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Abstract
Background  Understanding the relationship between serum ferritin levels and cardiovascular outcomes in type 2 
diabetes is crucial for improving risk stratification and guiding therapeutic interventions aimed at preventing major 
adverse cardiovascular events (MACE). This study aimed to identify distinct clusters of individuals with type 2 diabetes 
who have varying risks of MACE using a data-driven clustering approach.

Methods  This retrospective cohort study analyzed data from 49,506 individuals within a multicenter, population-
based primary care registry in Catalonia, Spain. Individuals diagnosed with type 2 diabetes at age 35 or older were 
recruited between January 2010 and December 2021 and followed for at least 10 years. Biomarkers associated with 
cardiovascular risk—including serum glucose, HbA1c, high-density lipoprotein cholesterol, low-density lipoprotein 
cholesterol, triglycerides, blood pressure, serum ferritin, leukocyte, and monocyte counts—were examined. Clustering 
analysis was applied to identify patient subgroups, and Cox proportional hazards models were used to assess 
associations with cerebrovascular events, coronary events, and composite MACE.

Results  Five distinct clusters were identified, characterized by differences in serum glucose, HbA1c, lipid profiles, 
blood pressure, and serum ferritin levels. Individuals with discordantly high serum ferritin levels relative to their body 
mass index (BMI) exhibited a lower risk of adverse cardiovascular outcomes. In men, hazard ratios (HR) were 0.68 (95% 
confidence interval [CI]: 0.53–0.87) for cerebrovascular events, 0.65 (95% CI 0.49–0.88) for coronary events, and 0.68 
(95% CI 0.56–0.83) for MACE. In women, HRs were 0.81 (95% CI 0.67–0.92) for cerebrovascular events, 0.73 (95% CI 
0.57–0.95) for coronary events, and 0.79 (95% CI 0.67–0.92) for MACE.
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Background
Type 2 diabetes is a well-recognized major global health 
threat, affecting millions of individuals worldwide and 
placing a significant burden on healthcare systems. The 
prevalence of this chronic disease continues to rise, 
driven by factors such as ageing populations, urban-
isation, and lifestyle changes, including poor diet and 
physical inactivity. Given its progressive nature, type 2 
diabetes is not only associated with high morbidity but 
also with serious long-term complications, such as car-
diovascular disease, neuropathy, nephropathy, and reti-
nopathy, which further exacerbate patient outcomes and 
healthcare costs [1, 2].

The risk of developing type 2 diabetes (T2D) is deter-
mined by a complex interplay of lifestyle, environmental, 
and genetic factors [3]. Key contributors to the develop-
ment and progression of T2D include age, body mass 
index (BMI), smoking, lipid profile, or serum ferritin 
levels [4]. Increasing age and higher BMI are strongly 
associated with an elevated risk of T2D, while smok-
ing exacerbates the condition by contributing to insulin 
resistance and impaired glucose metabolism. Addition-
ally, an unfavourable lipid profile, characterised by ele-
vated levels of LDL cholesterol and triglycerides, further 

exacerbates the risk of diabetes and its complications. 
Elevated serum ferritin levels, an indicator of body iron 
stores, have also been implicated in the pathophysiol-
ogy of T2D [4]. Collectively, these factors influence the 
development and progression of T2D and its associated 
complications, underscoring the need for comprehensive 
strategies to address these diverse risk elements.

Among these factors, iron plays a notable role. Sulli-
van’s hypothesis in 1981 [5] and the first clinical observa-
tion in 1992 by Salonen et al. [6], proposed that increased 
body iron might favour the development of atherosclero-
sis through the increased production of reactive oxygen 
species (ROS). There has been substantial heterogene-
ity across studies regarding this hypothesis as evidenced 
in recent meta-analyses [7]. Puzzlingly, more recently, 
increased plasma transferrin saturation has been shown 
to putatively protect from coronary artery disease (CAD) 
or myocardial infarction [8], and J-shaped association 
of systemic iron status and cardiovascular mortality 
has been described in CAD patients [9]. For instance, 
a study showed that among 1,480 patients with stable 
CAD and 682 individuals without CAD, the risk of hav-
ing CAD was decreased in patients in the highest quar-
tiles of transferrin saturation, serum ferritin and soluble 

Conclusions  Individuals with type 2 diabetes who exhibit higher-than-expected serum ferritin levels relative to their 
BMI may have a lower risk of cardiovascular events. These findings suggest that ferritin may play a more complex role 
in cardiovascular risk than previously assumed and highlight the potential for refined risk stratification strategies in 
type 2 diabetes management.
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transferrin receptor levels [10]. In two studies performed 
in elderly subjects ≥ 65 and ≥ 71 years of age, low circulat-
ing iron was independently associated with the higher 
occurrence of cardiovascular disease (CVD) and CAD 
during the long-term follow-up [11, 12].

Moreover, a study showed that in patients with type 2 
diabetes and clinically overt CAD, both low and high lev-
els of serum ferritin were associated with a poor progno-
sis [9].

Ferritin, being an acute phase reactant, often increases 
in response to inflammation or infection. This could 
partly explain the paradoxical associations observed with 
ferritin levels, as elevated ferritin may reflect underlying 
inflammatory states rather than solely iron status.

In this context, there is increasing awareness regarding 
the beneficial effects of small increases in ROS levels, as 
it could lead to increase in ROS defences in response to 
ROS-dependent damage [13]. As signalling molecules, 
iron-induced ROS might activate appropriate protective 
mechanisms.

BMI is commonly used to assess obesity-related health 
risks and as mentioned, is associated with both type 2 dia-
betes and cardiovascular diseases. However, BMI alone 
is often insufficient for accurately classifying obesity-
related health risks at an individual level as individuals 
with similar BMIs can experience significantly differ-
ent health outcomes, revealing the limitations of relying 
solely on BMI as a measure of obesity-related health risks 
[14]. Research has consistently shown a link between 
elevated serum ferritin levels and obesity. Numerous 
studies across different populations have highlighted this 
association, with metabolic syndrome and type 2 dia-
betes mellitus identified as contributing factors to high 
serum ferritin levels in individuals with obesity [15–17]. 
Recent research has highlighted the complex relationship 
between ferritin levels and obesity, noting that ferritin 
increases with obesity and that this relationship can con-
found studies unless properly accounted for. A common 
method is to adjust for BMI, though this approach may 
overlook nuanced interactions and subgroup behaviours.

We hypothesised that the variability in iron-cardiovas-
cular outcomes might be explained by the existence of 
clusters of individuals where some clinical measures are 
discordant from a linear relationship with BMI.

In the current study, we explored the potential cluster-
ing of patients with type 2 diabetes within a population-
based cohort, using analytical variables related to CVD. 
We aimed to identify subpopulations based on expected 
BMI and compare these clusters to determine if they 
exhibit different risks of experiencing major adverse car-
diovascular events (MACE).

Methods
Study design
In this retrospective study, data was obtained from the 
Information System for Research in Primary Care (SID-
IAP) database, which gathers anonymized longitudinal 
information of people from the primary care services in 
a structured way so it can be reliably used for research 
[18]. This database contains pseudonymised records of 
over 8 million people since 2006. The information was 
mapped to Observational Medical Outcomes Partnership 
Common Data Model OMOP-CDM [19]. SIDIAP covers 
approximately 75% of the Catalan population, compris-
ing 328 primary care centres managed by the Catalan 
Institute of Health. SIDIAP contains records related to 
demographics, diagnoses (coded according to the Inter-
national Classification of Diseases, 10th revision (ICD-
10-CM)), therapeutic and requested procedures, physical 
examination results, routine measurements and labora-
tory tests. SIDIAP is linked with other external databases 
(and anonymization is preserved); we were able to use 
information from the register of mortality and the phar-
macy-invoicing database provided by the Catalan Insti-
tute of Health, in which medications are recorded using 
the Anatomical Therapeutic Chemical (ATC) codes. The 
quality and representativeness of these data regarding 
geographical, age, and sex distributions have been docu-
mented [18], particularly for cardiovascular risk factors 
and cardiovascular diseases [20], and have been applied 
to previous epidemiological reports [21, 22].

Participants
We carried out a retrospective cohort study including 
persons with type 2 diabetes mellitus who were 35 years 
old or older at diagnosis. Type 2 diabetes mellitus was 
defined following a validation algorithm [22]: (a) diagno-
sis of type 2 diabetes without prior diagnosis of type 1 or 
undetermined diabetes, (b) diagnosis of undetermined 
diabetes with another diagnosis of type 2 diabetes with-
out any previous diagnosis of type 1 diabetes, (c) diag-
nosis of undetermined diabetes and taking non-insulin 
blood-glucose-lowering drugs (A10B) other than metfor-
min and without diagnosis of type 1 or type 2 diabetes, 
(d) diagnosis of type 1 diabetes and without prescrip-
tion of insulin, (e) diagnosis of type 1 diabetes and taking 
A10B other than metformin, (f ) taking A10B other than 
metformin without any diabetes diagnosis (type 1, type 
2 or undetermined). Exclusion criteria were (i) any end-
stage kidney disease (eGFR < 15, or dialysis or transplan-
tation), (ii) any diagnosis of depression, seizure disorder 
or schizophrenia, (iii) previous use of systemic steroids, 
(iv) any previous diagnosis of malignant tumour, (v) 
prescription of insulin within 6 months of type 2 diabe-
tes mellitus diagnosis. The recruitment period ran from 
January 2010 through December 2021. Study entry was 
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defined by the first diagnosis of type 2 diabetes during 
this period or 1st January 2010 for people with a previ-
ous diagnosis, and the follow-up extended until the first 
date of the occurrence of an outcome, death, transfer out 
of the SIDIAP, or end of study period, in December 2021.

Procedures
The collected data included potential confounding vari-
ables for our study, measured before the entry date: sex, 
age, BMI, diabetes duration, glucose and HbA1c lev-
els, lipid fractions (high-density lipoprotein cholesterol 
(cHDL), low-density lipoprotein cholesterol (cLDL), tri-
glycerides), systolic and diastolic blood pressure (SBP, 
DBP), serum ferritin, and leukocyte and monocyte 
counts. The main outcomes, observed after entry date, 
were fatal and nonfatal coronary heart diseases (acute 
myocardial infarction (ICD-10CM: I21, I22 or I23), or 
angina pectoris (ICD-10CM: I20)), fatal and nonfatal 
cerebrovascular diseases (ischemic stroke (ICD-10CM: 
I63, I64 or I65 excluding I63.1 and I63.4) or transient 
ischemic attack (ICD-10CM: G45, G46, I65 or I66)). The 
primary outcome of the study was major adverse cardio-
vascular events (MACE), a composite endpoint of coro-
nary heart and cerebrovascular diseases. All the events 
recorded in SIDIAP have been validated against those 
observed in the prospective REGICOR cohort [20].

Statistical analysis
We present categorical variables as percentages and 
continuous variables as means (standard deviations) or 
medians (interquartile ranges), as appropriate.

To identify our clusters, we followed the procedure 
described and implemented elsewhere [23]. Briefly, this 
cluster analysis consists in a multi-stage analytical pipe-
line that integrates linear modeling, residual extraction, 
dimensionality reduction, and unsupervised clustering 
to analyze biomarker data. The primary objectives are to 
assess the association between a set of biomarkers and 
BMI (with additional covariates), and subsequently to 
identify latent subgroups based on the residual structure 
of these models. The analysis is performed separately in 
each sex. More details in supplementary methods.

To assess the validity of the identified clusters within 
the cohort, we randomly generated 100 bootstrap sub-
sets, each comprising at least 90% of the original data. 
Following, we estimated the clusters in each subset. 
A cluster was deemed validated if it appeared consis-
tently across all subsets. Subsequently, we assigned 
each individual to the cluster with the highest prob-
ability of belonging, using the cluster with the most fre-
quent occurrence in the probability distribution as their 
assignment.

To assess the risk of each validated cluster for each out-
come, we used Kaplan–Meier survival curves and Cox 

regression models to calculate the Hazard ratios (HR). 
The concordant cluster serves as the reference category, 
and we estimated the HR to change from the concordant 
cluster to another cluster.

All statistical analyses were carried out using R soft-
ware vr 4.3.1 [24], including uwot package [25] for UMAP 
and survival package [26] for survival analysis. Statistical 
significance was considered at p values < 0.05.

Role of the funding source The funder of the study had 
no role in study design, data collection, data analysis, 
data interpretation, or writing of the report.

Results
The SIDIAP database comprises information on 
8,036,948 individuals, of whom 983,398 had been diag-
nosed with type 2 diabetes mellitus in the study period. 
After excluding individuals based on specific criteria, we 
obtained a dataset of 463,357 participants (Additional 
File 1, Supplementary Fig. S1). For our analysis, we con-
ducted a complete-case analysis, resulting in complete 
information on all covariables for 49,506 individuals. 
The distribution of the potential confounding variables 
is described in Table 1. We compared the distribution of 
these variables with and without performing a complete-
case analysis and found no significant differences. The 
distribution of the variables without performing a com-
plete-case analysis is available in Supplementary Table S1 
(Additional File 1).

 Figure1A shows the UMAP dimensional reduction of 
the standardised database according to standardisation 
variables and the assigned cluster for each individual, 
stratified by sex. The plot exhibits a circular shape with 
several protrusions in both sexes. We obtained five clus-
ters for each sex, the concordant cluster (assigned to 
78.64% of men and 78.92% of women, Table 2) and four 
distinct clusters. The concordant cluster is placed in the 
centre of the map. Figure 1B shows the values of covari-
able for the centre of each cluster in the standardised 
scale separating for sexes. For women, the distinct clus-
ter’s centres are characterised for having higher values of 
BP, both diastolic and systolic (6.95% of women, Table 2); 
higher values of glucose levels, both glucose and HbA1c 
(5.25%); higher values of Tg (4.60%); or higher values of 
ferritin (4.32%). For men, the centres are characterised by 
higher values of cHDL (9.04% of men); higher values of 
glucose, both glucose and HbA1c (5.43%); higher values 
of ferritin (4.01%); or higher values of Tg (3.17%). When 
we refer to “higher values”', we imply that these values are 
higher in respect to the expected for the given BMI and 
the other additional covariates. Individuals were assigned 
to discordant clusters if their probability of belonging to 
a cluster was higher than 80%. The distribution of indi-
viduals with over 80% probability of belonging to a cat-
egory is shown in Supplementary Table S4 (Additional 
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File 1). All clusters exhibit a similar distribution for the 
standardisation variables, except for the A10A and A10B 

medications, which show a higher intake in the cluster 
with elevated glucose levels (Additional File 1, Supple-
mentary Table S2 and Table S3).

Survival analysis
A survival study was conducted to assess the risk of 
developing cerebrovascular diseases, coronary disease 
or MACE. The survival analysis was performed with 
each individual allocated to the cluster with a probability 
higher than 80% of belonging.

The high ferritin cluster shows a higher disease-free 
survival for the three outcomes and for both sexes (Fig. 2) 
especially for MACE. Also, the high cHDL cluster has a 
higher disease-free survival for men for coronary disease 
and MACE. The high HbA1c and glucose level cluster 
has a lower disease-free survival for all outcomes and 
sexes. The high ferritin cluster has a significant protective 
effect for all outcomes and sexes (Fig. 3. HR in men: 0.68, 
95% CI 0.53–0.87, p = 0.0021 for cerebrovascular, 0.65, 
95% CI 0.49–0.88, p = 0.0051 for coronary and 0.68 95% 
CI 0.56–0.83, p = 0.00014 for MACE. HR in women: 0.81, 
95% CI 0.67–0.92, p = 0.025 for cerebrovascular, 0.73, 95% 

Table 1  Distribution of the clinical variables of the SIDIAP cohort 
used

Global Men Women
N 49,506 19,751 29,755
BMI (kg/m2) 30.6 (5.5) 29.6 (4.7) 31.4 (5.9)
Age (years) 68.2 (12.5) 66.9 (12) 69 (12.8)
Time T2DM (years) 5.2 (5.3) 4.7 (4.9) 5.5 (5.5)
HbA1c (%) 6.8 (1.4) 6.8 (1.4) 6.8 (1.3)
Glucose (mg/dL) 140.5 (42.6) 142.8 (44.6) 138.9 (41.2)
Leukocytes (109/L) 7.3 (2.0) 7.4 (2.1) 7.3 (1.9)
Monocytes (%) 7.7 (2.1) 8.1 (2.1) 7.4 (2)
cLDL (mg/dL) 115.2 (33.0) 112.1 (33.1) 117.2 (32.8)
cHDL (mg/dL) 50.2 (13.0) 46.4 (12.0) 52.7 (13.1)
Tg (mg/dL) 133 [97–184] 130 [94–186] 134 

[100–183]
DBP (mmHg) 76.1 (10.0) 76.4 (10.3) 75.9 (9.8)
SBP (mmHg) 135.6 (15.8) 135.7 (15.4) 135.5 (16)
Serum ferritin (ng/mL) 81 [33.7–176] 141 

[62–276.9]
58 
[25.8–118]

Current smoking 5775 (11.7%) 4001 (20.3%) 1774 (6%)
A10A (Insulin and 
analogues)

6568 (13.3%) 2313 (11.7%) 4255 
(14.3%)

A10B (Blood glucose 
lowering drugs, excluding 
insulins)

28,820 
(58.2%)

11,433 
(57.9%)

17,387 
(58.4%)

C10 (Lipid modifying 
agents)

23,977 
(48.4%)

9462 (47.9%) 14,515 
(48.8%)

Hypertension medication 35,996 
(72.7%)

13,786 
(69.8%)

22,210 
(74.6%)

Results are expressed as mean and standard deviation (SD) for normal 
distributed continuous variables, median and interquartile range for non-
normal distributed continuous variables and as number and percentage (of 
the presence) of those qualitative variables. Tg: Triglyceride, Time T2DM: Time 
since type 2 diabetes mellitus diagnosis, cLDL: LDL cholesterol, cHDL: HDL 
cholesterol, DBP: Diastolic blood pressure, SBP: Systolic blood pressure

Table 2  Distribution of individuals across validated clusters
Cluster Men Women

N % N %
BC 15,474 78.35% 23,472 78,88%
High HbA1c and glucose 1073 5.43% 1561 5.25%
High Ferritin 793 4.01% 1285 4.32%
High Tg 626 3.17% 1370 4.60%
High BP – – 2067 6.95%
High cHDL 1,785 9.04% – –
Results are presented as the number of individuals assigned to each cluster 
with maximum probability and the corresponding percentage of the total 
population, stratified by sex. BC: Baseline concordant profile Tg: Triglyceride, 
BP: Blood Pressure, cHDL: HDL cholesterol

Fig. 1  Concordant and discordant profiles discovered in the SIDIAP. A Two-dimensional UMAP projection, representing the distribution of profiles in the 
dataset. The UMAP is colour-coded based on identified clusters. The left panel corresponds to men, while the right panel corresponds to women. B Profile 
centres for each identified cluster. The distinctive patterns in the profile centres provide a detailed insight into the characteristics defining each cluster. BC: 
Baseline concordant profile Tg, cLDL: LDL cholesterol, cHDL: HDL cholesterol, DBP: Diastolic blood pressure, SBP: Systolic blood pressure
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CI 0.57–0.95, p = 0.021 for coronary, 0.7995% CI 0.67–
0.92, p = 0.003 for MACE). The high cHDL cluster has a 
protective effect only for coronary disease and MACE 
for men (HR of 0.73, 95% CI 0.61–0.87, p = 0.00065, and 
0.83, 95% CI 0.74–0.93, p = 0.0015, respectively). The high 
Tg cluster has a higher risk of having a coronary disease 
and MACE only for women (HR of 1.33, 95% CI 1.10–
1.61, p = 0.0032 and 1.21, 95% CI 1.07–1.36, p = 0.0026 
respectively). The high HbA1c and glucose level cluster 
has a higher risk for coronary only for men and MACE 
in both sexes (HR of 1.16, 95% CI 0.96–1.41, p = 0.128 for 

coronary in men and 1.17, 95% CI 1.02–1.33, p = 0.0202 
for MACE in men and 1.18, 95% CI 1.05–1.32, p = 0.0055 
for MACE in women). The analyses were repeated sepa-
rately for incident and prevalent cases, and no differences 
were found compared to the overall analysis. The only 
exception was the high ferritin cluster in incident cases, 
where the protective effect remained but lost statistical 
significance due to the smaller sample size.

Fig. 2  Disease-free survival comparison between the identified clusters. Kaplan–Meier curve for overall disease-free survival in the identified clusters for 
the three cardiovascular studied outcomes—cerebrovascular, coronary, and MACE events—stratified by sex. BC: Baseline concordant profile Tg, cLDL: LDL 
cholesterol, cHDL: HDL cholesterol, DBP: Diastolic blood pressure, SBP: Systolic blood pressure.
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Discussion
The primary objective of this study was to explore the 
existence of clusters within a type 2 diabetes patient pop-
ulation based on clinical variables and to investigate their 
impact on the prevalence and incidence of coronary and 
cerebrovascular diseases.

Previous research has highlighted the heterogeneous 
nature of type 2 diabetes mellitus [27]. In our study, we 
identified distinct subpopulations within a type 2 dia-
betes mellitus cohort, characterised by varying clini-
cal profiles and biomarker levels. These subpopulations 
exhibited significant differences in their risk for coronary 

and cerebrovascular diseases. Specifically, we found that 
a cluster characterised by serum ferritin levels higher 
than predicted for their BMI was associated with a lower 
incidence of CVD. This cluster showed both a signifi-
cantly higher disease-free survival rate and a higher pro-
tective effect across various cardiovascular disorders 
compared to other clusters, mirroring observations in the 
cHDL cluster among men under certain conditions.

A recent bidirectional Mendelian Randomization 
(MR) study provides valuable insights into this relation-
ship by investigating the causal links between iron sta-
tus and obesity-related traits [15]. The study found that 

Fig. 3  Sex-stratified Hazard ratios for cardiovascular outcomes across the identified clusters. The figure shows hazard ratios (HR) for the three cardiovas-
cular studied outcomes—cerebrovascular, coronary, and MACE events—stratified by sex
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genetically predicted BMI is associated with changes in 
iron status biomarkers. However, it did not find evidence 
supporting the causality of iron status on the risk of obe-
sity. This MR study enhances our understanding of the 
directionality in the relationship between BMI and fer-
ritin levels. It suggests that while obesity (as indicated 
by BMI) can lead to changes in iron status, changes in 
iron status do not causally contribute to obesity. These 
findings align with the observation in our research that 
higher ferritin levels are more likely a consequence of 
increased BMI rather than a cause of obesity.

Our findings suggest that individuals in the cluster 
with higher BMI-residualized serum ferritin levels would 
be able to sequester more iron and potentially mitigate 
oxidative stress. This contributes to a complex interplay 
between ferritin levels and metabolic health in the con-
text of obesity and type 2 diabetes. On the other extreme, 
clusters characterised by high HbA1c and glucose levels 
displayed the poorest outcomes in our analysis, aligning 
with expectations [28]. Similarly, the cluster with ele-
vated triglyceride levels demonstrated consistently lower 
survival disease-free rates, consistent with the well-estab-
lished association between high plasma triglyceride levels 
and cardiovascular disease risk [29].

Conclusions
In conclusion, our investigation revealed distinct clus-
ters within the type 2 diabetes mellitus population, each 
exhibiting unique clinical profiles and biomarker pat-
terns. Particularly noteworthy was the cluster charac-
terised by elevated serum ferritin levels surpassing BMI 
predictions, which displayed a significant protective 
effect across various cardiovascular disorders, under-
scoring its clinical importance. Our findings suggest 
that elevated BMI-residualized serum ferritin levels may 
be linked to improved cardiovascular outcomes in type 
2 diabetes patients, potentially through mechanisms 
involving iron sequestration and the mitigation of oxida-
tive stress.

In summary, this study emphasises the importance of 
considering ferritin levels in conjunction with BMI when 
assessing cardiovascular risk in type 2 diabetes mellitus 
patients. The distinct protective trend observed in the 
high ferritin cluster warrants further exploration to elu-
cidate underlying mechanisms and potential therapeutic 
implications.

The higher intake of A10A and A10B in the elevated 
glucose levels cluster may indicate undertreatment, lon-
ger diabetes duration, or a lack of treatment intensifica-
tion, such as the initiation of insulin therapy.

Several limitations of this study should be considered. 
First, our analysis was conducted on a small percentage of 
the original database as ferritin is not routinely measured 
in individuals with type 2 diabetes, and its determination 

is often motivated by specific conditions such as ane-
mia, B12 deficiency, or suspected iron overload. This 
may introduce selection bias, as individuals included in 
our study may not be representative of the broader type 
2 diabetes population. This is an inherent limitation of 
observational studies using healthcare databases. And 
although no gold standard assay exists for measuring 
ferritin levels, different methods measuring serum fer-
ritin have been proven to be comparable [30]. Second, 
although we adjusted for multiple covariates, residual 
confounding cannot be ruled out. Unmeasured factors, 
such as inflammation markers or dietary iron intake, 
could influence the observed associations. While ferritin 
is widely used as a marker of iron status, its levels can be 
affected by inflammation, transferrin saturation, which 
directly reflects iron availability, could serve as a valuable 
complementary marker. Additionally, our study popula-
tion had a relatively high average age (68 years), which 
may limit the generalizability of our findings to younger 
individuals with type 2 diabetes. Furthermore, although 
most women in our cohort were likely postmenopausal, 
we could not definitively exclude premenopausal women 
due to the lack of specific data on menopausal status.

Finally, it is important to acknowledge that this study 
is observational and should be considered hypothesis-
generating, causality cannot be established. While our 
clustering approach identified meaningful subgroups, 
further validation in independent cohorts is necessary, 
along with mechanistic studies to clarify the underlying 
biological processes. Additionally, future research should 
explore the reproducibility of these clusters using alter-
native methodologies and assess their clinical utility in 
risk stratification and management.
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