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Abstract
Gestational diabetes mellitus (GDM) is a transient pregnancy disorder marked by insulin resistance and oxidative stress. In type 1 and 2 diabetes, 
reduced red blood cell (RBC) membrane fluidity, measured by Laurdan-GP, associates with vascular risk, but its role in GDM is unclear. This study 
compared GP with intrinsic RBC autofluorescence (green-to-red ratio, AFG,R ) to identify a better marker of metabolic stress in GDM. Forty-eight 
pregnant women were enrolled (31 GDM, 17 controls). High-resolution multispectral confocal imaging quantified RBC GP and AFG,R . A machine- 
learning pipeline analyzed core, membrane, and whole-cell metrics, alongside clinical and biochemical data. Logistic regression assessed 
associations with GDM. GP did not differ between groups (0.60 ± 0.04 versus 0.61 ± 0.04; p = 0.168), unlike the reductions reported in 
chronic diabetes. Conversely, AFG,R values were higher in GDM across compartments (core: −0.073 ± 0.202 versus −0.154 ± 0.060; 
membrane: 0.013 ± 0.198 versus −0.066 ± 0.075; p = 0.049). In multivariable analysis, AFG,R Core independently predicted GDM status 
(p = 0.018), outperforming clinical and hematological markers. In GDM, membrane fluidity remains unchanged, but RBC autofluorescence 
reflects acute oxidative stress, supporting its use as a non-invasive, repeatable complement to OGTT for early risk assessment and monitoring.
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Graphical Abstract

Abbreviations: AF, autofluorescence; ALT, alanine aminotransferase; AST, aspartate aminotransferase; BMI, body mass index; CTRL, control; DMSO, dimethyl 
sulfoxide; FAD, Flavin adenine dinucleotide; FDR, false discovery rate; FLIM, fluorescence lifetime imaging microscopy; GaAsP, gallium arsenide phosphide; 
GDM, gestational diabetes mellitus; GP, generalized polarization; Hb, hemoglobin; HDL/LDL, high-/low-density lipoprotein ratio; IR, insulin resistance; NADH/ 
NAD(P)H, nicotinamide adenine dinucleotide (reduced)/nicotinamide adenine dinucleotide (phosphate); OGTT, oral glucose tolerance Test; OR, odds ratio; 
RBC(s), red blood cell(s); T1DM/T2DM, type 1/type 2 diabetes mellitus; WBC, white blood cell count. 

Introduction
Gestational diabetes mellitus (GDM) is a metabolic disorder 
characterized by glucose intolerance with onset or first recog
nition during pregnancy (American Diabetes Association 
Professional Practice Committee, 2024). It affects approxi
mately 7–14% of pregnancies worldwide and is associated 
with both short- and long-term complications for the mother 
and offspring, including increased risk of type 2 diabetes, pre
eclampsia, macrosomia, and metabolic syndrome (Chiefari 
et al., 2017; McIntyre et al., 2019). GDM is marked by insulin 
resistance, systemic inflammation, and oxidative stress, all of 
which can impact cellular and subcellular homeostasis, includ
ing red blood cell (RBC) physiology (Saucedo et al., 2023). 
Membrane fluidity is a fundamental biophysical property of 
biological membranes, playing a pivotal role in a wide range 
of cellular functions, including molecular transport, signal 
transduction, and mechanical adaptability. In RBCs, mem
brane fluidity is especially critical for preserving cell deform
ability and ensuring effective microcirculatory flow (Pitocco 
et al., 2025). This property is modulated by several inter
dependent factors, such as lipid composition, temperature, 
protein–lipid interactions, and post-translational modifica
tions, including glycation and oxidation (Maulucci et al., 
2017; Pitocco et al., 2025). These mechanisms are particularly 
relevant in pathological conditions like DM, where systemic 

metabolic alterations, including oxidative stress and lipid imbal
ance, deeply impact the structural and functional integrity of 
the RBC membrane (Lyons & Basu, 2012; Rajab et al., 2018; 
Li et al., 2023). In patients with diabetes, RBC membrane fluidity 
is often increased due to enhanced glycation, oxidative damage, 
and altered lipid distribution (Bianchetti et al., 2024; Pitocco 
et al., 2025 ). These biophysical changes have been associated 
with impaired erythrocyte function and the development of 
both microvascular and macrovascular complications, such as 
diabetic retinopathy and peripheral artery disease (Bianchetti 
et al., 2021, 2022; Ebenuwa et al., 2024). A well-established 
method to assess membrane fluidity is Laurdan-based general
ized polarization (GP) imaging, which is highly sensitive to lipid 
packing and membrane hydration states (Maulucci et al., 2017; 
Bianchetti et al., 2019). Laurdan fluorescence has been success
fully employed to detect submicrometric changes in membrane 
phase behavior in RBCs from diabetic patients (Bianchetti 
et al., 2024). Cross-sectional evidence from type 1 and type 2 
diabetes indicates that long-standing metabolic stress can 
lead to stable lipid remodeling of the RBC membrane, detectable 
as reduced fluidity and associated with vascular complications 
(Bianchetti et al., 2021, 2024; Ebenuwa et al., 2024). 
However, GDM differs from chronic diabetes in both duration 
and pathophysiology: being a transient condition, it may not pro
vide sufficient time for persistent lipid-phase alterations to 
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emerge. In this scenario, it is reasonable to investigate whether 
GDM, although distinct in pathophysiology and timescale 
from T1DM and T2DM, also induces detectable changes in 
RBC membrane fluidity. At the same time, current screening 
for GDM relies exclusively on glucose handling (e.g., OGTT), 
and may overlook early oxidative or metabolic stress. 
Therefore, more dynamic indicators may be required: in particu
lar, RBC intrinsic autofluorescence (AF) is highly sensitive to 
acute redox imbalance, potentially capturing metabolic stress 
in GDM that fluidity fails to detect. AF originates from endogen
ous fluorophores such as flavins (e.g., FAD), NAD(P)H, and por
phyrins (Fauaz et al., 2010; Croce & Bottiroli, 2014; Shrirao 
et al., 2021). In particular, the green-to-red autofluorescence ra
tio (AFG,R) integrates changes in flavin and porphyrin signals, 
positioning it as a sensitive indicator of oxidative stress and meta
bolic remodeling. AF originates from intrinsic fluorophores such 
as flavins (e.g., flavin adenine dinucleotide, FAD), nicotinamide 
adenine dinucleotide (NADH), porphyrins (e.g., protoporphyrin 
IX), and lipofuscin-like compounds (Fauaz et al., 2010; Croce & 
Bottiroli, 2014; Shrirao et al., 2021). These molecules are in
volved in key metabolic and oxidative processes, making AF a 
sensitive, label-free indicator of cellular function and stress. 
Therefore, in this study, two approaches in parallel have been 
tested: Laurdan-based GP to probe RBC membrane fluidity, 
and AFG,R to assess metabolic alterations. This dual strategy 
was designed to capture potential biophysical and metabolic sig
natures of GDM, and to evaluate their relative discriminative val
ue compared with standard clinical parameters.

Materials and Methods
Prospective single-center observational study (Rome, 
September 2020–June 2024) comparing GDM and controls 
on RBC Laurdan-GP and autofluorescence; reporting adheres 
to STROBE (checklist in Supplementary Information).

Study Participants and Data Preprocessing
A total of 48 women with singleton pregnancy, including 17 
healthy controls and 31 women with gestational diabetes mel
litus (GDM), were enrolled at the Diabetes Care Unit of 
Fondazione Policlinico Universitario “A. Gemelli” IRCCS 
(Rome, Italy) between September 2020 and June 2024. In 
this prospective observational study, the cohort had a mean 
age of 33.7 years (±4.1), with an average pre-pregnancy weight 
of 64.7 kg (±14.9) and a BMI of 23.9 kg/m2 (±5.5). The mean 
gestational weight gain was 7.8 kg (±4.3). Participants reported 
an average of 2.2 pregnancies (±1.1), with a mean parity of 
0.67 (±0.79), indicating that many were in their first ongoing 
pregnancy. Most individuals were of Caucasian ethnicity 
(89.4%), followed by Hispanic (6.4%) and Asian (4.3%) back
grounds. Also, 10.6% were smokers during pregnancy (regard
less of the trimester), while 89.4% were either non-smokers or 
had quit before pregnancy onset. GDM was diagnosed with the 
standard screening at 24–28 weeks of gestation with a 75 gr glu
cose tolerance test. Participants were eligible if they had a 
singleton pregnancy, were older than 18 years, were able to pro
vide written informed consent, and, in the case of the GDM 
group, received a diagnosis at 24–28 weeks of pregnancy. 
Exclusion criteria included multiple pregnancy, maternal age 
under 18 years, pre-existing type 1 or type 2 diabetes mellitus, 
autoimmune or hematological diseases, and inability to sign or 
comprehend informed consent.

The dataset analyzed in this study was derived from a 
broader clinical and laboratory database initially. Prior to 
statistical analysis, a comprehensive data cleaning and vari
able selection process was performed. Variables were ex
cluded based on predefined criteria, including redundancy 
(e.g., overlapping or highly correlated measures), lack of vari
ability, or insufficient data availability. Following this filtering 
step, 28 descriptive features were retained, encompassing RBC 
autofluorescence parameters and GP as well as selected an
thropometric, clinical, biochemical, and obstetric variables. 
Where data were missing, analyses relied on the available ob
servations; variables affected are indicated.

The retained variables were grouped into four categories: 

• Anthropometric, demographic, and lifestyle characteris
tics: maternal age, pre-pregnancy weight, BMI, and gesta
tional weight gain; obstetric history (gravidity and 
parity); ethnicity (Asian, Caucasian, Hispanic); and 
smoking status (non-smokers/former smokers versus cur
rent smokers).

• Pregnancy-related parameters and neonatal outcomes: 
gestational age at testing and delivery; delivery mode 
(spontaneous vaginal, operative vaginal, cesarean sec
tion); neonatal sex; and Apgar score at 1 min postpartum.

• Clinical and biochemical parameters: fasting glucose, 60- 
and 120-min OGTT glucose values, serum triglycerides, 
HDL/LDL ratio, uric acid, creatinine, liver enzymes 
(ALT, AST), hematological parameters (WBC, Hb, 
MCV), and mean arterial pressure.

• Autofluorescence parameters and GP values: RBC auto
fluorescence quantified as AFG,R in the cell core, mem
brane, and whole-cell areas. In addition, membrane 
fluidity was assessed through Laurdan-based GP, provid
ing a measure of lipid packing and order. Both procedures 
are described in Section “Image Analysis”.

This research was approved by the ethics committee, and 
all clinical investigations were conducted in accordance 
with the principles of the Declaration of Helsinki. Written in
formed consent was obtained from all participants prior to 
enrollment.

Sample Preparation and Fluidity Measurement of 
RBCs’ Membrane
Blood samples, collected in heparinized tubes, were suspended 
in physiological saline solution (0.9% NaCl) at a 1:1,000 dilu
tion, seeded in multi-well plates (ibidi, GmbH), and immedi
ately processed for imaging. For membrane fluidity analysis, 
erythrocytes were additionally labeled with Laurdan (1 μM), 
as previously reported. All measurements were performed us
ing a Nikon A1-MP inverted confocal microscope equipped 
with a 60× oil-immersion objective (NA = 1.4) and an on- 
stage incubator (37° C, 5% CO2, OKOLAB). For autofluores
cence, emission was simultaneously collected in three spectral 
channels (450/50 nm, 525/50 nm, 595/50 nm). For membrane 
fluidity, Laurdan was excited at 402 nm and emission was re
corded at 450/50 nm and 525/50 nm to calculate GP values. 
Images were acquired with a GaAsP detector at 16-bit depth, 
0.25 ms dwell time, and line averaging (×2). Optical magnifi
cation was set at 2.89×, with a resolution of 1,024 × 1,024 
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pixels. For each sample, at least three images were collected 
(∼150 erythrocytes).

Image Analysis
To perform a quantitative analysis of RBC AF ratio, a multi- 
step image processing pipeline was developed. Initially, raw 
image stacks were subjected to low-pass filtering to suppress 
high-frequency noise and enhance signal homogeneity across 
the field of view. Subsequently, the filtered images were split 
into three separate spectral channels, corresponding to emis
sion wavelengths of 450/50 nm (blue), 525/50 nm (green), 
and 595/50 nm (red), to isolate distinct AF components asso
ciated with different fluorophores. To differentiate RBCs from 
the background, a supervised pixel classification approach 
was employed using the WEKA Trainable Segmentation 
plugin integrated in FIJI/ImageJ. This step generated binary 
masks identifying RBC regions, which were then applied to 
the channel-separated images to exclude non-cellular areas. 
For finer structural delineation, particularly to distinguish 
the core space from the cell membrane, an additional classi
fication step was carried out using Ilastik, an interactive ma
chine learning-based image analysis platform. This allowed 
for the generation of a three-class probability mask segment
ing each image into background, core, and membrane re
gions. Morphological refinement was applied to improve 
membrane continuity and accuracy. These masks were 
subsequently overlaid onto the original fluorescence 
images to extract pixel-wise intensity values for the green 
and red channels within each defined region of interest. 

An AFG,R ratio index was then computed on a per-pixel ba
sis using the formula:

AFG,R =
IG − IR

IG + IR
(1) 

Where IG and IR represent the intensity values from the green 
and red channels, respectively. Separate GR ratio maps were 
generated for both the core and membrane compartments of 
each RBC, enabling spatially resolved analysis of AF patterns 
and supporting quantitative comparisons across samples.

For the analysis of membrane fluidity, Laurdan-based gen
eralized polarization (GP) imaging was performed. Blue (IB, 
450/50 nm) and green (IG, 525/50 nm) channels were ex
tracted, and a binary mask of the membrane region was gen
erated in Ilastik to exclude background and non-relevant 
elements. GP values were then calculated pixel-wise as:

GP =
IB − G × IG

IB + G × IG
(2) 

where IB and IG correspond to the blue and green Laurdan 
emission intensities, and G is a calibration factor obtained 
from Laurdan solutions in DMSO (variation <2% across 
the imaging area). The detailed segmentation pipeline is illus
trated in Figure 1.

Statistical Analyses
All statistical analyses were performed using Python (version 
≥3.8), leveraging standard libraries for data manipulation 

Fig. 1. Analytical workflow for label-free RBC imaging. (a) Processing pipeline for autofluorescence imaging: raw multispectral stacks were preprocessed 
and separated into three spectral channels (450/50 nm, 525/50 nm, and 595/50 nm), followed by machine-learning-based segmentation (WEKA, Ilastik) to 
identify background, membrane, and core compartments. Ratios between 525/50 nm and 595/50 nm channels were computed per pixel to obtain 
compartment-specific autofluorescence maps. (b) The Laurdan-based GP workflow: Laurdan-labeled cells were excited at 402 nm and emission collected 
at 450/50 nm and 525/50 nm; GP values were calculated at the membrane level using a calibration factor. Final outputs are pseudocolored maps ranging 
from −1 to +1.
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and modeling. A comprehensive comparison was conducted 
between the control (CTRL) and gestational diabetes mellitus 
(GDM) groups. Continuous variables were analyzed using ei
ther the independent samples t-test (“ttest_ind” from “scipy.
stats”) or the Mann–Whitney U test (“mannwhitneyu” from 
“scipy.stats”), depending on the distribution of the data as as
sessed by the Shapiro–Wilk test (“shapiro” from “scipy.stats”). 
Categorical variables were assessed using the chi-square (χ²) test 
(“chi2_contingency” from “scipy.stats”). Statistical signifi
cance was set at p < 0.05. To account for multiple comparisons 
and control the false discovery rate, p-values were adjusted us
ing the Benjamini–Hochberg (FDR) correction method via the 
“multipletests” function from “statsmodels.stats.multitest”. 
To further investigate the association between predictors and 
group membership (GDM versus CTRL), a binary logistic re
gression analysis was performed using the “Logit” function 
from statsmodels. Continuous predictors were standardized us
ing StandardScaler from sklearn.preprocessing to ensure equal 
contribution to model estimation. As a first step, pairwise cor
relations among predictors were examined using the “.corr()” 
method from “pandas” to identify and remove highly corre
lated variables. Subsequently, multicollinearity was assessed 
by calculating the Variance Inflation Factor (VIF) with the “var
iance_inflation_factor” function from “statsmodels.stats.out
liers_influence”, applying a conservative exclusion threshold 
of VIF ≥ 5. Due to the sample size (n = 48), and in order to 
avoid overfitting, it was necessary to limit the number of predic
tors included in the multivariable model. Although all variables 
showed acceptable multicollinearity levels (VIF < 5) and no 
strong pairwise correlations, a preliminary variable selection 
was performed. To this end, univariate logistic regression ana
lyses were conducted for each predictor using “Logit” from 
“statsmodels”, to explore their individual association with 
group membership. To guide variable selection, predictors 
with a p-value < 0.5 in the univariate models were retained 
for multivariable analysis. This threshold was chosen to allow 
for the inclusion of potentially relevant predictors in an ex
ploratory framework, while accounting for the limited sample 
size and minimizing the risk of overfitting. Based on this ap
proach, the final model included BMI, age, MCV, and AFG,R 

Core.

Results
Characteristics of the Study Population
As shown in Table 1, several anthropometric and metabolic 
parameters differed between CTRL and GDM groups. 
Women with GDM had higher pre-pregnancy BMI and weight 
compared to controls (25.45 versus 21.34 kg/m2 and 68.6 ver
sus 58.2 kg, respectively; FDR-adjusted p = 0.063 for both, 
borderline significance). Glucose concentrations during the 
oral glucose tolerance test were markedly elevated in the 
GDM group, particularly at 60 and 120 min (p = 0.003 for 
both), while fasting glucose showed only a borderline increase 
(p = 0.055). Gestational age at delivery was slightly shorter in 
GDM pregnancies (38.5 versus 39.5 weeks, p = 0.051). 
Trends toward higher triglycerides and uric acid were ob
served in the GDM group, although these differences did 
not reach conventional significance thresholds (p = 0.082 
and p = 0.010, respectively). In contrast, no meaningful differ
ences were found in hematological indices (Hb, WBC, MCV), 
liver enzymes (AST, ALT), or mean arterial pressure. Neonatal 
outcomes, including sex distribution and Apgar score, were 

comparable between groups. Also, RBC membrane fluidity, 
measured by GP, did not differ significantly between groups 
(mean GP 0.61 versus 0.60; p = 0.168). Neonatal outcomes, 
including sex distribution and Apgar score, were comparable 
between groups. These findings confirm the expected metabol
ic impairment in GDM, characterized by increased adiposity 
and impaired glucose handling, while highlighting that con
ventional hematological parameters remain largely unaffect
ed. This underscores the potential added value of RBC 
autofluorescence as a sensitive biomarker of biophysical alter
ations beyond standard clinical measures.

RBC Membrane Fluidity Mapping
To investigate whether gestational diabetes mellitus affects 
RBC membrane fluidity, Laurdan-based GP imaging was per
formed. Representative GP maps are shown in Figure 2, panels 
A–B, with corresponding quantitative analysis in panel C. In 
contrast to previous findings in type 1 and type 2 diabetes— 
where significant alterations in GP values have been docu
mented (Bianchetti et al., 2021, 2024) RBCs from GDM 
patients did not exhibit measurable differences in membrane 
fluidity compared with controls. Quantitative analysis of GP 
values at the membrane level confirmed this observation: the 
mean GP was comparable between CTRL and GDM groups 
(CTRL: 0.61 ± 0.04; GDM: 0.60 ± 0.04; p = 0.168), with 
overlapping distributions across all samples (Fig. 2, panel 
C). No significant changes were observed either in this com
partmentalized analysis. These results indicate that, on the 
timescale and metabolic context of gestational diabetes, 
RBC membrane fluidity remains unaltered. This contrasts 
with the marked GP alterations observed in chronic diabetes 
(T1DM, T2DM) and suggests that GP is not a sensitive bio
marker of metabolic stress in GDM. Consequently, alternative 
approaches such as autofluorescence analysis may provide 
more informative readouts of disease-related alterations.

Red Blood Cell Autofluorescence Mapping
Figure 3 shows representative AFG,R maps and their quantita
tive analysis. CTRL RBCs (A, C) exhibit AFG,R values pre
dominantly in the negative range (green–yellow scale), 
whereas GDM RBCs (B, D) shift toward higher, positive val
ues (orange–red). Panel E quantifies these differences: both 
the core and membrane compartments present a significant 
upward shift in GDM compared with CTRL (core: −0.073  
± 0.202 versus −0.154 ± 0.060; membrane: 0.013 ± 0.198 
versus −0.066 ± 0.075; both p = 0.049). When considering 
the entire RBC area, a global increase in AFG,R persisted in 
GDM (−0.058 ± 0.199 versus −0.135 ± 0.055; p = 0.049). 
These results indicate that GDM RBCs are characterized by a re
producible shift toward higher AFG,R values across all compart
ments. Statistical comparisons are summarized in Table 1, 
together with other clinical and biochemical parameters.

Effect of BMI on RBC Autofluorescence in Non-GDM 
Controls
To evaluate whether metabolic status, and specifically body 
mass index (BMI), may influence red blood cell (RBC) auto
fluorescence independently of gestational diabetes, an add
itional analysis was performed in an independent cohort of 
non-GDM pregnant women (n = 23) characterized by a 
broader BMI range. This supplementary cohort included 
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subjects within the WHO-defined categories of normal weight 
(BMI 18.5–24.9), overweight (BMI 25–29.9), and class I obes
ity (BMI 30–34.9). Participants were stratified into two groups 
according to BMI (< 24 and ≥24). Mean BMI was 21.03  
± 1.58 kg/m2 in the BMI < 24 group and 28.51 ± 3.47 kg/m2 

in the BMI ≥ 24 group. RBC autofluorescence imaging and 
analysis were performed using the same experimental setup 
and machine-learning–based segmentation pipeline applied in 
the main study. Across all cellular compartments, a consistent 
trend toward higher AFG,R values was observed in subjects 
with BMI ≥ 24 compared with those with BMI < 24 (Fig. 4). 
Specifically, AFG,R increased in the core region from −0.13  
± 0.07 to −0.096 ± 0.04, in the membrane region from 
−0.081 ± 0.07 to −0.032 ± 0.06, and at the whole-cell level 
from −0.126 ± 0.07 to −0.092 ± 0.04. However, none of these 
differences reached statistical significance (core: p = 0.14; mem
brane: p = 0.11; whole cell: p = 0.14). These findings indicate 
that higher BMI may be associated with mild increases in 
RBC autofluorescence, although the magnitude and spatial pat
tern of AFG,R alterations observed in gestational diabetes were 
not reproduced in this independent non-GDM cohort.

Logistic Regression
A binary logistic regression model was developed to predict 
group membership (CTRL versus GDM) based on four stand
ardized predictors: BMI, age, MCV, and AFG,R Core. The 
model was fitted on 43 observations (5 cases were excluded 
due to incomplete data). It yielded a pseudo-R-squared of 
0.366 (McFadden), suggesting moderate explanatory power. 
The model was globally significant, as indicated by the likeli
hood ratio test (p = 0.00035), confirming that the included 
predictors collectively contribute to the discrimination be
tween the two groups.

As shown in Table 2, BMI emerged as a significant positive 
predictor (β = 1.87, p = 0.007; OR = 6.47), indicating that 
higher BMI values are associated with increased odds of be
longing to the GDM group. Similarly, AFG,R Core was signifi
cantly associated with the outcome (β = 4.93, p = 0.018; 
OR = 138.6), underscoring its relevance as an independent 
discriminator of GDM status. In contrast, Age and MCV did 
not reach statistical significance (p > 0.8), indicating limited 
predictive value within this multivariable model.

Discussion
The present study demonstrates that label-free AF imaging, 
when combined with machine learning–based segmentation, 
can detect subtle but significant biophysical alterations in 
RBCs from women with GDM. By analyzing AFG,R in a 
compartment-specific manner (core, perimembrane, and 
whole-cell), we identified a consistent and reproducible shift 
toward higher AFG,R values in the GDM group compared to 
healthy controls. These observations open a new perspective 
on the characterization of gestational diabetes, where mem
brane dynamics of RBCs have not been thoroughly investi
gated previously. This shift was evident in all regions 
examined (Fig. 3, panel E), with greater spatial heterogeneity 
at the membrane level, although the magnitude of the increase 
was comparable across compartments. In the core region, 
GDM RBCs showed a significantly higher mean AFG,R value 
of −0.073 (±0.202) compared to −0.154 (±0.060) in controls 
(FDR-adjusted p = 0.051). Similarly, in the membrane, GDM 
samples presented a mean value of 0.013 (±0.198) versus T
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−0.066 (±0.075) in the control group (p = 0.051). This pat
tern persisted when evaluating the entire RBC area, where 
GDM cells showed a value of −0.058 (±0.199) compared to 
−0.135 (±0.055) in controls (p = 0.051). To further investi
gate the relative contribution of fluorescence-based features 
compared to conventional clinical variables, we performed a 
multivariable logistic regression including BMI, age, MCV, 
and AFG,R Core as predictors. Among these, AFG,R Core re
mained a statistically significant independent predictor of 
group membership (β = 4.93, p = 0.018), indicating that its as
sociation with GDM status persists after controlling for major 
confounders. This result highlights the analytical robustness 
and adds diagnostic value of the AFG,R Core metric. While 
BMI also emerged as significant, neither age nor MCV contrib
uted meaningfully to the classification, underscoring the speci
ficity of AFG,R Core in capturing relevant signal variation. In 
clinical terms, the odds ratio associated with AFG,R Core 

was markedly elevated, supporting its potential as a powerful 
biomarker. These results suggest that the autofluorescence 
profile of RBCs is markedly altered in GDM, likely due to a 
combination of oxidative stress, membrane structural 
changes, and metabolic remodeling. The increased AFG,R val
ues point toward enhanced green emission, commonly attrib
uted to flavin adenine dinucleotide (FAD), and decreased red 
emission, associated with porphyrins such as protoporphyrin 
IX ((Fauaz et al., 2010; Shrirao et al., 2021). This is consistent 
with previous reports linking diabetes-related oxidative stress 
to altered RBC redox state and membrane composition 
(Kolenc & Quinn, 2019; Pitocco et al., 2025). Not only a glo
bal increase in AFG,R has been observed in GDM cells but also 
a distinct spatial heterogeneity, most visible at the perimem
brane, where GDM RBCs display irregular and locally inten
sified fluorescence patterns (Fig. 3). This may reflect early 
microstructural membrane damage, such as lipid peroxidation 

Fig. 3. Compartment-specific autofluorescence ratio between spectral channels (525/50 nm and 595/50 nm) in RBCs from CTRL and GDM groups. (a,b) depict 
core regions and (c,d) Perimembrane regions, with colormap set between −0.4 and +0.4. (e) Reports boxplots of autofluorescence ratios in core, membrane, 
and whole-cell areas. Compared to CTRL, GDM samples showed significantly higher ratios across all compartments (core: −0.073 ± 0.202 versus −0.154 ±  
0.060; membrane: 0.013 ± 0.198 versus −0.066 ± 0.075; whole-cell: −0.058 ± 0.199 versus −0.135 ± 0.055; all p = 0.049). These results demonstrate 
increased oxidative/redox imbalance in GDM, captured by autofluorescence mapping, while conventional hematological indices remain unaffected.

Fig. 2. Membrane fluidity analysis in RBCs from CTRL and GDM groups. (a, b) Representative GP maps from RBCs in CTRL and GDM pregnancies, with 
colormap restricted to 0.55–0.65 to emphasize subtle changes. (c) Presents boxplots of GP values across groups. No significant difference in GP values 
was observed (CTRL: 0.61 ± 0.04 versus GDM: 0.60 ± 0.04, p = 0.168), indicating preserved membrane fluidity in GDM, in contrast to alterations typically 
described in chronic diabetes.
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or glycation-induced phase separation, phenomena previously 
linked to diabetes (Maulucci et al., 2017). Such localized fluid
ity alterations have also been associated with impaired de
formability and increased hemolysis risk in diabetic 
erythrocytes (Bianchetti et al., 2024).

In contrast, the parallel analysis of membrane fluidity using 
Laurdan-based GP imaging revealed no significant differences 
between GDM and control RBCs (CTRL: 0.61 ± 0.04; GDM: 
0.60 ± 0.04; p = 0.168). This negative result suggests that, un
like in type 1 and type 2 diabetes where significant reductions 
in GP have been reported (Bianchetti et al., 2021, 2024), GP 
does not capture measurable alterations in GDM (Fig. 2). 
This divergence highlights a key point: in chronic diabetes, 
membrane fluidity is reduced because of long-term lipid remod
eling, strongly influenced by diet (e.g., omega-3 uptake) and asso
ciated with vascular complications. By contrast, GDM is a 
transient condition, where the short timescale likely prevents 
such stable lipid-phase rearrangements. Instead, AFG,R reflects 
acute oxidative and redox imbalance, emerging as the dominant 
signature of metabolic stress in pregnancy. Thus, GP and AFG,R 

should not be seen as redundant but as complementary: the for
mer reports chronic, diet-driven membrane remodeling, while 
the latter reveals dynamic, redox-related perturbations that 

characterize gestational diabetes. Notably, although metabolic 
status and BMI are known to influence oxidative stress in red 
blood cells, the detection of significant AFG,R alterations in a 
largely metabolically healthy cohort suggests that this metric is 
sensitive to mild, pregnancy-specific metabolic stress rather than 
reflecting chronic adiposity-related alterations alone. 
Consistently, the BMI-stratified analysis performed in an inde
pendent non-GDM cohort (Results, Section 3.4; Fig. 4) showed 
only mild, non-significant increases in AFG,R with higher BMI, 
with core values shifting from −0.13 ± 0.07 to −0.096 ± 0.04 
(p = 0.14), membrane values from −0.081 ± 0.07 to −0.032 ±  
0.06 (p = 0.11), and whole-cell values from −0.126 ± 0.07 to 
−0.092 ± 0.04 (p = 0.14). Importantly, these BMI-related 
changes did not reproduce either the magnitude or the spatial au
tofluorescence pattern observed in gestational diabetes. Together, 
these findings support the interpretation that AFG,R primarily 
captures dynamic, pregnancy-related metabolic perturbations as
sociated with GDM rather than baseline metabolic status.

From a clinical standpoint, this means that AFG,R does 
not replace current diagnostic tests such as the OGTT, 
which remains the gold standard for GDM detection. 
Rather, AFG,R provides complementary information on oxi
dative stress and redox imbalance, dimensions not captured by 
glucose-based assays. As a non-invasive and repeatable meas
ure, AFG,R could be integrated into clinical workflows to im
prove risk stratification, identify women at higher risk of 
complications despite borderline glycemic values, and monitor 
metabolic stress dynamically during pregnancy and postpartum.

Nevertheless, further experiments will be required to valid
ate this interpretation and disentangle the relative contribu
tion of diet, oxidative stress, and membrane remodeling. 
These findings are consistent with previous reports of AF alter
ations in diabetes, where reduced porphyrin-associated red 
emission (∼635 nm) and increased flavin-associated green 
emission (∼525 nm) have been linked to oxidative stress and 
metabolic dysfunction ((Fauaz et al., 2010, 2010b; Shrirao 
et al., 2021). Such opposing spectral shifts strengthen the 

Table 2. Logistic Regression Results.

Coef Std. err. z p Value IC 95%

const 1.666 0.660 2.526 0.012 0.373–2.959
BMI 1.868 0.694 2.692 0.007 0.508–3.227
Age 0.093 0.471 0.197 0.844 −0.830–1.016
MCV 0.035 0.445 0.079 0.937 −0.837–0.908
AFG.R Core 4.926 2.090 2.356 0.018 0.829–9.023

Results of the binary logistic regression model predicting the outcome 
variable Group (0 = CTRL. 1 = GDM) based on four standardized 
covariates. The table reports estimated coefficients (β). standard errors (SE). 
z-values. p-values and IC 95%. Statistically significant predictors are 
indicated in bold.

Fig. 4. BMI-associated differences in red blood cell autofluorescence in non-GDM pregnancies. Distribution of the red blood cell autofluorescence ratio 
(AFG.R ) between spectral channels (525/50 nm and 595/50 nm) in an independent cohort of pregnant women without gestational diabetes mellitus 
(non-GDM), stratified by body mass index (BMI < 24; BMI ≥ 24). AFG.R values are reported for the core region, membrane region, and whole-cell (RBC) 
area. Box plots represent the median and interquartile range, with whiskers indicating the data range and individual points corresponding to single-cell 
measurements.
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rationale for using a ratiometric index like AFG,R. However, 
earlier AF studies mostly relied on global spectra or low- 
resolution imaging, which limited spatial interpretation (Lyons 
& Basu, 2012; Shrirao et al., 2021). By contrast, our multispec
tral and compartment-specific approach revealed heteroge
neous, membrane-associated alterations that would otherwise 
remain undetected. From a clinical perspective, AFG,R appears 
to capture subtle remodeling not reflected in conventional hema
tological parameters (Table 1). While no differences were ob
served for Hb, MCV, or WBC, women with GDM showed 
higher pre-pregnancy BMI (p = 0.063), greater glucose excur
sions during OGTT (p = 0.003 at both 60 and 120 min), and 
slightly shorter gestations (p = 0.051). These systemic findings 
provide a consistent metabolic background to the observed 
RBC changes. From a translational perspective, the scalability 
of this approach warrants consideration. The use of a ratiomet
ric autofluorescence metric combined with standardized acquisi
tion parameters enables reproducible comparisons across 
samples. Because AFG,R is computed pixel-wise and intrinsically 
normalizes fluctuations in excitation intensity and detector gain, 
it preserves sensitivity to biologically meaningful spectral redistri
bution while reducing non-biological variability. Moreover, the 
imaging and automated analysis workflow relies on widely avail
able microscopy platforms and machine-learning–based segmen
tation pipelines, supporting potential transferability to larger 
clinical cohorts. Future integration with higher-throughput optic
al platforms may further enhance accessibility and clinical applic
ability. Finally, our label-free strategy offers clear methodological 
advantages. Unlike Laurdan-based GP imaging, which, although 
effective, requires exogenous labeling with potential artifacts 
(Parasassi & Gratton, 1995; Maulucci et al., 2016), AF imaging 
is entirely non-invasive and records native fluorescence signals, 
enhancing its translational potential in pregnancy monitoring. 
However, several limitations must be acknowledged to context
ualize these results. First, although the green-to-red autofluores
cence ratio provides a sensitive and spatially resolved metric, it 
remains a composite signal. The spectral overlap of multiple en
dogenous fluorophores, such as FAD, NAD(P)H, and porphyr
ins, limits the ability to attribute observed changes to specific 
biochemical processes. Complementary techniques like fluores
cence lifetime imaging (FLIM), hyperspectral unmixing, or tar
geted metabolomics would be useful to enhance molecular 
specificity. Second, the cross-sectional nature of our study limits 
causal interpretation and precludes assessment of longitudinal 
dynamics. We cannot determine whether the observed AF shifts 
precede, follow, or parallel the onset of GDM. A longitudinal de
sign would help clarify whether AFG,R could serve as an early 
predictor or a marker of disease progression. Third, while our 
sample was carefully curated and demographically consistent, 
it remains relatively small. Larger and more heterogeneous co
horts, including patients with type 1 or type 2 diabetes, or longi
tudinal postpartum follow-up, are needed to validate and further 
confirm these findings.

Conclusion
This study showed that RBC autofluorescence reveals signifi
cant alterations in women with gestational diabetes mellitus. 
By leveraging label-free multispectral imaging and machine 
learning–based segmentation, we identified consistent in
creases in AFG,R in the membrane, core, and whole-cell regions 
of RBCs in GDM. These changes are consistent with redox im
balance and membrane remodeling and suggest that AFG,R 

mapping may serve as a sensitive, non-invasive biomarker of 

metabolic stress. Unlike traditional methods requiring exogen
ous labeling, our approach offers physiological relevance and 
translational potential. Notably, our data also indicate that 
GP, a probe of lipid packing and membrane fluidity, does not 
change in GDM, highlighting the specificity of AF for detecting 
oxidative and metabolic stress in this condition. However, in 
chronic diabetes (T1DM and T2DM), where both lipid remod
eling and redox imbalance contribute to RBC dysfunction, a 
combined AF–GP strategy could provide complementary in
sights into oxidative versus lipid-driven alterations. Future re
search should explore the longitudinal behavior of AFG,R, 
validate its biochemical underpinnings, and assess its utility 
as a predictive tool for metabolic complications during preg
nancy and maternal and neonatal outcomes.
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