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Objective: To investigate the factors associated with glucose fluctuations in patients with type 2 diabetes mellitus (T2DM) using
continuous glucose monitoring (CGM).

Methods: This retrospective observational study included 252 patients with T2DM who underwent CGM during hospitalization.
Participants were stratified into two groups based on their coefficient of variation (CV) of glucose: the high-CV group (CV > 33%,
n=53) and the low-CV group (CV < 33%, n=199). Glucose fluctuation indices were calculated from CGM data. All patients underwent
3-day CGM during hospitalization. General clinical data and biochemical indicators were collected. Statistical analyses included
t-tests, Mann—Whitney U-tests, logistic regression, and restricted cubic spline models.

Results: Significant differences were observed between the two groups in terms of disease duration, BMI, triglycerides, and C-peptide
levels (P<0.05). Compared to the low-CV group, patients in the high-CV group had significantly lower Time in Range (TIR) and
higher Time Above Range (TAR) and Time Below Range (TBR) (all P<0.001).

Multivariate Logistic regression analysis revealed that low BMI, low C-peptide, and longer disease duration may be risk factors for
abnormal blood glucose fluctuations in T2DM patients (P<0.05). Linear regression revealed a significant negative correlation between
C-peptide levels and CV (B = -0.02, P=0.003).

A threshold effect was observed between C-peptide and the coefficient of variation(CV) of blood glucose (Cut-off=0.913 nmol/L),
with CV increasing by 0.07 per 1 nmol/L decrease in C-peptide below this threshold (P=0.029).

Conclusion: This study suggests that patients with longer disease duration, lower BMI, and poorer pancreatic function have higher
odds of significant glucose fluctuations. Enhanced monitoring of glucose fluctuations and education on potential risks are recom-
mended for these subgroups to improve self-management abilities.
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Introduction

Type 2 diabetes mellitus (T2DM) is a complex metabolic disorder characterized by persistent hyperglycemia due to
a combination of insulin resistance and progressive p-cell dysfunction.! Although achieving target glycated hemoglobin
(HbAlc) levels remains a cornerstone of glycemic management, emerging evidence indicates that glycemic variability—
encompassing the magnitude, frequency, and duration of glucose fluctuations—may also play a significant and indepen-
dent role in diabetes-related outcomes.”

Significant glucose fluctuations in patients with T2DM have been demonstrated to directly affect treatment efficacy
and lead to adverse clinical outcomes in the short term,”> while potentially increasing the risk of diabetic complications
and cardiovascular events in the long term.*” Recent research indicates that acute glycemic fluctuations induce oxidative
stress and inflammatory responses that contribute to vascular endothelial dysfunction independently of average glucose
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levels.®® This pathophysiological mechanism may explain why some patients with apparently well-controlled HbAl¢
still develop diabetic complications, underscoring the importance of addressing glycemic variability in comprehensive
diabetes management.

Continuous glucose monitoring (CGM) represents a significant advancement in diabetes care, providing comprehen-
sive insights into glucose dynamics by continuously measuring glucose concentrations in interstitial fluid through
subcutaneous sensors.”'’ Unlike traditional self-monitoring of blood glucose (SMBG) or point-of-care testing
(POCT), which offer only intermittent “snapshots” of glycemic status, CGM enables detection of otherwise unrecognized
hyperglycemic and hypoglycemic episodes and their durations, thus offering a more complete picture of glycemic
control."’

Among the various metrics derived from CGM data, the coefficient of variation (CV) of glucose has emerged as the
preferred indicator for assessing glycemic variability.'*'* According to the 2021 Chinese Guidelines for Clinical
Application of Blood Glucose Monitoring, a CV below 33% is recommended as the target for the Chinese diabetic
population.'* Additionally, time in range (TIR), time above range (TAR), and time below range (TBR) have been
recognized by international consensus as valuable parameters for comprehensive evaluation of glycemic control.'

Despite the increasing recognition of glycemic variability as a clinically relevant aspect of diabetes management, the
factors that contribute to abnormal glucose fluctuations in T2DM patients remain incompletely understood. Identifying these
factors is crucial for developing targeted interventions to optimize glycemic stability. Therefore, this study aims to conduct
a retrospective analysis of the medical records of patients with type 2 diabetes, utilizing continuous glucose monitoring data to
evaluate blood glucose fluctuation patterns under different patient characteristics, and to identify factors associated with
abnormal glycemic variability, thereby identifying at-risk subgroups for better-targeted treatment strategies.

Materials and Methods
Study Design and Population

This retrospective observational study was conducted at the Department of Endocrinology, First Dongguan Affiliated
Hospital of Guangdong Medical University, between May 2023 and August 2024. The study protocol was approved by
the Medical Ethics Committee of the hospital (approval number: YJYS202405006), and the requirement for informed
consent was waived due to the retrospective nature of the investigation.

We initially screened 252 hospitalized patients with type 2 diabetes mellitus (T2DM) who underwent continuous
glucose monitoring (CGM) during the study period. T2DM was diagnosed according to the 2020 Chinese Guidelines for
Prevention and Control of Type 2 Diabetes Mellitus,'® based on one or more of the following criteria: typical diabetic
symptoms plus random blood glucose > 11.1 mmol/L, fasting blood glucose > 7.0 mmol/L, 2-hour blood glucose during
an oral glucose tolerance test (OGTT) > 11.1 mmol/L, or glycated hemoglobin (HbAlc) > 6.5%.

Inclusion criteria were: (1) age >18 years; (2) confirmed diagnosis of T2DM; (3) completion of CGM examination;
and (4) availability of complete clinical and laboratory data. Exclusion criteria comprised: (1) type 1 diabetes mellitus,
gestational diabetes, or other special types of diabetes; (2) concurrent use of medications known to affect glucose
metabolism (eg, glucocorticoids, immunosuppressants, or antipsychotics); (3) presence of acute complications (diabetic
ketoacidosis, hyperosmolar hyperglycemic state, or severe infection); (4) severe hepatic or renal dysfunction; (5)
pregnancy or lactation; and (6) poor adherence to CGM monitoring procedures or incomplete CGM data (recording
time <72 hours or missing data >20%).

Data Collection
Basic data such as age, sex, height, weight, disease duration and clinical biochemical indicators including glycosylated
hemoglobin (HbAlc), triglyceride (TG), total cholesterol (TCHO), high-density lipoprotein cholesterol (HDL-C), low-
density lipoprotein cholesterol (LDL-C), creatinine (cr), uric acid (UA), fasting C-peptide and urinary albumin/creatinine
ratio (ACR) were collected from all study participants at the time of admission.

After the patient is admitted, the CGM device will be worn with their informed consent, which is consists of
a disposable glucose testing probe and glucose recorder. After appropriate skin preparation and disinfection, the
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subcutaneous sensor was inserted into the upper lateral abdominal area by trained healthcare professionals. The sensor
continuously measured interstitial fluid glucose concentrations at 5-minute intervals, providing approximately 288
readings per day and storing the data in the blood glucose management system. The CGM blood glucose data of the
patient will be extracted and analyzed during the period of insulin intensive therapy (3 days). This stable treatment plan
can minimize the interference of the treatment plan on our research.

Indicators of glucose fluctuations include the following: (1) Coefficient of Variation (CV) is the percentage obtained
from the ratio of the standard deviation of mean glucose values (SDBG) to average of all glucose values (MBG) and is
used to evaluate glucose fluctuations. (2) Time in range (TIR) refers to the percentage of time that glucose is in the target
range, which in this study was 3.9-10.0 mmol/L."* (3) Time above range (TAR) refers to the percentage of time that
glucose is above the target range, which in this study was glucose > 10.0 mmol/L."” (4) Time below range (TBR) refers
to the percentage of time that glucose is below the target range, which in this study was glucose < 3.9 mmol/L."?

Statistical Analysis

Statistical analyses were performed using SPSS software (version 25.0) and R software version 4.1.0. Categorical
variables were expressed as counts and percentages, and between-group comparisons were conducted using the chi-
square test or Fisher’s exact test as appropriate. For continuous variables, normality was assessed using the Shapiro—Wilk
test and visual inspection of histograms. Normally distributed variables were presented as mean + standard deviation and
compared using independent samples #-tests, while non-normally distributed variables were expressed as median with
interquartile range (M [P25, P75]) and compared using the Mann—Whitney U-test.

Potential factors associated with abnormal glucose fluctuations were initially identified through univariate analysis.
Variables with statistically significant differences (P<0.05) were subsequently incorporated into multivariate logistic
regression models to determine independent predictors of abnormal glycemic variability. Odds ratios (ORs) and 95%
confidence intervals (CIs) were calculated.

To explore the relationship between significant clinical parameters and glycemic variability metrics, both linear and
non-linear correlation analyses were performed. For non-linear analyses, restricted cubic spline models were constructed
using the “rms” package in R software. Model selection was based on the Akaike information criterion (AIC), with lower
AIC values indicating better fit. Three statistical models were constructed: Model 1 (unadjusted); Model 2 (adjusted for
age, sex, and BMI); and Model 3 (adjusted for all baseline variables). For all analyses, a two-sided P<0.05 was
considered statistically significant.

Results
Participant Characteristics Stratified by CV Groups

Based on the 2021 Chinese Guidelines for Clinical Application of Blood Glucose Monitoring,'* participants were
stratified into two cohorts: high-CV group (CV > 33%, n=53) and low-CV group (CV < 33%, n=199).

For patients who were monitored using CGM, there was no statistically significant difference in age, sex, HbAlc,
TCHO, HDL-C, LDL-C, UA, cr, and ACR between the two groups (P>0.05). There was a statistically significant
difference between the two groups for BMI, duration of disease, TG, and C-peptide (P<0.05). Patients in the high-CV
group had longer disease duration and lower BMI, TG and C-peptide compared to the low-CV group. Details are
reported in Table 1.

Comparison of CGM Parameter Indices Between CV Groups

Patients with T2DM in the high-CV group had lower TIR and higher TAR and TBR compared to the low-CV group.
Patients in the low-CV group had TIR, TAR and TBR within the guideline-recommended control target values
(TIR>70%, TBR<4%, TAR<25%). Patients in the high-CV group had TIR and TBR within the guideline-
recommended control target values except for TAR (26.50 (17.00,44.02)), which suggests that abnormal glucose
fluctuations may be more due to the occurrence of hyperglycemic events. Details are reported in Table 2.
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Table | Clinical Characteristics of Patients with Type 2 Diabetes Stratified by Coefficient
of Variation (CV) Groups

Low-CV Group High-CV Group tiz P
Age (year) 48(39,58) 49(40,59) —0.194 | 0.846
Sex (Male/female) 117/82 34/19 0.500 0.479
BMI (Kg/m?) 24.80(22.77,27.34) 23.69(21.00,24.99) —3.551 | <0.001*
Disease duration (month) 12(0,60) 36(0,120) -2.510 | 0.012%
HbAIc (%) 9.70(7.70,11.90) 10.52(8.10,12.60) —1.491 0.136
TG (mmol/L) 2.07(1.35,2.96) 1.51(0.98,2.59) —2.481 | 0.013*
TCHO (mmol/l) 4.71(4.07,5.57) 4.62(3.85,5.43) —0.381 0.703
HDL-C (mmol/L) 1.03(0.86,1.21) 1.09(0.98,1.24) —-1.829 | 0.067
LDL-C (mmol/L) 3.01(2.09,3.49) 2.90(2.32,3.64) —0.477 | 0.633
UA (umol/L) 344.68(293.20,414.01) | 327.00(273.04,447.92) | —0.428 | 0.668
cr (umol/L) 63.95(54.00,82.00) 69.00(60.42,78.45) —1.112 | 0.266
ACR (mg/mmol) 5.25(1.50,21.53) 6.78(2.37,37.53) -1.307 | 0.191
C-peptide (nmol/L) 0.91(0.63,1.24) 0.60(0.35,0.92) —4.179 | <0.001*

Note: *P<0.05, difference is statistically significant.

Table 2 Comparison of CGM-Derived Metrics Between Patients with
Low and High Coefficient of Variation (CV)

Low-CV (n=199) | High-CV (n=53) | t/z P

TIR (%) | 89.88(80.18,95.92) | 70.84(55.20,79.81) | —6/972 | <0.001*
TAR (%) | 8.88(1.97,19.51) 26.50(17.00,44.02) | —6.587 | <0.001*
TBR (%) | 0.57(0.00,1.55) 1.22(0.30,2.52) ~2.606 | <0.001*

Note: *P<0.05, difference is statistically significant.

Linear Regression Analysis of CGM Parameters

Patient baseline information was adjusted as a covariate, and CV, TIR, TAR, and TBR in the CGM parameters were used
as outcome variables. Linear regression analyses were performed for the variables that were statistically significant in the
univariate analyses in Table 1. The linear regression results showed that C-peptide level was significantly negatively
correlated with CV (B=—0.02, 95% CI: —0.03~-0.01, P=0.003), and TG level was significantly negatively correlated with
TBR (B=—0.001, 95% CI: —0.99~-0.001, P=0.016), suggesting that islet B-cell dysfunction may directly lead to increased
glucose fluctuations. Results are shown in Table 3.

Table 3 Linear Regression Analysis of Factors Associated with Glucose Variability Metrics

Outcome Independent Model | Model 2 Model 3
Variable Variable
B (95% CI) P B (95% CI) P B (95% CI) P
Ccv TG —0.00 (—0.01 ~ 0.00) 0.107 —0.00 (—0.00 ~ 0.00) 0.474 —0.00 (-0.01 ~ 0.00) 0.232
C-peptide -0.02 (-0.03 ~ -0.01) | 0.003* | —0.02 (-0.03 ~ —0.01) 0.012* | —0.02 (-0.03 ~ —0.01) 0.028%*
TAR TG -0.001(-0.010~0.007) | 0.752 0.004 (—0.005 ~ 0.012) 0.377 —0.003 (-0.012 ~ 0.006) | 0.558
C-peptide —0.03 (—0.06 ~ 0.00) 0.077 —0.03 (-0.06 ~ 0.01) 0.099 —0.03 (-0.06 ~ 0.01) 0.109
TIR TG 0.002(-0.006~ 0.011) 0.589 —0.003 (-0.011 ~ 0.005) | 0.514 0.004 (-0.005 ~ 0.013) 0.369
C-peptide 0.031(-0.001~ 0.063) 0.056 0.030 (-0.003 ~ 0.063) 0.072 0.030 (-0.003 ~ 0.064) 0.077
TBR TG —0.001(—0.002~-0.000) | 0.050 —-0.001 (-0.99 ~ —0.001) | 0.030* | —0.001 (-0.99 ~ —0.001) | 0.016*
C-peptide —0.002(—0.005~0.002) 0.355 —0.002 (—0.006 ~ 0.002) | 0.336 —0.002 (—0.006 ~ 0.002) | 0.340

Note: *P<0.05, difference is statistically significant.
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Nonlinear Correlation Analysis

To further explore whether there was a nonlinear relationship between significant laboratory values and glycemic variability, we
used restricted cubic spline for nonlinear relationship exploration. The results showed that TG and CV showed a nonlinear
positive correlation, with the slope of the curve gradually increasing as TG levels increased. C-peptide showed an inverted
U-shaped relationship with CV, with the lowest CV values at intermediate C-peptide levels and elevated CV at low (B-cell failure)
or high (insulin resistance) levels. After adjusting for all baseline variables, the threshold effect of C-peptide versus CV was
significant, with CV rising sharply when C-peptide was below the threshold, suggesting that B-cell dysfunction is an important
driver of glycemic fluctuations (Figure 1).

Multivariate Logistic Regression Analysis of Factors Associated with High CV

Variables with statistically significant differences in the univariate analysis in Table 1 were included in the multivariate
logistic regression model. Ultimately, low BMI, low C-peptide, and long duration of disease were found to be
independently associated with higher odds of abnormal glucose fluctuation in diabetic patients (P<0.05). Details are

shown in Table 4.

Threshold Effects Between Glucose Fluctuations and C-Peptide

There was a threshold effect for the association between C-peptide and CV (P=0.007). Overall, the association between
C-peptide and CV was negative [B (95% CI): —0.02 (—0.03 - —0.00)]. When C-peptide was lower than 0.913 nmol/L,
C-peptide and CV were negatively associated [ (95% CI): —0.07 (—0.12 - —0.01)], and no association was observed
when C-peptide was higher than 0.913 nmol/L. Details are shown in Table 5 and Figure 2.
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Figure | Nonlinear associations between TG/C-peptide levels and coefficient of variation (CV) abnormality risk in patients with type 2 diabetes. The x-axis represents the
normalized levels of the TG/C-peptide ratio. The y-axis represents the hazard ratio (HR) for the association between TG/C-peptide ratio levels and CV abnormality risk.
The dashed line at HR = | indicates no effect of TG/C-peptide ratio levels on CV abnormality risk. An HR > | indicates that higher TG/C-peptide ratio levels are associated
with increased CV abnormality risk. An HR < | indicates that lower TG/C-peptide ratio levels are associated with reduced CV abnormality risk. The shaded areas represent
the 95% confidence intervals (Cl). (A) Univariate nonlinear analysis of TG ratio and CV abnormality risk. (B) Nonlinear analysis of TG ratio and CV abnormality risk adjusted
for covariates (BMI, disease duration). (C) Nonlinear analysis of TG ratio and CV abnormality risk adjusted for all baseline covariates. (D) Univariate nonlinear analysis of
C-peptide and CV abnormality risk. (E) Nonlinear analysis of C-peptide and CV abnormality risk adjusted for covariates (BMI, disease duration). (F) Nonlinear analysis of
C-peptide and CV abnormality risk adjusted for all baseline covariates.
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Table 4 Multivariate Logistic Regression Analysis of Factors Associated with
High Coefficient of Variation (CV) in Patients with Type 2 Diabetes

Variable B SE | Wald | OR (95% CI) P
Intercept 2995 | 1252 | 5727 19.992 0.017
BMI (Kg/m?) ~0.158 | 0.053 | 8.895 | 0.854(0.77, 0.947) | 0.003*
Disease duration (month) | 0.006 | 0.003 | 5.584 | 1.006(1.001, 1.011) | 0.018*
TG (mmoliL) ~0.057 | 0.101 | 0323 | 0.944(0.776, 1.15) | 0.570
C-peptide (nmol/L) ~0.842 | 0.356 | 5597 | 0.431(0.215, 0.866) | 0.018*

Note: *P<0.05, difference is statistically significant.

Table 5 Threshold Effect Analysis of C-Peptide and Coefficient of Variation (CV) in
Patients with Type 2 Diabetes

Outcome Effect P
Model | Fitting model by standard linear regression —0.02 (-0.03 - —0.00) | 0.027
Model 2 Fitting model by two-piecewise linear regression

Inflection point 0.91

<091 —0.07 (-0.12 - —0.01) | 0.029
2091 0.00 (—0.01-0.02) 0.746
P for likelihood test 0.007

Discussion
This study investigated factors associated with glycemic variability in patients with type 2 diabetes mellitus (T2DM)

using continuous glucose monitoring (CGM). We identified lower BMI, reduced C-peptide levels, and longer disease
duration as factors independently associated with higher odds of abnormal glycemic variability. Moreover, we detected

a threshold effect in the relationship between C-peptide and glycemic coefficient of variation (CV), with a cut-off value

0.1

0.0 ~

CvV

-0.1

0 1 2 3 4
C_peptide

Figure 2 Threshold effect of C-peptide on coefficient of variation (CV) of glucose in patients with type 2 diabetes. The figure shows the smoothed curve of the relationship
between C-peptide levels and CV of glucose, demonstrating a threshold effect at C-peptide level of 0.913 nmol/L.
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of 0.913 nmol/L, below which the association between declining C-peptide and increasing glycemic instability was
particularly pronounced.

Our study shows that the TIR in the high-CV group was 70.84%, which was significantly lower than the §9.88% in
the low-CV group (Table 2). One study found that for every 10% decrease in TIR, the risk of microvascular complica-
tions increased by 40%.'” Therefore, it is clinically important to include TIR in the glycemic management goal
(recommended >70%). Although the TIR of the high-CV group in this study was still close to the guideline-
recommended target of >70%, the significant increase in their TAR (26.50%) suggested that hyperglycemic events
were the main driver of abnormal glycemic fluctuations. This result is consistent with the study by Saisho et al'® that
acute glycemic fluctuations increase the risk of vascular injury through oxidative stress and inflammatory response
independently of HbAlc.

The results of the study indicated that disease duration, body mass index (BMI), triglycerides (TG) and C-peptide
may be important factors associated with glucose fluctuation (P<0.05). In this study, we found that patients with
abnormal glucose fluctuations usually had lower C-peptide values, longer disease duration, and lower BMI. C-peptide
levels showed a significant negative correlation with the coefficient of variation (CV) of glucose (f=—0.02, P=0.003),
suggesting that pancreatic B-cell dysfunction may directly exacerbate glucose fluctuations through insufficient insulin
secretion. This result is consistent with the study of Zhang et al,'® which pointed out that decreased C-peptide levels lead
to decreased glucose homeostatic regulation, thus increasing the risk of short-term glucose fluctuations.

C-peptide is mainly used as an indicator for detecting and observing the secretory function of pancreatic islet cells,
and C-peptide levels can be measured to evaluate one’s own pancreatic islet B-cell function.'® In T2DM patients,
prolonged hyperglycemia further exacerbates insulin resistance, leading to depletion of pancreatic B-cells and decreasing
their responsiveness to glucose. Notably, the nonlinear relationship between C-peptide and CV (inverted U-shape)
suggests that intermediate C-peptide levels (0.6—1.2 nmol/L) correspond to optimal glucose variability control, whereas
low C-peptide (B-cell depletion) may elevate glycemic variability through insufficient insulin secretion.

In addition, patients with longer disease duration have more complications and their pancreatic B-cell function
gradually declines, which may partly contribute to abnormal glucose fluctuations. The increased glycemic variability
observed in patients with longer disease duration likely involves multiple pathophysiological mechanisms. Chronic
hyperglycemia induces glucotoxicity, which further impairs B-cell function through oxidative stress, endoplasmic
reticulum stress, and inflammatory pathways.”’ Additionally, long-standing diabetes is associated with progressive
autonomic neuropathy, which compromises counter-regulatory hormone responses to glycemic excursions.?' These
combined mechanisms create a vicious cycle wherein glycemic instability further deteriorates B-cell function and blunts
homeostatic responses.*

The relationship between BMI and glucose fluctuations observed in this study showed that low BMI was associated

with higher odds of abnormal glucose fluctuations. Funakoshi et al**

found that BMI was positively correlated with -cell
function in patients with T2DM, and that the effect of BMI on B-cell secretory function was more prominent in diabetic
populations with a shorter duration of disease. Another study found>* that subjects with higher BMI had higher C-peptide
and that C-peptide was significantly negatively correlated with T2DM disease duration. However, the significant
difference in serum C-peptide between physically lean and obese subjects disappeared in subjects with a disease duration
of more than 10 years. The patients included in this study had relatively shorter disease duration, and the subjects with
higher BMI had more endogenous insulin secretion, so their glucose was relatively smoother. This may explain the lower
BMI in T2DM patients with higher CV.

It should be noted that during the hospitalization period, all patients received a multiple daily injection (MDI) insulin
regimen as part of a standardized glycemic control protocol. Therefore, the analysis of antidiabetic therapy types was not
feasible in this study, as there was no variability in treatment during the CGM monitoring period.

However, several limitations warrant consideration. First, the cross-sectional design precludes establishment of causal
relationships between identified factors and glycemic variability. Longitudinal studies are needed to elucidate temporal
relationships and determine whether interventions targeting these factors improve glycemic stability. Secondly, our study
assessed fasting C-peptide only, which may not fully capture dynamic B-cell responsiveness to glucose challenges. Future
studies incorporating measures such as glucagon stimulation testing or mixed meal tolerance tests may provide additional
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insights into the relationship between B-cell function and glycemic variability. Third, the lack of analysis of antidiabetic
medications due to standardized inpatient treatment represents a limitation that should be addressed in future studies with
more diverse treatment regimens.

In summary, our findings underscore the value of CGM in capturing glucose fluctuations that are not reflected by
conventional HbAlc or fasting glucose measurements. Patients with longer disease duration, lower BMI, and poorer
pancreatic function have higher odds of significant glucose fluctuations. Enhanced monitoring of glucose fluctuations and
education on potential risks are recommended for these subgroups to improve self-management abilities. Our findings
emphasize the importance of recognizing glycemic variability as a distinct aspect of diabetes management and
implementing targeted interventions based on individual risk profiles.
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