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Billing data from statutory health insurance funds constitute an
essential resource for healthcare research, as they are available in an
anonymised, cross-sectoral and standardised format. Traditional statistical
analysis methods offer advantages in data exploration as the complexity
and volume of data increase. In Germany alone, around 3.17 billion
diagnoses are documented annually (Barmer 2024), supplemented by
further extensive health data such as medication, surgical and billing
information. Artificial intelligence (AI) – through machine learning and
established statistical methods – expands the scope of analysis by
capturing non-linear relationships within large, diverse datasets. In practice,
this is evident in ICD/ATC codes with a very large number of variants:
compact, learned numerical representations (embeddings) condense the
catalogues or codes into meaningful features and utilise similarities as well
as historical information. Traditional alternatives exist, but require more
explicit structural assumptions and implementation effort. AI-supported
models can thus achieve higher predictive accuracy and open up additional
perspectives, e.g. for targeted intervention programmes to avoid
unnecessary healthcare expenditure. In doing so, AI by no means replaces
medical expertise, but rather specifically enhances it with data-driven
insights and hypothesis generation. The aim of this project was to use
modern AI methods to systematically identify multimorbid insured
individuals in whom the underlying condition is masked by further illnesses
or complex combinations of diseases. By combining longitudinal cost data
with data on healthcare utilisation, the aim is to identify outliers and create
differentiated disease profiles.

>> For this study, an anonymised extract from longitudinal German
insurance data, prepared for analytical purposes, was used. The study
included insured individuals for whom a confirmed diagnosis of type 2
diabetes mellitus (ICD-10: E11) was documented on an outpatient or
inpatient basis in the first quarter of 2019 (index quarter) . A further criterion
was that they were subsequently either continuously insured for at least 15
quarters and could be followed up, or died during the observation period (16
quarters, 1 January 2019 to 31 December 2022).

Summary
Introduction: Multimorbidity poses challenges for healthcare

provision, as complex disease trajectories are only partially captured by
conventional methods. Using diabetes as a case study, this project
investigates how AI methods can identify patient groups within
anonymised routine statutory health insurance data. The aim is to



describe patterns of morbidity in order to identify outliers and complex
care constellations.

Methods: Anonymised longitudinal statutory health insurance data
were used, including ICD diagnoses, ATC drug prescriptions, cost data
and socio-demographic characteristics. The data were converted into
vectors using neural networks. Embeddings, HDBSCAN, UMAP, pattern
mining and vector variance analysis were employed.

Results: The analysis shows that multimorbid patient groups can
be described in a differentiated manner. Correlations between disease
patterns, resource consumption, and stable and dynamic disease
courses became apparent.

Discussion: The results highlight the potential of AI-supported
analyses and open up new approaches for the further development of
healthcare research and more targeted management.
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For each insured person, quarterly sociodemographic characteristics
(age, gender, date of death), cost and utilisation data, all coded diagnoses
(ICD-10) and prescriptions (ATC codes) were extracted. The cost data
included outpatient and inpatient services, medicines and other services.
Service utilisation was recorded based on the number of doctor’s visits,
hospital admissions, days spent in hospital and prescribed medicines per
quarter.

The billing data contained up to five-digit ICD-10 and ATC codes per
quarter, with duplicates removed. Data preparation and reduction were
carried out with the aim of making the analysis data and models compatible
with the new Research Data Centre for Health (FDZ), thereby enabling
future research projects involving sensitive health data.
Design and methodology

The methodological approach of this study combines modern machine
learning techniques with classical statistical approaches to provide a
nuanced representation of complex disease progression in diabetes
mellitus. The individual steps of the analytical model are shown
schematically in Figure 1:

First, the coded diagnoses (ICD codes) and prescriptions (ATC codes)
are aggregated from the claims data for each insured person. These
aggregated codes are then transformed into purely numerical values
(embeddings), thereby making the originally categorical data usable for
machine learning procedures. Furthermore, vector embeddings are created,
i.e. a numerical representation of the data that captures the significance or
characteristics of the insured individuals as points in a multidimensional
space. This allows information such as cost, utilisation and
sociodemographic data (age and gender) to be combined into a
comprehensive multimodal vector (Pezeshkpour/Chen 2018).
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Finally, various embedding methods, such as Doc2Vec and
Transformer models, are trained and compared using quality metrics to
identify the most effective variant for further analysis.

Figure 1 illustrates this methodological pipeline – from data preparation
through the transformation and evaluation of embeddings, multimodal
feature engineering, to clustering and analysis of disease progression.

First, the insured profiles are clustered at quarterly level; subsequently,
temporal trends are mapped using a two-stage clustering process. Finally,
the resulting groups of insured individuals are analysed to identify typical
trajectories, risk profiles and notable patterns (Fig. 1).

Data preparation and feature engineering

The claims data used for this study consist predominantly of non-
numeric, variable ICD and ATC codes. In order for this data to be used in
machine learning procedures, a fixed-size numerical representation is
required that preserves the clinical meaning and relationships between the
codes (Pezeshkpour/Chen 2018). To achieve this, all ICD and ATC codes
documented over 16 quarters are aggregated for each insured person. The
resulting profile encompasses all diagnoses and medications from the last
four years and, through repeated occurrences, reflects chronic or persistent
conditions (Steiger/Kroll 2023).

By using the aforementioned embeddings, insured individuals with
similar clinical presentations are also closely clustered within the numerical
space. This allows both clinical similarities and interactions between
diagnoses and medications to be represented (Fig. 2).

The proven Doc2Vec model, which has already been successfully
applied to insured person data (Le/Mikolov 2014; Steiger/Kroll 2023), is
used for embedding generation. The DBOW variant is employed, which
focuses on the co-occurrence of codes – not their order.

Bayesian optimisation is used to fine-tune the model parameters
(Frazier 2018). The Rank Match Score (RMS) is used to evaluate
embedding quality; it measures how well the model correctly groups
diagnostically similar patients in the numerical space (Taskesen 2025;
Kendall 1938). The calculation is performed by comparing the spatial
distance in the embedding space with the similarity, for example using the
Jaccard coefficient. In addition, a pre-trained Pat2Vec model (Steiger/Kroll
2023) is adapted for the current dataset and validated against our own
model.

The result is a multimodal vector per insured person that integrates
medical, demographic and care-related characteristics and serves as the
basis for all further analyses.
Evaluation of the embeddings

The quality of the generated ICD and ATC code embeddings was
assessed using various complementary methods to evaluate both the
internal structure and the practical utility of the embeddings. The evaluation
was based on a large cohort of 341,887 patients, for whom all ICD and ATC
codes were analysed over 16 quarters. The study examined both
embeddings that represent ICD codes exclusively and those that represent



ICD and ATC codes jointly.
Overview of the methodological steps from data preparation to cluster
analysis

Fig. 1: Overview of the methodological steps from data preparation to cluster analysis. Own illustration.

ICD and ATC code embedding

Fig. 2: ICD and ATC code embedding. Own illustration.

As part of the intrinsic evaluation, we examined how well the
embeddings reflect the semantic proximity between medical codes and
insured person profiles. The Neighbourhood Overlap Score was used for
this purpose, which measures the extent to which neighbourhoods in the
embedding space correspond to clinical similarities. The value ranges from
0 (no match) to 1 (perfect match); higher values indicate better semantic
consistency (Chen/Buja 2009; Lin/Smith 2019; Flexer 2015).



For the extrinsic evaluation, we examine whether the representations
of the data actually prove useful in practical application scenarios. The
prototypical tasks selected here were predicting a patient’s gender
(classification) and aggregated healthcare costs (regression). These were
then predicted using a classical random forest approach. The purpose of
this analysis is to preserve the essential information within the data
following embedding. Model quality was assessed for gender using
accuracy and AUROC (Steiger/Kroll 2023), whilst the regression model
used Mean Absolute Error (MAE) and R² as evaluation metrics
(Steiger/Kroll 2023). A low MAE and high R² value indicate good model
quality and high-quality embeddings.

By combining these intrinsic and extrinsic evaluation methods, both the
internal structure and the practical applicability of the embeddings could be
comprehensively assessed.

Two-stage clustering of the multimodal embeddings

The clustering of the multimodal policyholder embeddings was carried
out using a two-stage procedure to account for both individual time points
and the temporal development of patient trajectories. In the first stage, the
individual embeddings of the policyholders were grouped separately for
each quarter using HDBSCAN (Hierarchical Density-Based Spatial
Clustering of Applications with Noise). This is a density-based clustering
method that identifies groups (clusters) of data points without the number of
clusters having to be specified in advance. To better structure the high-
dimensional data, UMAP (Uniform Manifold Approximation and Projection)
was previously used as a non-linear algorithm for dimensionality reduction
(Steiger/Kroll 2023; Malzer/Baum 2021). In the second stage, the cluster
assignments for a patient determined across all quarters were summarised
into a trajectory vector (the temporal progression of an object or system
through space), in which each dimension represents a quarter. These
vectors were clustered again using HDBSCAN, this time without UMAP,
employing the Hamming distance, as this optimally captures differences in
categorical values (Allaoui/Kherfi 2020). This two-stage clustering makes it
possible not only to analyse snapshots, but also to map the dynamics and
development of disease and patient pathways in a differentiated manner
over the observation period and to specifically identify groups of patients
with similar progression patterns.

Cluster analysis

A comprehensive cluster analysis was carried out to identify the
characteristic features for assigning an insured person to a specific cluster.
The aim was to clearly distinguish the groups of insured persons from one
another and to develop a distinct profile for each cluster in terms of disease
burden, care and resource consumption.

The embedding of the insured data was central to this process, as it
converts the multitude of non-numerical characteristics into a comparable
numerical form whilst preserving the semantic relationships between
diagnoses and medications. Only in this way was meaningful grouping
based on complex medical patterns possible.



For quantitative characteristics such as costs and utilisation, classical
descriptive statistics such as mean and standard deviation were calculated
to analyse the distribution within the clusters and identify typical care
profiles. Pattern mining was employed for the numerous diagnostic features
(ICD and ATC codes), which often occur in complex combinations (Heaton
2017). This allowed both frequent individual codes and characteristic
combinations and patterns within the clusters to be identified. For example,
one cluster could be characterised by the frequent co-occurrence of
diabetes (ICD E11), hypertension (ICD I10) and specific lipid-lowering drug
prescriptions (ATC C10AA). Comparing such patterns across the clusters
enabled the derivation of cluster-specific disease and/or medication profiles.

For further characterisation, the so-called vector variance was
calculated. It measures the average dispersion of a patient’s feature vectors
across all quarters under consideration. A low variance indicates stable,
consistent disease progression, whilst a high variance suggests dynamic or
fluctuating progression and treatment approaches.
Results

The analyses enabled a differentiated characterisation of diabetes
patients and revealed complex patterns in their disease progression,
comorbidities and resource utilisation. The results pertain to the evaluation
of the embedding models, the description of the identified patient groups
through clustering, and the analysis of characteristic medical patterns.

Model development and evaluation of patient embeddings

To convert the complex, non-numerical patient data (ICD and ATC
codes), various embedding approaches were developed and compared,
including the reference model Pat-2Vec, a randomised null model, several
Doc2Vec variants (including ICD-only and high-dimensional models), and a
specially trained Transformer model (Custom BERT). Performance was
evaluated using metrics such as overlap score, classification accuracy,
AUROC, mean absolute error (MAE) and coefficient of determination (R²).

The reference model showed the weakest results (overlap score 0.53;
accuracy 54%; AUROC 0.50; MAE €22,626; R² 0.00). The Pat2Vec model,
with an overlap score of 0.61, accuracy of 77%, AUROC of 0.84, MAE of
€18,831 and R² of 0.20, was already significantly better. The largest
Doc2Vec variant (60 dimensions) achieved an accuracy of 82%, AUROC of
0.89, an overlap score of 0.62, an MAE of €19,502 and, with an R² of 0.27,
the highest value of all models. The Custom BERT model outperformed all
other models with an overlap score of 0.69, accuracy of 82%, AUROC of
0.90, MAE of €18,295 and R² of 0.26.

Overall, the Transformer model (Islam/Saidul 2023) demonstrated the
best performance across all quality metrics, particularly in classifying patient
gender and predicting costs. The overlap score, which measures the ability
to group similar patients, was also highest here. The Pat2Vec model served
as a reference for the basic validation of the approach, but the experiments
with modern embedding methods highlight the potential of Transformer
technology for even more precise analyses and improved clustering results
(Table 1).



Patient characterisation through clustering analysis

The two-stage HDBSCAN cluster analysis, based on multimodal
embeddings, identified a total of 14 clusters within the cohort of over
340,000 people with diabetes. The seven most significant clusters can be
divided into five main groups: clusters with a stable course of diabetes,
high-risk clusters, clusters with high multimorbidity and mortality, clusters
with high medication costs, and a large cluster with high variability.

The two largest clusters (7 and 13) comprise approximately 131,000
patients with stable diabetes progression, a low average age (68 and 65
years respectively), relatively low vector variance, very low costs (600 euros
per year) and a 100% survival rate. The high-risk clusters 9 and 10
comprise approximately 14,000 patients with significantly higher ages (79
and 81 years respectively), high mortality (only 18% and 4% survivors
respectively), comparatively long hospital stays (10.5 and 12.1 days
respectively) and the highest costs (€8,600 and €10,100 respectively).
Cluster 4 (17,000 patients, age 81) is characterised by high multimorbidity
and moderate mortality (54% survival rate). Cluster 1 (approx. 3,900
patients) is notable for particularly high expenditure on medicines. The
subpopulation with high variability (–1), comprising 133,000 patients,
exhibits relatively high vector variance (13.5), a median age (72 years),
heterogeneous disease courses and a survival rate of 87%. Overall, there is
considerable heterogeneity within the diabetic population, with relatively
stable, highly complex and unstable disease courses, as well as specific
‘outlier groups’, being identified on the basis of the data.

A low vector variance indicates that the values within the vector space
show only minor deviations from the mean. This means that the vector
components are closely clustered around the mean and exhibit only a small
dispersion, i.e. scatter.

Medical patterns and characteristic disease combinations:

The detailed cluster analysis enabled the identification of common and
specific ICD and ATC code combinations. Particularly in typical diabetic
patients (clusters 7 and 13), the well-known triad of type 2 diabetes mellitus
(E11.9), essential hypertension (I10.9) and isolated hypercholesterolaemia
(E78.0) was observed. Other combinations, such as diabetes with



hyperlipidaemia (E78.5) and hyperuricaemia (E79.0), indicated metabolic
syndrome (Alberti et al. 2009). In addition, comorbidities such as knee
osteoarthritis (M17.9), atherosclerotic heart disease (I25.1) (Zhang et al.
2016), presbyopia (H52.2) and astigmatism (H52.4) were typical
(Klein/Klein 1997). In the high-risk clusters, rare but clinically particularly
relevant combinations were found, such as diabetes in combination with
hypokalaemia (E87.6) and acute respiratory failure (J96.0), with left heart
failure (I50.1) and acute renal failure (N17.9), or acute haemorrhagic
anaemia (D62) with diabetes and hypertension.

These results demonstrate that AI-supported analysis of claims data
can identify both typical and rare, clinically significant patterns based on
data – a crucial foundation for targeted care and intervention strategies.
Discussion and clinical implications

The results of this study show that modern AI-based methods make it
possible, for the first time, to evaluate large routine data sets such as
statutory health insurance claims data in a data-driven and differentiated
manner without the need to integrate clinical data, for example. By
combining cost and utilisation data, including diagnoses and prescribed
medicines, inmultimodal feature embeddings, together with a two-stage
clustering approach, an innovative method for identifying insured person
patterns has been developed. Particularly where additional clinical
information is lacking, this approach opens up new possibilities for the
evaluation and management of care. The method is suitable both for
identifying specific features in insured individuals’ profiles and complex
patient trajectories, and for characterising typical disease trajectories over
time.

The method can improve epidemiological studies by accounting for
biases caused by comorbidities. Furthermore, this type of segmentation
could enable targeted adjustments to the Morbi-RSA. Alternatively, health
insurance funds could use the algorithm internally to formulate more
tailored offers for insured individuals. The latter, however, requires that
statutory health insurance claims data be made available for analysis more
quickly than has been the case to date. At the same time, it is evident that
the data-driven identification of different policyholder profiles would benefit
from greater integration of medical expert knowledge. The development of



reference datasets in which ‘outliers’ and typical patients are classified
according to medical expertise could further enhance the validity of future
analyses and classification models.
Conclusion

The project demonstrates how AI-supported methods can be used to
identify complex multimorbid patient groups within routine data, whose
underlying condition is masked by other diagnoses or combinations of
diseases. The analysis was based on quarterly diagnoses (ICD codes) and
medication prescriptions (ATC codes), which were transformed into
numerical embeddings using neural networks. These vectors enable data-
driven grouping of patients and the analysis of relationships between
medical characteristics and resource utilisation.
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The two-stage HDBSCAN clustering – supplemented by UMAP –
captures not only snapshots but also temporal trends. The integration of
pattern mining and the assessment of vector variance provide additional
insights into the stability or dynamics of clinical presentations within the
clusters. The results show that AI-supported analyses of anonymised billing
data can effectively contribute to the identification of outliers and complex
care constellations. The methodology provides a framework for the data-
driven advancement of healthcare research and management and forms
the basis for future work in which practical relevance can be further
enhanced through the targeted integration of expert knowledge and
additional contextual data. <<

Advanced analytics in the Statutory Health Insurance system: AI-
supported analysis of billing data for healthcare optimisation

Introduction: Multimorbidity poses challenges for healthcare
delivery, as traditional methods have limited ability to capture complex
disease trajectories. Using diabetes as a case study, this project
investigates how AI methods can identify patient groups within
anonymised routine statutory health insurance data. The goal is to
describe patterns of morbidity in order to identify outliers and complex
care constellations.

Methods: We used anonymised longitudinal statutory health
insurance data including ICD diagnoses, ATC drug prescriptions, cost
data, and sociodemographic characteristics. The data were converted
into vectors using neural networks. We employed embeddings,
HDBSCAN, UMAP, pattern mining, and vector variance analysis.

Results: The analysis shows that multimorbid patient groups can
be described in a differentiated manner. Correlations became apparent
between disease patterns, resource utilisation, and stable and dynamic
disease courses.

Discussion: The results highlight the potential of AI-supported
analyses and open up new approaches for the further development of
health services research and more targeted management.
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