
hypoglycemic or hyperglycemic risk based on prior glu-
cose patterns and a mathematical adjustment for the
skewness of blood glucose levels. LBGI has been shown
to correlate strongly with severe hypoglycemia and is
higher in individuals with a history of such events. Con-
sistent with prior research by Kovatchev et al., which
identified an LBGI threshold of greater than 5 as a marker
for severe hypoglycemia [35], our findings confirm the
utility of LBGI in detecting hypoglycemia in patients with
T2DM who achieved TIR above 70%.

Despite the growing number of proposed CGM met-
rics, few studies have combined these metrics to accu-
rately predict hypoglycemia in T2DM patients with
well-controlled TIR [36]. For instance, Han et al. devel-
oped a 14-variable nomogram to predict severe hypo-
glycemia in T2DM patients [37], and another study used
a nomogram to assess hypoglycemia risk in patients
treated with insulin pumps during enteral nutrition [38].
Montaser et al. proposed a two-dimensional frame-
work for glycemic assessment in diabetes (both TIDM
and T2DM), identifying treatment efficacy (quanti-
fied by hyperglycemia metrics: MG, TAR, TAR2) and
treatment safety (measured by hypoglycemia metrics:
TBR, TBR2, CV) as the fundamental dimensions [39].
Although their study didn’t specifically validate the AUC
for hypoglycemia prediction, their safety dimension (sec-
ond principal component) presents a potential founda-
tion for streamlined modeling approaches. In contrast,
our MBG-SD-LBGI model achieved higher predictive
accuracy (AUC=0.93) for hypoglycemia detection in
T2DM patients with TIR >70%, making it more suitable
for scenarios requiring high-precision risk identification.
Future research should investigate whether using Mon-
taser’s safety dimension metrics (TBR, TBR2, and CV)
can achieve comparable predictive accuracy while offer-
ing greater simplicity. The nomogram constructed using
these indicators provides individualized risk assessments,
enabling clinicians to select appropriate interventions.
The DCA further demonstrated the clinical utility of this
model, underscoring its potential benefits in managing
hypoglycemia.

To our knowledge, this is the first study to develop a
nomogram model for predicting the risk of hypoglycemia
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among T2DM patients with well-controlled TIR based
on CGM-derived metrics. Notably, nearly half of these
patients experienced hypoglycemia, as detected by CGM,
highlighting the importance of incorporating CGM in
diabetes management. While the consensus defines
a hypoglycemia episode as lasting at least 15 min, we
adopted a threshold of <3.9 mmol/L for a minimum of
5 min based on a previously published study [22]. This
shorter duration allows for earlier and more sensitive
detection of hypoglycemia in this specific population
with TIR in target. However, the study has several limi-
tations. Its retrospective and cross-sectional design, cou-
pled with a small sample size, limits the ability to analyze
the effects of specific medications and dosages. Although
no statistical difference in sulfonylurea use was observed
between groups, the small sample size may have influ-
enced this result. Also, insulin regimens should indeed
be carefully considered and tailored based on individual
patient factors, including their insulin sensitivity, meal
patterns, and risk for hypoglycemia. Further research is
needed to explore which specific insulin regimens are
most effective at reducing the risk of hypoglycemia while
maintaining optimal glycemic control in patients target-
ing a TIR >70%. Secondly, owing to the inherent charac-
teristics of the observational study design, it is unlikely
to entirely eliminate possible residual confounding from
unknown or unmeasured confounders. However, we
carefully adjusted for potential confounding factors.
Future research should focus on adopting prospective
study designs and incorporating adjustments for fac-
tors such as dietary intake, physical activity patterns,
and medication adherence to enhance the stability and
reliability of our findings. Thirdly, there are two basic
types of CGM devices: those that are owned by the user,
including real-time CGM (rtCGM) and intermittently
scanned CGM (isCGM); and professional CGM devices
that are owned and applied in the clinic [40]. The iPro'™2
system (Medtronic) used in this study is a professional
CGM device. A network meta-analysis demonstrated
that rtCGM was ranked highest for HbA1c reduction and
TIR/TAR optimization compared to professional CGM,
isCGM, and SMBG [41]. The heterogeneity among differ-
ent CGMs may affect the results; therefore, the applica-
bility of the study findings to other types of CGMs should
be interpreted with caution. Additionally, while a seven-
day CGM monitoring period was used, current consen-
sus recommends at least 10-14 days for comprehensive
analysis in patients with T1IDM [42]. However, previous
research has shown minimal difference between glucose
management indicator (GMI) calculated using 7-day and
14-day CGM data [43]. Considering the stable glycemic
control and lower GV in our T2DM cohort compared
to patients with T1DM, the 7-day duration is deemed
sufficient for this study. Future studies using a 2-week
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monitoring period may help validate and strengthen
these findings.

Conclusion

Nearly half of patients with T2DM who met the target of
TIR>70% experienced hypoglycemia episodes as identi-
fied by CGM. CGM-derived metrics showed a significant
correlation with hypoglycemia in this specific patient
population. Among the models evaluated, the MBG-CV-
LBGI model demonstrated strong predictive capability,
simplicity, and practical utility, making it an effective tool
for early hypoglycemia risk prediction.
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