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ARTICLE INFO ABSTRACT
Keywords: Aims: This study aimed to evaluate the potential of unstructured electronic health records (EHRs) data, analyzed
Diabetes Mellitus (DM) using natural language processing (NLP) and machine learning (ML), to describe the prevalence and clinical

Natural Language Processing (NLP)
Machine Learning (ML)
Unstructured Data

Diabetes Comorbidities

Diabetes Complications

spectrum of diabetes mellitus (DM) in hospitals.

Methods: A multicenter, retrospective study was conducted using EHRs from eight Spanish hospitals
(2013-2018). Unstructured data were extracted using EHRead® (NLP and ML) and SNOMED CT. Individuals
with type 1 or 2 DM (T1DM/T2DM) were identified, and a semi-supervised ML classifier was developed for
unregistered types (UrDM). DM prevalence and related complications were analyzed in the final subpopulations
(sT1DM/sT2DM).

Results: From 56,181,954 EHRs of 2,582,778 individuals, 638,730 were identified with DM: 75.4%
with UrDM, 21.3% with T2DM, and 3.3% with T1DM. The ML model reclassified 93.5% as T2DM
and 6.5% as TIDM. Over 50% of relevant variables like anthropometrics, laboratory values and
treatments were missing. The prevalence of sT1DM/sT2DM was 2.6%/38.4%. Major comorbidities
included hypertension, dyslipidemia, chronic kidney disease (CKD), ischemic heart disease, and chronic
heart failure (CHF). CKD and CHF were the most frequent complications for sT1DM/sT2DM at 60
months.
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Conclusions: NLP and ML for profiling DM using EHRs unstructured data are helpful, but additional data and
better EHR documentation are crucial.

1. Introduction

Diabetes mellitus (DM) is a severe, chronic metabolic disease that
represents a major public health problem [1]. Contributing factors such
as an aging population, sedentary lifestyles, and unhealthy diets have
led to a global increase in DM cases and prevalence, now considered an
epidemic [2]. The International Diabetes Federation Diabetes Atlas
2021 reports a global DM prevalence of 10.5% in adults aged 20-79
years, with the highest rate of 24.0% in those 75-79 years old [3].
Notably, the proportion of people with undiagnosed disease worldwide
was estimated to be 44.7%. In Spain, data from the nation-wide cohort
Di@bet.es study reported a prevalence of DM of 13.8% (95% CI, 12.8 to
14.7%) [3-4]. Due to hyperglycemia and individual components of the
metabolic syndrome, subjects with diabetes have a high burden of co-
morbidity and an increased risk of cardiovascular events, leading to
reduced life expectancy [5-6].

Although the rates of certain major DM-related complications —such
as myocardial infarction, stroke, and amputation— are decreasing due
to improvements in disease management, it continues to impose a sub-
stantial burden in terms of associated issues, which have a significant
impact on hospitalization rates, length of stay and healthcare costs, and
are a major cause of disease-related morbidity and mortality [5].

This underscores the need for improved control measures and a
deeper understanding of disease progression, particularly in the popu-
lation attended in hospital settings who face a higher risk of complica-
tions but are rarely studied [7]. Moreover, it is important to have up-to-
date epidemiological data which are crucial for effective patient care
and prevention strategies [8,9]. However, there are several challenges
for obtaining this information such as the lack of comprehensive regis-
tries on disease prevalence and outcomes, and because most of the
clinical information is currently collected as unstructured data. This
scenario hinders the exploitation of DM data using standard study de-
signs with structured data or claims and usual statistical methods.

In addition, although clinical guidelines categorize diabetes mellitus
into type 1 (DM1; caused by p-cell destruction), type 2 (DM2; driven by
insulin resistance), and other less common types (e.g., hereditary vari-
ations, diseases of the exocrine pancreas, gestational diabetes, phar-
macological or chemically induced diabetes) [9], evidence suggests
significant misclassification and incomplete coding in routinely
collected data [10]. This can result in cases where the specific type of
diabetes is not clearly defined or easily identifiable in patients’ elec-
tronic health records (EHRs) [11], leading to the classification of these
patients as having an unrecorded diabetes type (UrDM). Such changes
can substantially impact the analyses and conclusions drawn from real-
world data (RWD) studies [12], emphasizing the need for advanced tools
to accurately identify and address these cases within the data [13][14].

In this context, natural language processing (NLP) and machine
learning (ML) techniques hold great potential to bridge this gap, thanks
to their potential for the extraction and analysis of large amounts of
unstructured, free text from electronic health records (EHRs) in a
promptly manner [15,16]. Unlocking the narrative content within EHR
yields nuanced clinical insights that transcend the limitations of struc-
tured data. Despite the rapidly growing number of applications of NLP
tools focused on DM research, very few studies —less than 20% in a
recently published systematic review— have reported results with po-
tential implications for improving DM care [17].

In this real-world data (RWD) study, we aim to use NLP and ML
techniques to analyze only unstructured healthcare data coming from
free-text narratives from a broad population of individuals attended in a
hospital setting to characterize the prevalence and clinical spectrum of

DM. This analysis will help us better understand this high-risk and
complex population, shedding light on the potential for leveraging such
data.

2. Research design and methods
2.1. Study design and data source

This is a multicenter, retrospective, observational study based on
RWD by analyzing clinical information extracted from the unstructured
free text of individuals’ EHRs attended in the participating hospitals.
Data were collected from all available departments in each participating
site (including inpatient hospital, outpatient hospital, and emergency
service) between 1st January 2013 and 31st December 2018. The study
was conducted in 8 hospitals, located in 5 regions, from the Spanish
National Healthcare Network (Supplementary Table 1).

2.2. Study population

The source population included all individuals attended in the
participating hospitals during the study period, including both in-
patients (hospitalized) and outpatients (ambulatory). Subjects with a
confirmed DM diagnosis (at least one unambiguous, non-negated
mention of ‘DM’ in their EHRs, considering all alternative names)
were selected. Individuals were excluded if they had DM only registered
in the family history or a registered type of DM other than type 1 or type
2, such as gestational diabetes. Subjects with inconsistent ‘DM’ affir-
mation were also excluded. This refers to individuals whose EHRs en-
tries either included speculative mentions of DM (e.g. “possible DM” or
“suspected DM”) or contained contradictions within the same patient’s
records such as an initial affirmative mention followed by a subsequent
negation, like “DM ruled out”.

After selection, individuals were assigned a DM type as reported in
the unstructured data as T1DM, T2DM or unregistered type of DM
(UrDM). Only persons with TIDM aged > 2 years and persons with
T2DM aged > 18 years were included in the study population. This age
filter was applied based on clinical relevance and data quality consid-
erations. TIDM is rare and diagnostically complex in children under 2
years, while T2DM in individuals under 18 tends to follow different
clinical trajectories and is less consistently documented in hospital
EHRs. Further filters were applied to refine the study population and
ensure the inclusion of informative and accurate DM cases. In this re-
gard, only patients with at least one of the following conditions were
included in the final study population (sT1DM and sT2DM): DM-specific
treatment (oral antidiabetic drugs and insulins), visits to core medical
departments, follow-up data, and glycated hemoglobin (HbAlc) infor-
mation. These sT1DM and sT2DM were used for descriptive analysis and
to calculate the prevalence of DM. Additionally, a further descriptive
analysis was performed, stratifying sT1DM and sT2DM patients based on
their history of hospitalization (hospitalized or attended) in the time
window from 12 months before to 2 months after their inclusion.

2.3. Data extraction

Clinical data recorded as unstructured free text was analyzed using
the EHRead® technology following previously described methods [18].
This data-driven methodology relies on NLP and ML using SNOMED CT
terminology to generate a synthetic database that contains any detection
of medical concepts (and associated metadata) from the source popu-
lation [19-20]. Further details on the EHRead® technology including its
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reading performance are provided in the Supplementary Methods and
Supplementary Table 2.

2.4. Study variables

The full list of study variables evaluated in the unstructured data was
elaborated and curated by medical experts. It included patient de-
mographics, comorbidities, complications, laboratory parameters, and
pharmacological treatments. All variables were defined as binary,
except for age and laboratory parameters, which were defined as nu-
merical. We performed a retrospective cross-sectional analysis of all
individuals and variables at inclusion date —the date when individuals
met all inclusion criteria— and, during the follow-up period —from
inclusion to the last EHR available within the study period. To evaluate
the clinical history of individuals, all available EHRs prior to the study
period were considered for analyses.

Variables were analyzed using defined time windows to improve
data extraction from EHRs. For repeatedly recorded variables within
these windows, the value closest to the patient’s inclusion date was
selected. Chronic kidney disease (CKD) was defined based on clinical
criteria when the following terms or clinical concepts appeared in free-
text: CKD, nephrotic syndrome, impaired renal function, urine albumin
> 30 mg/24 h, urine albumin to creatinine ratio (ACR) > 30 mg/g, urine
proteins > 150 mg/dL, creatinine > 1.2 mg/dL, glomerular filtration
rate (GFR) < 60 mL/min/1.73 m?.

2.5. Classification of persons with DM: Classification predictive model
training, validation and data analyses

For the classification predictive model and due to the lack of con-
sistency in reporting DM type within the EHRs, a semi-supervised ML
classifier was used to assign DM type to patients with UrDM. The model
examined the variable patterns of both labeled (with known DM type)
and unlabeled cases (UrDM) and learned from them to classify UrDM
into TIDM or T2DM. Importantly, this method allowed the incorpora-
tion of patient features beyond those that were clinically associated with
DM type, using the feature patterns detected in labeled patients to
inform the classification of UrDM. We defined T1DM as the positive class
and T2DM as the negative class due to the lower prevalence of TIDM.
This approach mitigates class imbalance and ensures that performance
metrics such as precision and sensitivity provide an accurate assessment
of the model’s detection capabilities. The training set included all UrDM
individuals and a random subset including 80% of those with reported
DM type, leaving the remaining 20% for further internal validation. A
total of 107 variables were evaluated for the classification
(Supplementary Table 3). Sample size estimation for training the clas-
sification predictive model is provided in the Supplementary Methods
section.

We defined the variables used for classification following a data-
driven approach, analyzing their presence or absence in the EHRs. For
example, we considered whether variables like laboratory tests were
mentioned and the frequency of such mentions, rather than focusing on
specific values. This approach avoided missing data by treating non-
mention as zero allowing the inclusion of a wide range of potential
features, despite variation in documentation frequency across concepts.

A Random Forest (RF) classifier from Scikit Learn was fitted to the
training set using default hyper-parameter settings and a fixed random
seed for reproducibility. Individuals with UrDM were included in
training through a semi-supervised approach, combining the RF algo-
rithm with a self-training classifier to utilize unlabeled data for
improved classification and generalizability. All available data for each
person was used to extract these variables, with no time point or period
window restrictions.

Model performance was evaluated on the validation set using metrics
such as precision, recall (sensitivity), accuracy, specificity, F1-score, and
F0.5-score. We estimated 95% Confidence Intervals (CIs) through
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bootstrapping (1,000 splits). Additionally, we compared the semi-
supervised ML classifier performance to a clinical decision algorithm
based on insulin and oral hypoglycemics drugs use, age, and obesity,
developed by an expert panel of two endocrinologists, a cardiologist,
and a nephrologist (Supplementary Fig. 1). Given the lower prevalence
of TIDM compared to that of T2DM, the evaluation prioritized ap-
proaches with higher precision and F0.5-score, aiming to minimize
misclassification of T2DM as T1DM.

Hospital DM prevalence was calculated annually dividing the num-
ber of persons with DM by the number of total persons attended in the
hospital that year. Crude population prevalence was calculated by
dividing the number of persons with DM by the at-risk population in
hospital areas, detailed by age group and sex from 1970 to 2021 Spanish
demographic data. Adjusted prevalence was derived by age and sex
weighting. Prevalence results for each hospital were averaged into a
single estimate, and the 95% CIs were calculated.

Cumulative incidences of DM complications were estimated using
the Kaplan-Meier method, excluding pre-existing conditions at inclusion
and censoring individuals without events at their last follow-up. Labo-
ratory parameter evolution was assessed with generalized additive
models (GAMs), presenting prevalence, and GAM outputs with estima-
tors and 95% Cls. Variables were summarized in descriptive tables as
frequencies for categorical/binary data and means, standard deviations,
or medians and quartiles for numerical data, noting the count of avail-
able values. Missing free-text information from binary variables, such as
comorbidities was interpreted as no occurrence or absence of the char-
acteristic (i.e., true zero values), while multi-level categorical variables
(e.g., lifestyle factors) and numeric variables (e.g., laboratory parame-
ters) were not imputed. The frequency of available data was reported for
each case.

Data analysis was performed using “R” software (version 4.0.2) and
Python (version 3.7.12).

2.6. Ethical considerations and study approval

This study received approval from the Institutional Review Board of
the reference center, Hospital Universitario La Fe in Madrid, Spain
(approval number CEIm-F-PE-01-14 Ed.01-ACTA 475-12/02/2020),
which also endorsed the waiver of informed consent due to the sec-
ondary use of anonymized EHR data, no direct patient interaction,
minimal risk to participants, and robust data security measures to pre-
vent re-identification. The study adheres to the Declaration of Helsinki,
the General Guidance for Secondary Studies Conducted in Electronic
Healthcare Databases, and the TRIPOD reporting guidelines [21].
Further details are explained in the Supplementary Methods.

3. Results
3.1. Study population

A total of 2,582,778 individuals visited the participating hospitals
during the study period. From this source population, 56,181,954 EHRs
were processed by EHRead®. Overall, 638,730 individuals had at least
one non-negated ‘DM’ and/or related terms mentioned in their EHRs. Of
these, 20,905 (3.3%) and 136,088 (21.3%) individuals had a reported
type of TIDM and T2DM, respectively. The remaining 481,737 in-
dividuals (75.4%) had inconsistent or unregistered information in their
EHRs regarding the type of DM and were labelled as UrDM. After
applying the semi-supervised ML classifier and the study exclusion
criteria for each DM type, 41,028 (6.5%) and 588,756 (93.5%) persons
were assigned type T1DM and type T2DM, respectively (Fig. 1). The
semi-supervised ML classifier outperformed the clinically guided deci-
sion algorithm with a precision of 0.956 (95% CI, 0.946 to 0.966)
compared to 0.497 (95% CI, 0.484 to 0.509), and offered a more clini-
cally plausible T2DM/T1DM ratio. Table 1 shows the performance of
both models including also other metrics such as the precision,
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Table 1
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Performance comparison between the semi-supervised model and clinically guided decision algorithm.

Evaluation metrics

Strategy Specificity Sensitivity Precision F1-score F0.5-score Accuracy AUC-ROC
Semi-supervised ML classifier 0.998 (0.997, 0.350 (0.334, 0.956 (0.946, 0.512 (0.494, 0.710 (0.695, 0.913 (0.911, 0.805 (0.796,
0.998) 0.364) 0.966) 0.527) 0.723) 0.915) 0.814)
Clinical decision algorithm 0.925 (0.922, 0.497 (0.481, 0.497 (0.484, 0.497 (0.484, 0.497 (0.485, 0.869 (0.866, NA*
0.928) 0.512) 0.51) 0.509) 0.509) 0.872)
Diabetes mellitus population groups
T1DM T2DM T2DM/T1DM ratio
Population by semi-supervised 41,028 (6.5) 588,756 (93.5) 14.3
ML classifier
Population by clinical decision 150,741 (23.9) 478,921 (76.1) 3.2

algorithm

Abbreviations: T1DM, type 1 diabetes mellitus; T2MD, type 2 diabetes mellitus; AUC-ROC, area under the curve of the receiver operating characteristic; NA, not
applicable. Results for the validation set only. Findings are reported as mean and 95% confidence interval. Metrics indicate poor (< 0.5), modest (0.5-0.7), moderate

(0.7-0.85) or high (> 0.85) predictive performance.

* The clinically guided decision algorithm is rule-based and does not output probabilities, then AUC-ROC could not be computed.

sensitivity, F1-score, F0.5-score, and accuracy as well as the final pop-
ulations obtained. After excluding the possible false positive and non-
informative individuals, a total of 30,441 individuals with T1DM and
448,733 individuals with T2DM comprised the final subpopulations
sT1DM and sT2DM, respectively (Fig. 1). Patient characteristics with
respect to the variables used to define the subpopulations are shown in
Supplementary Table 4.

3.2. Prevalence of TIDM and T2DM in the hospital setting

Prevalence calculations by year and by DM type subpopulation,
including subgroup analysis stratified by age group and sex are shown in
Table 2. Overall, DM prevalence ranged between 28.3%-30.7% in the
study period with prevalence in sT1DM and sT2DM ranging between
1.9%-2.1% and 26.2%-28.6%, respectively. Overall, the crude preva-
lence was 15.1% for both males and females, with rates of 0.5-0.6% for
T1DM and 14.7-14.5% for T2DM, respectively for each sex. The crude
prevalence of TIDM remained relatively stable across different age
groups and sexes. However, T2DM prevalence showed a progressive
increase related to age: it was recorded at 11.6% (95% CI, 7.4 to 15.8) in
individuals aged 45-59 years, increased to 19.1% (95% CI, 12.9 to 25.3)
in those aged 60-74 years, and reached 28.5% (95% CI, 18.0 to 39.0) in
the group over 75 years (Table 2). The age-adjusted prevalence of DM is
reported in Supplementary Table 5.

3.3. Demographic and clinical characteristics of persons with DM in the
hospital setting

Demographic, clinical characteristics, and laboratory parameters
were described in the sT1DM and sT2DM subpopulations (Table 3). For
both subpopulations the proportion of men and women was close to 50%
(women, 53.1% and 52.3%, respectively). The median (Q1; Q3) age of
sT1DM individuals was 17 years (11; 45), of whom 12.1% were older
than 65 years at inclusion. The most common registered comorbid
conditions in both sTIDM and sT2DM individuals were hypertension
(32.9% and 62.1%, respectively), dyslipidemia (29.8% and 58.1%), CKD
(25.7% and 28.5%), ischemic heart disease (IHD, 10.6% and 18.8%),
and chronic heart failure (CHF, 12.6% and 16.9%). For all parameters,
the percentage of available information in the free text of EHRs was less
than 50%. Among sT1DM individuals with available data, main values
(median [Q1; Q3]) included: HbAlc, 7.3% (5.8; 8.7), with 56.1% of
persons having HbAlc levels > 7%; serum creatinine, 0.7 mg/dL (0.5;
0.9); estimated glomerular filtration rate (eGFR), 99.8 mL/min/1.73 m?
(72.3; 129.6), with 14.5% of individuals having an eGFR < 60 mL/min/
1.73 mz; low density lipoprotein (LDL) cholesterol, 99 mg/dL (78; 122),
with 51.2% of individuals having LDL levels < 100 mg/dL. Among

sT2DM individuals, the corresponding values were: HbAlc, 6.2% (5.6;
7.1), with 29.5% of persons having HbAlc levels > 7%; serum creati-
nine, 0.9 mg/dL (0.7; 1.1); eGFR, 78.4 mL/min/1.73 m? (58.9; 97.6),
with 26.1% of individuals having an eGFR < 60 mL/min/1.73 m%; LDL
cholesterol, 99 mg/dL (75; 126), with 50.4% of individuals having LDL
levels < 100 mg/dL. Information on albuminuria was available for 6.5%
of sT1DM, of whom 75.8% had microalbuminuria and 1.5% had mac-
roalbuminuria, and for 3.1% of sT2DM, of whom 51.9% had micro-
albuminuria and 2.3% had macroalbuminuria. For the sT1IDM and
sT2DM subpopulations, DM-specific treatments as well as other phar-
macological therapies for the management of comorbidities and com-
plications associated with DM are shown in Supplementary Table 6,
including antiplatelet agents (10.6% in sTIDM and 25.6% in sT2DM),
anticoagulants (3.3% and 11.5%), antihypertensives (11.8% and
23.7%), and statins (6.4% and 14.6%).

The analysis of clinical characteristics and laboratory parameters
related to health metrics in persons with T1DM and T2DM (some of them
critical for assessing cardiovascular risk) revealed a notable proportion
of missing data in both groups (Table 3). For example, HbAlc data was
available only for 12.2% of T1DM and 10.7% of T2DM persons. Simi-
larly, other key clinical and laboratory variables showed high pro-
portions of missing data across both TIDM and T2DM groups, with
availability often below 15%.

When analyzing attended and hospitalized patients, we observed
similar demographic characteristics among individuals with T1IDM. In
contrast, among those with T2DM, the median age (Q1, Q3) was 67
years (52, 79) for hospitalized patients and 57 years (42, 71) for
attended patients. In both TIDM and T2DM populations, hospitalized
patients more frequently reported smoking history and relevant
comorbidities such as CKD, IHD, or CHF, and notable differences in
laboratory parameters were observed between attended and hospital-
ized patients. Detailed information on these data is provided in Sup-
plementary Table 7.

3.4. Evolution of DM individuals in the hospital setting

We followed up 88.0% of the sTIDM and 85.5% of the sT2DM sub-
populations for a minimum of 12 months, and 37.6% and 35.2%
(respectively) for at least 60 months. The median (Q1; Q3) follow-up for
sT1DM was 40.1 months (23.2; 55.2), and 38.2 months (20.3; 54.0) for
sT2DM. Analysis of the cumulative incidence of DM-related complica-
tions is shown in Fig. 2. In both diagnostic groups, CKD, CHF and IHD
were the DM-related complications with the highest cumulative inci-
dence during follow-up. In sT1DM, the cumulative incidence of these
complications at 60 months was 20.8%, 16.0% and 11.7%, respectively.
In sT2DM individuals, the corresponding incidences were 28.2%, 22.1%
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8 hospitals
1Jan 2013 to 31 Dec 2018

— -

56,181,954 EHRs

——

Source population

N = 2,582,778

Excluded:

section

T1DM or T2DM

Patients with mentions of DM only in the family history

Patients only with documented type of DM other than

Patients with only inconsistent DM affirmations

Patients with DM
N = 638,730

T1DM
N = 20,905 (3.3%)

UrDM
N = 481,737 (75.4%)

T2DM
N = 136,088 (21.3%)

Semi-supervised ML classifier

TiDM

N = 41,028 (6.5%)

T2DM
N = 588,756 (93.5%)

TiDM T2DM
N = 24,587 N =457,150
Excluded < 2 years Excluded < 18 years
Excluded:

¢ No treatment &

* No visits to core departments &
* No follow-up visits &

* No HbA1c value information

sTIDM
N =30,441 (74.2%)

sT2DM
N = 448,733 (76.2%)

Fig. 1. Patient flow chart. Abbreviations: DM, diabetes mellitus; EHR, electronic health record; HbAlc, glycated hemoglobin; ML, machine learning; sT1DM, T1DM
subpopulation which excluded non-informative individuals; sT2DM, T2DM subpopulation which excluded non-informative individuals; T1DM, type 1 diabetes
mellitus; T2DM, type 2 diabetes mellitus; UrDM, unregistered type of diabetes mellitus.
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Table 2
Prevalence of diabetes.

Diabetes Research and Clinical Practice 226 (2025) 112214

Attended population prevalence, % (95% CI)*

Year Overall T1DM T2DM

2013 28.9 (23.4-34.4) 1.9 (1.2-2.6) 27.0 (21.4-32.6)

2014 30.4 (26.8-34.0) 2.1(1.4-2.8) 28.3 (24.8-31.8)

2015 30.7 (27.1-34.3) 2.1 (1.4-2.8) 28.6 (25.1-32.0)

2016 30.5 (26.9-34.1) 2.1 (1.4-2.7) 28.4 (25.0-31.8)

2017 30.1 (26.5-33.7) 2.0 (1.3-2.6) 28.1 (24.7-31.6)

2018" 28.3 (23.8-32.7) 2.1 (1.3-2.8) 26.2 (22.1-30.3)

Crude prevalence, % (95%CI)

Age group Overall T1DM T2DM

All Male Female All Male Female All Male Female
All 15.1 (9.3-20.9) 15.1 (9.4-20.9) 15.1 (9.2-20.9) 0.5 0.5 0.6 14.6 (9.0-20.2) 14.7 (9.1-20.3) 14.5 (8.8-20.1)
(0.3-0.7) (0.3-0.6) (0.4-0.8)

18-29 10.1 (5.7-14.5) 9.1 (5.1-13.1) 11.1 (6.3-16.0) 1.0 0.8 1.1 9.1 (5.2-13.0) 8.3 (4.7-11.8) 10.0 (5.8-14.3)
years (0.4-1.5) (0.3-1.3) (0.5-1.7)

30-44 10.8 (6.0-15.6) 10.1 (5.6-14.5) 11.5 (6.4-16.7) 0.6 0.4 0.8 10.2 (5.6-14.8) 8.3 (4.7-11.8) 10.0 (5.8-14.3)
years (0.4-0.9) (0.3-0.6) (0.5-1.2)

45-59 11.9 (7.6-16.3) 12.2 (7.9-16.5) 11.7 (7.4-16.0) 0.4 0.4 0.4 11.6 (7.4-15.8) 11.8 (7.6-16.1) 11.3 (7.1-15.5)
years (0.3-0.5) (0.2-0.5) (0.3-0.6)

60-74 19.5 21.8 17.5 0.4 0.4 0.4 19.1 21.3 17.1
years (13.2-25.8) (14.9-28.6) (11.6-23.4) (0.3-0.6) (0.3-0.6) (0.3-0.6) (12.9-25.3) (14.7-28.0) (11.4-22.9)

> 75 years 29.0 31.5 27.3 0.5 0.5 0.5 28.5 30.9 26.8

(18.3-39.7) (20.1-42.8) (17.0-37.5) (0.3-0.7) (0.3-0.7) (0.3-0.7) (18.0-39.0) (19.8-42.1) (16.8-36.8)

Abbreviations: CI, confidence interval; T1DM, type 1 diabetes mellitus; T2DM, type 2 diabetes mellitus.

" Results were aggregated by hospital and presented as mean prevalence (95% CI) for each year of the study period.

@ Three of the eight participating hospitals had only partial data for 2013 and 2018 and were therefore excluded from the analysis for these years. Attended
population includes hospitalized and ambulatory patients attended to the participating hospitals.

and 17.0%, respectively. All other DM-related complications, regardless
of their relative incidence, also increased 2- to 3-fold during the study
period in both sT1DM and sT2DM subpopulations (Supplementary Table
8).

Smooth plots showing the values of the main extracted laboratory
parameters recorded in the unstructured data over the follow-up period
are shown in Supplementary Fig. 2. Overall, data on laboratory pa-
rameters were reported for fewer than 20% of the included persons.
HbAlc levels exhibited a slight decrease in T1DM and stability in T2DM,
GFR and LDL cholesterol levels decreased, whereas serum creatinine and
high-density lipoprotein (HDL) cholesterol levels increased over time in
both sT1DM and sT2DM individuals.

4. Discussion

Unstructured medical data, such as clinical notes, often captures
richer and more nuanced information than structured data, providing
narrative and contextual details that predefined forms cannot [22].
However, analyzing and exploiting unstructured data requires advanced
Al techniques like NLP and ML. To the extent of our knowledge, this
work represents the most significant attempt to leverage unstructured
data recorded in patients’ EHRs in the field of DM in Spain. Using these
technologies, our study highlights the high prevalence of DM in Spanish
hospitals, with a notable burden of cardiovascular and renal comor-
bidities and complications. Although our findings demonstrate the po-
tential of these technologies to address this challenge, they also indicate
room for improvement in leveraging the information contained within
EHR narratives.

First, our data highlight the need for enhanced documentation
practices emphasizing the importance and necessity of generating
comprehensive reports in EHR narratives in the clinical environment.
Specifically, we found that only about a quarter of the subjects in our
cohort of individuals with DM had registered their specific DM type in
line with previous publications showing that half of DM individuals had
unregistered type of DM [9,11]. Despite this, Al techniques allowed us to
develop a semi-supervised ML classifier with better classification metrics

and more clinically plausible T2DM/T1DM ratio compared to a clini-
cally guided algorithm, thereby enabling prevalence calculations. The
results showed that the prevalence of T1DM remained stable throughout
the study period (ranging from 1.9% to 2.1%) whereas T2DM prevalence
showed a more noticeable gradual shift (from 26.2% to 28.6%). In this
regard, persons with T2DM are often hospitalized due to conditions
other than DM [23-26], and detailed information on their clinical pro-
files in hospital settings is crucial for devising strategies to enhance
disease management and minimize the risk of complications. Interest-
ingly, we found that among included T2DM persons, those who required
hospitalization were older, more likely to smoke, and had more
comorbidities than those who were attended without the need for
hospitalization.

Approximately 30% of individuals with TIDM and 60% of those with
T2DM in our cohort had documented hypertension, aligning with pre-
vious reports of 30-40% for T1IDM [27], and up to 80% for T2DM [28].
Dyslipidemia, a key cardiovascular risk factor [30], was reported in
about a third of individuals with TIDM and over a half of T2DM in-
dividuals, with literature rates ranging from 28% to 67% in T1DM [29]
and 25% to 95% in T2DM [30-31], depending on population and defi-
nitions used, complicating direct comparisons with our findings.

CHF and CKD, frequently co-occurring in DM, are mutually exacer-
bating conditions that increase risks of hospitalization, intensive care,
kidney replacement therapy, and mortality [32-42]. In our cohort, at
inclusion, IHD or CHF was reported in 10% of individuals with T1DM
and 18% of those with T2DM, while CKD was noted in 25% of T1DM and
28% of T2DM cases. Population registries report lower rates of IHD
(4.2% in T1DM, 8.6% in T2DM) and CHF (3.1% in T1DM, 7.5-15% in
T2DM) [41]. CKD prevalence in T1DM aligns with previous estimates
(18-20%) [35,38,43], while T2DM shows a broader range (21-50%)
influenced by diagnostic criteria, demographics, and medical manage-
ment [34-35,38,43-44]. Notably, a prior Spanish study in primary care
practices reported a 24% CKD prevalence in T2DM [43], consistent with
our findings.

The higher frequencies observed in our study may be related with the
characteristics of our source population, which include individuals
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Table 3
Patient demographic, clinical and analytical characteristics at baseline.
Characteristic sT1DM sT2DM
(N = 30,441) (N = 448,733)

Demographics and toxic habits

Female sex, n (%)" 16,160 (53.1) 234,544 (52.3)

Age, years®
Median (Q1, Q3) 17 (11, 45) 61 (46, 75)
> 65 years 3,692 (12.1) 198,386 (44.2)
BMI, kg/m?
Available, n (%) 2673 (8.8) 18,456 (4.1)

Median (Q1,Q3)
Smoking history”

21.1 (16.8, 26.5) 29 (24.3, 34.2)

Available, n (%) 6,462 (21.2) 164,245 (36.6)
Current smoker, n (%) 2,444 (37.8) 60,672 (36.9)
Ex-smoker, n (%) 1,495 (23.1) 63,207 (38.5)
Never smoker, n (%) 2,523 (39.1) 40,366 (24.6)

Comorbidities and diabetes-related complications, n (%)

Hypertension 10,009 (32.9) 278,534 (62.1)
Dyslipidemia 9,081 (29.8) 260,602 (58.1)
Chronic kidney disease 7,831 (25.7) 127,872 (28.5)
Ischemic heart disease 3,225 (10.6) 84,438 (18.8)
Chronic heart failure 3,823 (12.6) 75,808 (16.9)
Peripheral vascular disease 2,030 (6.7) 58,765 (13.1)
Atrial fibrillation 2,089 (6.9) 53,661 (12.0)
Obesity* 1,729 (5.7) 40,960 (9.1)
Cerebrovascular disease 1,288 (4.2) 33,384 (7.4)
Peripheral arterial disease 442 (1.5) 13,756 (3.1)
Diabetic retinopathy 1,461 (4.8) 10,470 (2.3)
Diabetic neuropathy 1,051 (3.5) 4,772 (1.1)
Foot amputation 64 (0.2) 1,123 (0.3)

Laboratory parameters’

HbAlc [%]'
Available, n (%) 3,700 (12.2) 48,211 (10.7)
Median (Q1,Q3) 7.3 (5.8,8.7) 6.2 (5.6, 7.1)
HbAlc > 7%, n (%) 2,077 (56.1) 14,246 (29.5)

Serum creatinine [mg/dL]’

Available, n (%) 11,056 (36.3) 221,503 (49.4)

Median (IQR) 0.7 (0.5-0.9) 0.9 (0.7-1.1)

Creatinine > 1.2 mg/dL, n (%) 1,145 (10.4) 43,761 (19.8)
GFR [mL/min/1.73 m?] ** **¢

Available, n (%) 9,364 (30.8) 222,969 (49.7)

Median (Q1, Q3) 99.8 (72.3, 129.6) 78.4 (58.9, 97.6)

GFR > 90", n (%) 5,619 (60.0) 76,772 (34.4)

GFR 60-90", n (%) 2,391 (25.5) 88,009 (39.5)

GFR 30-60", n (%) 972 (10.4) 45,565 (20.4)

GFR < 30", n (%) 382 (4.1) 12,623 (5.7)
Albuminuria, n (%)"***

Available, n (%) 1,970 (6.5) 14,068 (3.1)

Normoalbuminuria 447 (22.7) 6,452 (45.9)

Microalbuminuria 1,494 (75.8) 7,295 (51.9)

Macroalbuminuria 29 (1.5) 321 (2.3)
Lipid profile

Total cholesterol [mg/dL]'

Available, n (%) 5,833 (19.2) 90,629 (20.2)

Median (Q1, Q3) 169 (143, 201) 170 (138, 205)

Total cholesterol < 200 mg/dL", n (%) 4,287 (73.5) 64,934 (71.6)
HDL [mg/dL]’

Available, n (%) 3,616 (11.9) 63,320 (14.1)

Median (Q1, Q3) 51 (40, 63) 45 (35, 56)

HDL > 50 mg/dL\, n (%) 1,968 (54.4) 24,183 (38.2)
LDL [mg/dL]’

Available, n (%) 4,302 (14.1) 70,870 (15.8)

Median (Q1, Q3) 99 (78, 122) 99 (75, 126)

LDL < 100 mg/dL\, n (%) 2,204 (51.2) 35,697 (50.4)

LDL < 70 mg/dL", n (%) 720 (16.7) 13,874 (19.6)
Triglycerides [mg/dL]

Available, n (%) 5,631 (18.5) 87,961 (19.6)

Median (Q1, Q3) 89 (63, 134) 112 (81, 161)

Abbreviations: BMI, body mass index; GFR, glomerular filtration rate; HbAlc,
glycated hemoglobin; HDL, high density lipoprotein; LDL: low density lipopro-
tein; IQR, interquartile range; SD, standard deviation; sT1DM, final type 1 dia-
betes mellitus subpopulation; sT2DM, final type 2 diabetes mellitus
subpopulation.
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# All calculated percentages include patients with missing information.

b Data extracted and analyzed considering all information up to 2 months after
inclusion date.

¢ Data extracted and analyzed considering all information up to the inclusion
date.

4 Data extracted and analyzed considering all information between 12 months
before index date and up to 2 months after index date.

“ Obesity was extracted as both direct variable (e.g., mention of obesity in
EHRs) and inferred variable (i.e., BMI > 30).

“* GFR data were extracted as both direct variable (i.e., mention of GFR value
in EHRs) and inferred variable (i.e., a posteriori calculation using the CKD-EPI
creatinine equation, with available patient information, including sex, age, and
creatinine).

" Albuminuria data were extracted from detection of the terms “normo/
micro/macroalbuminuria” in the free text.

¥ Percentage of patients with at least one laboratory value meeting the con-
dition in the analyzed time window; data calculated considering only patients
with available information on the specified laboratory parameter.

! For analytical parameters, if multiple datapoints were available for a single
patient, the value closest to the end of the year was considered for analysis.

managed in hospital settings, with higher incidence of general and
cardiovascular comorbidities. However, it is worth noting that although
hospitalized T2DM could have more complex clinical profiles, poten-
tially due to a higher burden of comorbidities, this observation may also
be influenced by reporting bias, as hospitalized individuals often have
more detailed documentation of their medical history. This could limit
direct comparisons with other population-based studies.

Regarding treatment for comorbidities, acetylsalicylic acid was the
most used antiplatelet, acenocoumarol the main anticoagulant, and
statins the most common lipid-lowering therapy, with first-line agents
dominating antihypertensive use. However, treatments were under-
reported, potentially underestimating their actual use in this population.

On the other hand, our study observed a 2- to 3-fold increase in the
cumulative incidence of DM-related complications, including CHF, IHD,
and CKD, during the 60-month follow-up period across all individuals.
These findings underscore the high-risk profile of this population and
highlight the need of close monitoring to manage diabetes and address
modifiable factors contributing to CKD and cardiovascular complica-
tions [45].

Despite a large cohort size, a significant proportion of data was
missing for several key health metrics, including HbAlc, BMI, albu-
minuria, and LDL cholesterol levels. For instance, over 85% of the data
for most of these variables was unavailable, which limits the ability to
draw comprehensive conclusions about the entire patient population. In
the context of a descriptive study with high percentages of missing data,
we did not impute these missing values to avoid potential inaccuracies
[46]. Additionally, in this case, the missing data did not occur
completely at random, as there is evidence that in EHRs, altered data are
reported more frequently [47]. Therefore, imputation could have
introduced a systematic bias that would undermine the validity of any
imputed values. It is worth noting that these findings related to missing
data underscore the necessity for a combined analysis of structured and
unstructured data to assess these variables more effectively. This can
provide a more comprehensive and accurate understanding of patients’
clinical conditions enhancing the quality and depth of insights derived
from EHR data, ultimately improving patient care and clinical decision-
making [48-50].

The main strength of this multicenter study is the analysis of a vast
amount of EHRs from 8 Spanish hospitals spanning a study period of 6
years. The application of EHRead® NLP technology allowed us to extract
and interpret unstructured RWD to estimate the prevalence of DM,
T1DM and T2DM, in the Spanish population attending the hospital
setting. On the other hand, the superior performance of our model
compared to the clinical decision algorithm reflects the capability of ML
to uncover hidden patterns in the data, extending beyond traditionally
known variables. However, there are also some limitations, mainly tied
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to data source and extraction challenges. Some important variables to
characterize DM are more frequently reported as structured information
within the EHRs. Then, in our study, the lack of comprehensive docu-
mentation on critical variables like laboratory results or concurrent
treatments, restricts deriving conclusive insights, limiting the detailed
characterization of the clinical phenotype of the study population. In
this regard, the inclusion of other important variables, such as vital signs
—including blood pressure values— would have been of interest. Un-
fortunately, those parameters were less present than laboratory vari-
ables in free text with much smaller number of recordings per person,
and thus, not available to include as a result. Additionally, focusing on
the population attended in the hospital setting, which presents high
comorbidity and complexity, may restrict the generalizability of the
results to a broader population. Moreover, other ensemble methods
could be explored to further improve the performance of semi-
supervised model to classify individuals with unregistered type of DM.

In summary, this is the first study using unstructured data extracted
with NLP and ML techniques to assess the prevalence and clinical
characteristics of DM individuals attending tertiary hospitals in Spain,
including both hospitalized and ambulatory individuals. Our findings
showed a high prevalence of the disease in the study population with a
significant burden of comorbidities and complications, particularly CKD
and CHF. While information extracted from free-text narratives provides
a valuable resource for improving the understanding of this condition, it
is crucial to improve data recording practices to maximize the utility of
NLP technology. Additionally, future studies should prioritize inte-
grating unstructured data with structured data to overcome current
limitations. This integration would enable a more comprehensive and
accurate analysis of patient information, ultimately enhancing informed
clinical decision-making and healthcare strategies.

Beyond its capacity for massive data extraction reported in EHRs, the
use of NLP and ML techniques holds considerable promise for real-time
clinical decision-making. These technologies can facilitate the rapid
identification of high-risk individuals and detect early signs of compli-
cations, such as CKD and CHF, directly from unstructured clinical nar-
ratives. These tools can enable timely interventions, optimize resources,
and personalize treatment plans. Further studies are needed to develop
algorithms that can reliably perform these identifications advancing
proactive, data-driven diabetes management and improving patient
outcomes.
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