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Abstract 
Background: Type 2 Diabetes Mellitus (T2DM) is increasingly understood as a chronic inflammatory state. 
While Hemoglobin A1c (HbA1c) remains the gold standard for assessing glycemic control, it fails to capture 
intraday glycemic variability (GV). Emerging evidence suggests that acute glucose fluctuations may trigger 
oxidative stress more potently than chronic sustained hyperglycemia, potentially driving the release of pro-
inflammatory cytokines. 
Methods: A cross-sectional study was conducted involving 150 patients with T2DM. Participants underwent 7-
day CGM to determine Mean Amplitude of Glycemic Excursions (MAGE), Standard Deviation of blood 
glucose (SD), and Coefficient of Variation (%CV). Fasting venous blood samples were analyzed for Interleukin-
6 (IL-6), Tumor Necrosis Factor-alpha (TNF-α), and hs-CRP using ELISA. Patients were stratified into Low 
GV (MAGE < 3.9 mmol/L) and High GV (MAGE ≥ 3.9 mmol/L) groups. 
Results: The High GV group exhibited significantly elevated levels of IL-6 (5.42 ± 1.3 vs. 2.9 ±
0.8 pg/mL, p < 0.001), TNF-α (18.5 ± 4.2 vs. 11.2 ± 3.1 pg/mL, p < 0.001), and hs-CRP (3.8 ±
1.5 vs. 1.9 ± 0.9 mg/L, p = 0.002) compared to the Low GV group, despite similar HbA1c levels (7.4%±
0.6 vs. 7.3%± 0.5, p = 0.45). Pearson correlation analysis revealed a strong positive correlation between 
MAGE and IL-6 (r = 0.58, p < 0.001) and TNF-α (r = 0.51, p < 0.001). 
Conclusion: Glycemic variability is strongly associated with systemic inflammation in T2DM, independent of 
chronic hyperglycemia. These findings suggest that stabilizing glucose fluctuations is crucial for mitigating 
inflammatory risk factors associated with diabetic complications. 
Keywords: Type 2 Diabetes Mellitus, Glycemic Variability, MAGE, Cytokines, Inflammation, and Oxidative 
Stress. 
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Introduction 

Type 2 Diabetes Mellitus (T2DM) has evolved into 
a global epidemic, imposing a significant burden on 
public health systems and reducing the quality of 
life for millions worldwide [1]. Traditionally, the 
management of T2DM has focused on lowering 
Hemoglobin A1c (HbA1c) to mitigate the risk of 
microvascular and macrovascular complications. 
However, HbA1c represents an average of glucose 
levels over approximately three months and does 
not reflect acute glucose excursions or 
hypoglycemic events [2]. Consequently, patients 
with identical HbA1c levels can exhibit vastly 
different glucose profiles, leading to the 
recognition of Glycemic Variability (GV) as a 
critical, independent risk factor in diabetes 
pathology [3]. 

Recent pathophysiological models suggest that 
oscillating glucose levels may be more deleterious 
to endothelial function than stable chronic 

hyperglycemia. The "oxidative stress theory" 
proposes that rapid fluctuations in blood glucose 
trigger an overproduction of mitochondrial 
superoxide anions, leading to the activation of 
downstream pathways such as NF-$\kappa$B, 
which in turn upregulates the expression of pro-
inflammatory cytokines [4]. This creates a vicious 
cycle where inflammation exacerbates insulin 
resistance, further destabilizing glycemic 
control [5]. 

Chronic low-grade inflammation is a hallmark of 
T2DM. Elevated levels of markers such as high-
sensitivity C-reactive protein (hs-CRP), 
Interleukin-6 (IL-6), and Tumor Necrosis Factor-
alpha (TNF-α) have been linked to the 
development of cardiovascular diseases and 
diabetic nephropathy [6]. While the relationship 
between chronic hyperglycemia (HbA1c) and 
inflammation is well-documented, the specific 
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impact of intraday glycemic fluctuations on the 
inflammatory cytokine profile remains less clearly 
defined [7]. Some studies have indicated a 
correlation between postprandial spikes and 
oxidative stress, yet data correlating comprehensive 
CGM-derived metrics like the Mean Amplitude of 
Glycemic Excursions (MAGE) with specific 
cytokine panels remain inconsistent or limited in 
sample size [8]. 

Furthermore, distinguishing the effects of 
variability from sustained hyperglycemia is 
methodologically challenging. Most previous 
research has relied on Self-Monitoring of Blood 
Glucose (SMBG), which lacks the resolution to 
capture the full extent of glycemic excursions [9]. 
The advent of Continuous Glucose Monitoring 
(CGM) technology allows for a granular analysis of 
GV, providing an opportunity to isolate the specific 
contribution of glucose instability to the 
inflammatory state [10]. 

Therefore, this study aims to investigate the 
association between CGM-derived indices of 
glycemic variability and the profile of key 
inflammatory cytokines (IL-6, TNF-α, and hs-
CRP) in patients with T2DM. We hypothesize that 
higher glycemic variability will correlate with 
increased systemic inflammation, independent of 
HbA1c levels. 

Materials and Methods 

Study Design and Participants: This 
observational, cross-sectional study was conducted 
at the Department of Endocrinology at a tertiary 
care university hospital.  

A total of 150 patients diagnosed with Type 2 
Diabetes Mellitus were enrolled. Inclusion criteria 
were: (1) diagnosis of T2DM for at least 1 year; (2) 
age between 30 and 75 years; (3) stable treatment 
regimen (oral anti-diabetic drugs or basal insulin) 
for at least 3 months prior to enrollment; and (4) 
HbA1c levels between 6.5% and 9.0%. 

Exclusion criteria included: (1) Type 1 diabetes; (2) 
history of acute diabetic complications (DKA or 
HHS) in the past 6 months; (3) active infection, 
malignancy, or chronic inflammatory diseases (e.g., 
rheumatoid arthritis); (4) use of anti-inflammatory 
drugs (NSAIDs, corticosteroids) or 
immunomodulators within 4 weeks of the study; 
(5) severe renal impairment (eGFR < 30 
mL/min/1.73m²); and (6) pregnancy. 

Anthropometric and Biochemical 
Measurements: Upon enrollment, detailed medical 
history and anthropometric measurements (height, 
weight, BMI, blood pressure) were recorded. 
Venous blood samples were collected after an 
overnight fast (minimum 8 hours). Biochemical 
analysis included fasting plasma glucose (FPG), 

HbA1c (measured via HPLC), lipid profile, and 
creatinine. 

Inflammatory Marker Analysis: Serum was 
separated by centrifugation at 3000 rpm for 15 
minutes and stored at -80°C until analysis. 
Inflammatory markers were quantified using 
enzyme-linked immunosorbent assay (ELISA) kits 
according to manufacturer instructions. 

• Interleukin-6 (IL-6): Measured using high-
sensitivity ELISA (sensitivity 0.1 pg/mL). 

• Tumor Necrosis Factor-alpha (TNF-
α): Measured via ELISA (sensitivity 0.5 
pg/mL). 

• High-sensitivity C - reactive protein (hs-
CRP): Measured using immunoturbidimetric 
assay. 

Assessment of Glycemic Variability 

All participants underwent continuous glucose 
monitoring using a professional CGM system 
(FreeStyle Libre Pro, Abbott Diabetes Care) for 7 
consecutive days. The sensor was applied to the 
back of the upper arm. Patients were instructed to 
maintain their standard diet and physical activity 
routines. Data were downloaded after 7 days. The 
first 24 hours of data were discarded to avoid 
calibration bias. 

The following GV indices were calculated: 

1. MAGE (Mean Amplitude of Glycemic 
Excursions): The arithmetic mean of glucose 
excursions that exceed one standard deviation 
of the mean glucose value. 

2. SD (Standard Deviation): A measure of 
dispersion around the mean glucose. 

3. CV (Coefficient of Variation): Calculated as 
(SD / Mean Glucose) × 100%. 

4. TIR (Time in Range): Percentage of time 
glucose was between 3.9–10.0 mmol/L. 

Statistical Analysis: Data were analyzed using 
SPSS version 26.0 (IBM Corp, Armonk, NY). 
Continuous variables were checked for normality 
using the Shapiro-Wilk test. Normally distributed 
data are presented as Mean ± Standard Deviation 
(SD), while non-normally distributed data are 
presented as Median (Interquartile Range). 
Categorical variables are expressed as frequencies 
and percentages. Participants were divided into two 
groups based on the median MAGE value of the 
cohort: Low GV (MAGE < Median) and High GV 
(MAGE ≥ Median). Differences between groups 
were assessed using the independent Student’s t-
test or Mann-Whitney U test. Correlations between 
GV indices and inflammatory markers were 
analyzed using Pearson’s or Spearman’s correlation 
coefficients. Multiple linear regression analysis was 
performed to adjust for potential confounders (Age, 
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BMI, HbA1c). A p-value of < 0.05 was considered 
statistically significant. 

Results 

Baseline Characteristics: The study population 
comprised 150 participants (82 males, 68 females) 
with a mean age of 58.4 ± 9.2 years and a mean 
BMI of 28.6 ± 4.1 kg/m². The mean HbA1c for the 
total cohort was7.5%± 0.9. The median MAGE 
value calculated for the entire cohort was 3.9 

mmol/L, which served as the cut-off for group 
stratification. Table 1 summarizes the baseline 
clinical and metabolic characteristics of the Low 
GV and High GV groups. Notably, there were no 
statistically significant differences between the two 
groups regarding Age, BMI, Duration of Diabetes, 
or HbA1c (p = 0.45), indicating that the groups 
were well-matched for chronic glycemic control 
and demographic factors. However, fasting plasma 
glucose was slightly higher in the High GV group. 

Table 1: Baseline Clinical and Metabolic Characteristics of Study Participants 
Parameter Low GV (MAGE < 3.9) (n=75) High GV (MAGE ≥ 3.9) (n=75) P-value 
Age (years) 57.8 ± 8.5 59.1 ± 9.8 0.38 
Sex (M/F) 40/35 42/33 0.74 
BMI (kg/m²) 28.2 ± 3.9 29.0 ± 4.3 0.24 
Diabetes Duration (years) 7.2 ± 4.1 8.1 ± 5.2 0.21 
HbA1c (%) 7.3 ± 0.5 7.4 ± 0.6 0.45 
Fasting Glucose (mmol/L) 7.1 ± 1.2 8.4 ± 1.9 0.03 
Triglycerides (mmol/L) 1.7 ± 0.6 1.9 ± 0.8 0.18 

Values are Mean ± SD. 
 
Glycemic Variability and Inflammatory Profile: 
As expected by the study design, CGM metrics 
differed significantly between the groups (Table 2). 
The High GV group demonstrated significantly 
elevated levels of all measured inflammatory 
markers compared to the Low GV group. 
Specifically, IL-6 levels were nearly double in the 

High GV group (5.42 ± 1.3 vs. 2.90 ±
0.8 pg/mL; p < 0.001).  

TNF-α and hs-CRP also showed statistically 
significant elevations in patients with higher 
glycemic excursions. 

 
Table 2: Comparison of CGM Metrics and Inflammatory Markers 

Parameter Low GV (n=75) High GV (n=75) P-value 
CGM Metrics 

   

MAGE (mmol/L) 2.8 ± 0.6 5.7 ± 1.4 <0.001 
SD of Glucose (mmol/L) 1.4 ± 0.4 2.9 ± 0.8 <0.001 
CV (%) 22.4 ± 4.1 36.8 ± 6.2 <0.001 
TIR (3.9-10 mmol/L) % 78.5 ± 10.2 58.2 ± 14.5 <0.001 
Inflammatory Markers 

   

IL-6 (pg/mL) 2.90 ± 0.8 5.42 ± 1.3 <0.001 
TNF-α (pg/mL) 11.2 ± 3.1 18.5 ± 4.2 <0.001 
hs-CRP (mg/L) 1.9 ± 0.9 3.8 ± 1.5 0.002 

Values are Mean ± SD. MAGE: Mean Amplitude of Glycemic Excursions; TIR: Time in Range. 
 
Correlation Analysis: To further explore the relationship between specific aspects of glycemic variability and 
inflammation, Pearson correlation coefficients were calculated (Table 3). MAGE showed the strongest positive 
correlation with IL-6 (r = 0.58) and TNF-α (r = 0.51). HbA1c showed a weak, non-significant correlation with 
IL-6 (r = 0.12, p = 0.18) in this cohort, suggesting that variability, rather than average glucose, was the 
primary driver of cytokine elevation in this specific sample range. 
 
Table 3: Pearson Correlation Coefficients (r) between Glycemic Parameters and Inflammatory Markers 

Variable IL-6 TNF-α hs-CRP 
MAGE 0.58* 0.51* 0.42* 
SD Glucose 0.54* 0.48* 0.39* 
CV (%) 0.49* 0.45* 0.35* 
TIR -0.41* -0.38* -0.30* 
HbA1c 0.12 0.15 0.19 

* Correlation is significant at the 0.001 level (2-tailed). 
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A multiple linear regression analysis (data not 
shown in table) identifying predictors for IL-6 
levels confirmed that MAGE (β = 0.44, p <
0.001) remained a significant predictor even after 
adjusting for BMI and Age. 

Discussion 

The present study provides compelling evidence 
linking glycemic variability (GV) to systemic 
inflammation in patients with T2DM. Our principal 
finding is that patients with high GV, assessed by 
MAGE, exhibit significantly elevated levels of IL-
6, TNF-α, and hs-CRP compared to those with 
stable glucose profiles, even when HbA1c levels 
are comparable. This supports the hypothesis that 
acute glucose fluctuations exert a detrimental effect 
on the inflammatory status of diabetic patients, 
potentially distinct from the effects of chronic 
sustained hyperglycemia. 

These results align with the foundational work of 
Monnier et al., who demonstrated that acute 
glucose fluctuations trigger oxidative stress more 
potently than chronic hyperglycemia [11]. 
Oxidative stress is the likely mechanistic link 
explaining our findings. Rapid changes in glucose 
levels lead to the overproduction of reactive 
oxygen species (ROS) in the mitochondria. This 
ROS overproduction activates the nuclear factor-
kappa B (NF-\kappa$B) pathway, a central 
regulator of innate immunity, resulting in the 
transcriptional upregulation of pro-inflammatory 
cytokines such as IL-6 and TNF-\alpha$ [12, 13]. 

Our data indicate a particularly strong correlation 
between MAGE and IL-6 (r = 0.58). IL-6 is a 
pleiotropic cytokine that not only mediates 
inflammation but also interferes with insulin 
signaling pathways, thereby increasing insulin 
resistance [14]. This creates a feed-forward loop: 
GV increases IL-6, which worsens insulin 
resistance, leading to further glycemic instability. 
The lack of significant correlation between HbA1c 
and these inflammatory markers in our cohort 
reinforces the limitations of HbA1c as a sole 
marker of diabetic risk. As noted by Ceriello et al., 
HbA1c is an integral of glucose concentration but 
is "blind" to the frequency and magnitude of 
excursions [15]. Our study suggests that for two 
patients with an HbA1c of 7.5%, the one with high 
MAGE bears a significantly higher inflammatory 
burden. The elevation of TNF-α in the high GV 
group is also clinically significant. TNF-α is known 
to impair endothelial function by reducing nitric 
oxide bioavailability, a key step in the development 
of atherosclerosis [16]. Recent studies using optical 
coherence tomography have shown that GV is 
associated with vulnerable coronary plaque 
features, likely mediated through this inflammatory 
pathway [17, 18]. Furthermore, hs-CRP, a 
downstream marker of inflammation synthesized in 

the liver in response to IL-6, was also elevated. 
Elevated hs-CRP is a validated predictor of future 
cardiovascular events in T2DM [19]. By linking 
MAGE to hs-CRP, our study suggests that reducing 
GV could be a therapeutic target for cardiovascular 
risk reduction. It is worth noting that recent 
guidelines are shifting toward "Time in Range" 
(TIR) as a complementary metric to HbA1c [20]. 
Our study found a negative correlation between 
TIR and inflammatory markers, confirming that 
keeping glucose within a physiological range 
reduces inflammatory stress. However, MAGE 
appeared to have a slightly stronger statistical 
correlation with cytokines than TIR in our analysis, 
likely because MAGE specifically captures 
the amplitude of excursions, which may be the 
primary driver of oxidative stress [21]. 

Limitations 

This study has several limitations. First, the cross-
sectional design precludes causal inference; we 
cannot definitively prove that GV causes 
inflammation, though the biological plausibility is 
strong. Reverse causality is possible, where 
inflammation worsens glycemic control. Second, 
the sample size (N=150) is relatively small, though 
sufficient for statistical power in primary outcomes. 
Third, we did not control for all potential dietary 
factors or minor lifestyle variations during the 7-
day CGM period, which could influence both 
glucose and inflammation [22]. Finally, the study 
focused on T2DM patients with moderate control; 
results may differ in newly diagnosed patients or 
those with advanced complications [23]. 

Conclusion 

In conclusion, this study demonstrates a significant 
positive association between glycemic variability 
and pro-inflammatory cytokines (IL-6, TNF-α) and 
hs-CRP in patients with Type 2 Diabetes Mellitus. 
Importantly, this association exists independently 
of HbA1c levels. The findings suggest that 
"glucose quality"—characterized by stability and 
minimal excursions—is as important as the 
"glucose quantity" represented by HbA1c. 
Clinicians should consider targeting glycemic 
variability through the use of CGM and therapies 
that minimize fluctuations (e.g., DPP-4 inhibitors, 
GLP-1 receptor agonists) to potentially reduce the 
inflammatory burden and subsequent vascular 
complications in T2DM. Future longitudinal 
intervention studies are warranted to determine if 
reducing MAGE directly results in lower 
cardiovascular morbidity. 
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