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Abstract

The prevalence of psychiatric disorders is increasing globally.
Major depressive disorder (MDD) is the most burdensome,
contributing to growing strains on healthcare systems. Arti-
ficial intelligence (AI) for healthcare is deemed a potential
solution but requires large-scale, high-quality data; therefore,
we use Denmark as a case study with comprehensive regis-
ter data and long psychiatric wait times. Although Denmark
is often considered a homogeneous society, its sociodemo-
graphic and socioeconomic factors differ across the country,
including immigration rates. There are also regional differ-
ences in the prevalence of psychiatric diagnoses. However,
we have yet to understand how Al models account for such
differences. We examine how regional and sociodemographic
inequities affect MDD diagnosis and Al-based prediction.
First, we conduct an observational analysis showing dispar-
ities in MDD diagnosis odds across regions of Denmark, as
well as patient sociodemographic and socioeconomic factors.
Second, we develop two MDD prediction models using tab-
ular transformer architecture that differ in how they repre-
sent heritage and immigration-related information. We assess
the performance of the two predictive models across the five
administrative regions in Denmark, and their generalizability
when trained on data from only a single region. We observe
that model performance varies across Denmark’s five admin-
istrative regions, along with immigration status and heritage.
Incorporating more nuanced sociodemographic and socioe-
conomic variables improves predictive performance across
all regions and most sociodemographic groups. These find-
ings illustrate the importance of fairness assessments in psy-
chiatric Al and the need to account for regional, sociodemo-
graphic, and socioeconomic inequities when developing and
deploying Al in high-risk healthcare settings.

Code — https://github.com/valentinealissa/MDD-Denmark

Introduction

Rates of psychiatric disorders are increasing worldwide.
Major depressive disorder (MDD) is one of the most preva-
lent, with over 330 million people living with depression
(Institute for Health Metrics and Evaluation 2025). Never-
theless, preventing and treating psychiatric diseases is far
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from an easy task. For example, studying MDD necessi-
tates access to high-quality and large-scale healthcare data,
due to the diagnosis rate often being below its prevalence
rate (Weye et al. 2023). Hence, we selected Denmark as
a case study because it offers nationwide, high-quality reg-
istry data. In Denmark, approximately 6% of the popula-
tion is currently affected by depression (Dalsager et al.
2025). Compared to other mental health disorders, MDD
represents the largest contribution to both Denmark’s nation-
wide annual healthcare costs and income loss (Christensen
et al. 2022b). Yet, the average wait time for primary and
secondary care continues to increase (Danish Broadcast-
ing Corporation 2024). For instance, a psychiatric appoint-
ment in Denmark has increased from five months to over
two years since 2017 (Jyllands-Posten 2024). These delays
in obtaining psychiatric care for MDD contribute to the bur-
den of disease for the patient, their family, and the healthcare
system (Armbrecht et al. 2021; Oluboka et al. 2017; Ghio
etal. 2014).

Artificial intelligence (AI) is often framed as a tool to
use clinical resources more efficiently by targeting high-risk
patient groups. Within psychiatry, this includes implement-
ing Al tools to assist with diagnosis, triage patients, or pre-
dict adverse events such as self-harm. However, existing re-
search on these topics is often concentrated in specific re-
gions, healthcare systems, or institutions, largely due to lim-
itations in data access. For instance, recent work in eastern
Denmark has demonstrated that Al methods have the po-
tential to predict hospital readmission (Sasha Thorn Jakob-
sen et al. 2025) and suicide in psychiatric patients (Nielsen
etal. 2023). Meanwhile, psychiatric research groups in west-
ern Denmark have leveraged Al to predict treatment needs
(Hansen et al. 2025b), diagnostic progression (Hansen et al.
2025a), and involuntary admission (Perfalk et al. 2024). In
an ideal scenario, models such as these would be deployed
throughout the country to improve psychiatric outcomes in
the national healthcare system. But due to restrictions on
data access, most of the above models were developed lo-
cally. Given the good performance of local models as well
as national healthcare records, we want to investigate how
feasible it is to implement AI models for MDD risk predic-
tion nationwide.



Whilst Denmark is often touted as a homogeneous soci-
ety, its five administrative regions differ greatly in sociode-
mographic diversity and socioeconomic status (SES). The
regions — North Jutland, Middle Jutland, South Denmark,
Zealand, and the Capital Region (Figure 1A) — function sim-
ilarly to counties in other countries. Immigrants make up
over 20% of the population (N = 137,000) in Copenhagen,
the capital and largest city in Denmark, compared to 11%
(N = 42,000) in Aarhus, the second largest city (Statis-
tics Denmark 2025d). These regional differences lead us to
question the generalizability of prediction models developed
in one region only. Moreover, ongoing work fails to evalu-
ate the fairness of these models across subgroups such as
region of care (i.e., the Capital Region versus North Jut-
land), immigration status (Danish origin versus immigrant),
or heritage (e.g., West Asia versus North Europe) (Hansen
et al. 2025a,b; Perfalk et al. 2024; Sasha Thorn Jakobsen
et al. 2025; Nielsen et al. 2023). Fairness evaluations such
as these are critical for recognizing the structural inequities
within the psychiatric system that shape who receives a di-
agnosis, thus access to care. More specifically, MDD diag-
noses are a human conceptualization and do not reflect the
ground truth of who experiences depressive-like symptoms.
In general, psychiatric diagnoses represent the outcomes of
complex interactions between patient presentation (which is
often shaped by one’s heritage (Kirmayer et al. 2001)), clin-
ician judgment, and systemic biases. We define heritage as
a cultural or ethnic identity that is inherited from previous
generations, and is distinct from immigration status but may
be associated with nationality or region of origin.

When gathering demographic or more general data across
time and data sources, variables are often not consistently
defined and recorded. Beyond issues with the inhomogene-
ity of the existing data, current variable specification ap-
proaches mean that measures of individual heritage are of-
ten coarse, conflated, or inconsistently coded, and models
inevitably inherit these limitations (Movva et al. 2023). For
instance, in Denmark, ethnicity is often only characterized
as either “Western” or “non-Western” (Wallach-Kildemoes
et al. 2014; Knudsen et al. 2022; Stevnsborg et al. 2016), a
harmful trope that perpetuates colonialist attitudes towards
cultural differences (Bhopal and Donaldson 1998). In real-
ity, research demands more granular measures of immigra-
tion status and heritage to assess how equitable the distri-
bution of psychiatric care is (Benthall and Haynes 2019).
Failing to do so leads to the development of models that
learn to attribute regional diversity to poorly designed vari-
ables that categorize people based on “Western-ness,” which
in turn hides differing impacts of cultural heritage versus im-
migration status, leading to underestimation of disparities in
model performance (Movva et al. 2023).

This study aims to explore the feasibility of using mod-
els for MDD prediction across a nation and to under-
stand how such models may perpetuate regional disparities.
We first investigate the sociodemographic, socioeconomic,
and regional factors that influence MDD diagnosis using a
matched cohort containing patients with MDD and healthy
controls from the Danish registries. Deep learning models
are then used in an MDD prediction task wherein we evalu-
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ate model performance and fairness across different regions
of Denmark, as well as across individual immigration status
and heritage. In doing so, we explore the importance of vari-
able selection by comparing the performance of two models:
one with an extended set of variables to account for immi-
gration status versus heritage and SES, the latter with vari-
ables typically included in existing research. To assess the
generalizability of registry data pertaining to MDD across
the five administrative regions, models are trained on data
from one region and evaluated on the remaining regions.

Our contributions revolve around the following question:
If we were to implement an MDD prediction tool nation-
wide in Denmark, would it perpetuate existing dispari-
ties in mental healthcare? Specifically, we:

1. Provide an association analysis of regional differences in
MDD diagnoses, controlling for the sociodemographic
and socioeconomic composition of the administrative re-
gions. This confirms earlier work suggesting lower MDD
prevalence in North Jutland compared to the four other
regions (Raft et al. 2026). Given this finding, we expect
models to learn regional biases in MDD prediction due
to prevalence differences.

Examine the importance of variable selection in model
development. We construct two variables to account for
heritage, one following Statistics Denmark’s standard
classification, and the other using internationally recog-
nized groupings to provide a more nuanced global char-
acterization. We find that using more culturally sensitive
variables improves model performance.

3. Assess the generalizability of ‘regionalized’ models by
training MDD prediction models within each administra-
tive region and evaluating performance both within and
across regions. We find that some regions generalize bet-
ter than others, and that generalizability is not reciprocal.

While we perform our case study on Danish registry
data, our findings are relevant for any healthcare system
serving a population with regional differences in urban-
ization, immigration rates, or mental health resources.

The analysis in this paper has two main parts: an observa-
tional association analysis and an MDD prediction task us-
ing deep learning. We first outline the background literature,
explain our choice of predictive models and fairness evalua-
tion toolbox, and describe the data and cohort design. Next,
we present the association analysis, followed by the exper-
imental design and results of the deep learning approach.
Finally, we conclude with a discussion on the takeaways of
this work and summary of the limitations surrounding reg-
istry data and predicting MDD.

Background and Related Work

Our work builds upon the high-quality personal data avail-
able via Statistics Denmark. Upon birth or arrival in Den-
mark, all residents are given a unique personal identifica-
tion number (CPR), which is used by the country’s adminis-
trative sectors, including the Danish National Patient Reg-
istry. Denmark provides free universal healthcare, includ-
ing psychiatric care, to all its residents, and the CPR num-
ber allows linkage between details of a person’s interactions
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Figure 1: A. Map of the 5 Administrative Regions of Denmark (North Jutland, Middle Jutland, South Denmark, Zealand, and
the Capital Region), their municipalities, and largest cities as green dots. B. MDD Prevalence per administrative region in our
dataset. C. Immigration Status Counts (equaling unique cohort participants) per administrative region in our dataset.

with the hospital system and information on employment,
education, immigration, and more. In this way, the Dan-
ish National Patient register is essentially electronic health
records, containing routinely collected data at the hospital
level, wherein data related to diagnosis is recorded and in-
put by clinicians starting at triage and ending in discharge.
All data from hospital records are governed centrally by the
Danish Health Data Authority (DHDA), ensuring uniform
data quality and consistency. It is worth noting that whilst
the hospital records are part of the Danish National Patient
Register, personal data from general practitioner (GP) prac-
tices is not yet available. Data access is strictly guarded, and
all information is anonymized for research purposes. These
registers contain decades of carefully curated data on al-
most all Danish residents, enabling the construction of com-
prehensive individual-level profiles for the entire population
and thereby facilitating data-driven healthcare in psychia-
try (Schmidt et al. 2015; Plana-Ripoll et al. 2025).

Regional Differences

Each of the five administrative regions are responsible for
its own hospitals, specialized care, and psychiatric facilities.
Despite this, there is very little variability in data collection
within and between regions due to DHDA regulations. Each
administrative region is further split into several municipal-
ities (Figure 1A). This is similar to, for example, how the
United States has states made up of counties, or China has
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provinces made up of prefectures. Municipalities are respon-
sible for local level care and facilities, such as care workers
and social services, which does not impact hospital records.

Although there are similar data collection practices across
the five regions, there is limited existing literature examin-
ing regional variation in general health and psychiatric care
within Denmark. Previous research has described the five
regions as broadly similar in medication use, healthcare uti-
lization, and patient demographic composition, reinforcing
the assumption of national homogeneity (Henriksen et al.
2015). However, studies on the treatment of depression, such
as investigations on the use of antidepressants or electro-
convulsive therapy (ECT), have shown a difference in pre-
scription and treatment rates across regions and municipali-
ties (Raft et al. 2026; Hundrup, Osler, and Jgrgensen 2017).
Notably, municipalities with higher levels of socioeconomic
disadvantage had higher rates of antidepressant prescrip-
tions (Raftetal. 2026). In addition, substantial and currently
unexplained regional differences exist in both ADHD preva-
lence and psychiatric service capacity (Sonne et al. 2025).
These findings underscore a growing need for research that
examines regional differences in disease prevalence, treat-
ment practices, and their underlying causes.

Variable Selection

Statistics Denmark sets standards for variable definitions
and usage within the registries, including for ethnic-



ity (Hjorth et al. 2025; Statistics Denmark 2025c). These
standards recommend using the immigration status and the
country of origin variables to categorize ethnicity as Danish,
“Western”, or “non-Western.” Western countries include: the
European Union, Andorra, Iceland, Liechtenstein, Monaco,
Norway, San Marino, Switzerland, the United Kingdom, the
Vatican State, the United States, Canada, Australia, and New
Zealand. Non-western countries include: Albania, Bosnia
and Herzegovina, Belarus, Yugoslavia, Kosovo, Macedo-
nia, Moldova, Montenegro, Russia, Serbia, Soviet Union,
Turkey, Ukraine, all countries in Africa, all countries in
South and Central America, all countries in Asia, all coun-
tries in Oceania (except Australia and New Zealand), and
those who are Stateless. The immigration status variable
classifies individuals into three groups: immigrants, descen-
dants, and people of Danish origin. Descendants are defined
as people born in Denmark whose parents were not born
in Denmark nor have Danish citizenship, whereas people of
Danish origin have at least one parent born in Denmark with
Danish citizenship, regardless of whether they were born in
Denmark themselves. Accordingly, the country of origin is
recorded as Denmark for all people of Danish origin, the
country of citizenship for descendants, and the country of
birth for immigrants. Statistics Denmark also recommends
using the immigration status variable to aggregate those with
“immigrant” and “descendant” status into one group. These
standards reverberate through existing research, such that
even when research groups claim to account for ethnicity in
their models (Naesager et al. 2024; Rasmussen et al. 2025),
the reality is that they categorize people in ways that over-
generalize ethnicity and heritage.

Predictive Models with Tabular Data

In public health research, predictive models are most of-
ten based on traditional statistical approaches, such as lo-
gistic regression and Cox proportional hazards models. In
contrast, in health data science, predictive models tend
to be machine learning models. Examples include tree-
based models, e.g., Random Forest (Breiman 2001) or XG-
Boost (Chen and Guestrin 2016); as well as deep learning
based models, e.g., CNNs, RNNs, or transformers. Whilst
most predictive Al models for images or text currently uti-
lize deep learning architectures, earlier work has argued
that tree-based models still outperform deep learning archi-
tectures and remain state-of-the-art for medium-sized tabu-
lar datasets (Grinsztajn, Oyallon, and Varoquaux 2022). In
our case, even though the registries inside Statistics Den-
mark contain purely tabular data, they consist of hundreds
of thousands of individuals’ data, making deep learning ar-
chitectures preferable. By now, several deep learning mod-
els specifically for tabular data have been developed. In our
work, we have therefore chosen to utilize a standard statisti-
cal model, namely logistic regression, for association analy-
sis as well as a transformer model for tabular data (Huang
et al. 2020; Gorishniy et al. 2021). One additional advan-
tage of using foundational transformer models for predic-
tion tasks is the ability to assess feature importance using
the attention weights, thus we chose this approach (Gorish-
niy et al. 2021).
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Fairness Evaluations of Medical Data

Fairness evaluations offer a framework for distinguishing
differential model performance across subgroups. For ex-
ample, clinical prediction models often fail to perform con-
sistently across all patient subgroups, leading to some pa-
tients receiving better care than others if said models were
deployed. Hence, performance difference evaluation is the
first step towards fair models (Petersen et al. 2023a). Fair-
ness evaluations can also help to detect underlying systemic
biases, e.g., differences in error rates across subpopulations.
This is especially important in medical applications, since
type I error is worse than a type II error in many medical ap-
plications. For example, the consequences of leaving depres-
sion untreated could include a serious decline in physical
health or even suicide. This makes underdiagnosis far more
dangerous than sending too many patients to psychotherapy,
where the cost and harm of unnecessary treatment are rela-
tively low. Hence, understanding the nature of the prediction
errors helps address and mitigate them. Furthermore, bias
detection can be highly valuable to ensure ethical develop-
ment of medical Al, as well as compliance with regulatory
requirements and health law. Policies such as the EU Al Act
have led to new regulatory requirements for AI models that
emphasize fairness and model explainability (European Par-
liment 2023). This aims to improve the transparency, inter-
pretability, and accountability of Al models by leveraging
methods like feature importance to offer users insight into
how the model makes decisions.

Data

We leveraged Denmark’s nationwide registry data, using
CPR numbers to link health, demographic, and socioeco-
nomic registry data drawn from the Danish National Patient
Register, the Danish Civil Registration System, the Danish
Psychiatric Central Research Register, the Income Register,
and the Education Register. All experiments and analyses
were conducted on Statistics Denmark servers in compliance
with data security rules and contingent on project approval.
There are many other studies that use the same data, pro-
viding detailed descriptions about the variables available in
the registries and how such data was obtained (Plana-Ripoll
et al. 2025; Weye et al. 2023; Christensen et al. 2022b).

We created a matched cohort composed of two groups: an
MDD group and a healthy control group. For each year be-
tween 2000 and 2018, we included all individuals residing
in Denmark who received an MDD diagnosis in the MDD
group, provided they had at least five years of prior medi-
cal records from age 15 or older showing no previous MDD
diagnosis and had not been included in the MDD group at
an earlier time point. Due to the five-year look-back, the
youngest eligible age at the index year is effectively 19.
MDD diagnoses were defined as primary or secondary di-
agnoses of ICD-10 codes F32 or F33. The reference index
year was the year in which a patient entered the MDD group.
Each individual in the MDD group was matched to an indi-
vidual from the general population for the same index year.
To be eligible for the healthy control group, individuals were
required to have no MDD diagnosis in the 5 years prior to



the index year, be at least 15 years old (including those who
turn 15 during the index year) at the start of the look-back
period, and remain alive through the end of that year. We ex-
cluded individuals from both groups if they were over 65 at
the index year, died on the date of receiving an MDD diag-
nosis, died before the index date, or were not continuously
residing in Denmark during the five-year look-back period.
Additionally, individuals in the healthy control group who
later joined the MDD group were excluded.

Patient-level features were derived from Danish regis-
ter data cross-sectionally at the index year. This included
the following sociodemographic factors: age in index year,
sex, LGBT identity (individuals in a registered same-sex
marriage or civil partnership, or those with a registered
sex change), civil status (married, not married, divorced,
or widowed) (Statistics Denmark 2025a), immigration sta-
tus (Danish origin, descendant or immigrant) (Statistics
Denmark 2025b), country of origin', administrative region
of residence (North Jutland, Middle Jutland, South Den-
mark, Zealand, or Capital Region), and municipality (51
“kommune groups”). We also derived the following socioe-
conomic features from the Danish register: highest educa-
tion level (unknown, short, medium, or long) (Hjorth et al.
2025), income rank (equivalised household income quartile)
(Hjorth et al. 2025), cohabitation status (living alone or with
others), and address changes (number of address changes in
the index year).

We obtained additional sociodemographic variables by
mapping country of origin to: 1) Statistics Denmark’s defini-
tion of Western and non-Western countries (Statistics Den-
mark 2025c¢) and 2) the United Nations Intermediate Region
categories (United Nations Statistics Division 2006). In this
way, we were able to design two variables to reflect heritage
as a sociodemographic factor, as described below.

1. Heritage 1: This variable definition was based on pre-
vious health studies using Danish registry data, where
Statistics Denmark recommends that immigrants and de-
scendants are grouped according to whether their country
of origin is defined as “Western” or “non-Western”.

2. Heritage 2: This variable definition was based on the ge-
ographic region of the world they or their family origi-
nated from, using the UN’s Intermediate Regions.

The second heritage variable aims to group individuals us-
ing a broader, global representation of heritage, with the ac-
knowledgment that some regions may share cultural charac-
teristics. By using both the immigration status and the her-
itage variable, we are able to characterize individuals with
more cultural sensitivity.

Lastly, besides delineating heritage more sharply and ac-
counting for the SES associated with one’s country of origin,
we chose to create and add another socioeconomic variable,
Country of Origin Economic Level (COEL). COEL maps
country of origin to the 2019 World Bank Levels (World

!Country of origin for immigrants is their country of birth. For
descendants, it is their country of citizenship despite having born in
Denmark. For people of Danish origin (i.e., at least one parent with
Danish citizenship/born in Denmark), this is Denmark regardless
of where they were born.
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Bank Data Team 2018) provided by the UN. This variable
sorts countries into four groups according to their gross na-
tional income per capita, ranging from low-income to high-
income, allowing us to control for the SES associated with
one’s country of origin. By including this variable, we aimed
to provide a more granular metric of SES that may be related
to the healthcare access and utilization of an individual or
their parents before immigrating to Denmark. An overview
of the cohort composition detailing population statistics is
shown in Figure 1 B and C, while detailed sociodemographic
and socioeconomic variables can be seen in Tables 5 and 6 in
the Appendix (located in the MDD-Denmark Github Repos-
itory).

Observational Association Analysis

Our first aim is to examine differences in MDD diagno-
sis rates across Denmark’s five administrative regions. We
use binary logistic regression to estimate the association be-
tween the likelihood of receiving an MDD diagnosis, re-
gion of care, and our sociodemographic and socioeconomic
variables. While doing so, we aim to control for individual
sociodemographic and socioeconomic characteristics using
variables designed to provide greater cultural sensitivity than
those typically seen in Danish public health studies. Odds
ratios (ORs) and 95% confidence intervals (Cls) are calcu-
lated using the exponents of the coefficients, and statistical
significance denoted if p < 0.05. We use the more infor-
mative variables to represent heritage, and consequently, the
formula used for the analysis is given below:

logit (P(MDD)) = Bo + P1 Age + B2 Sex + (3 Civil Status
+ 4 Region + (5 Municipality
+ B¢ Education + 37 Income
+ s Heritage2 + 9 COEL
+ 10 Immigration Status
+ (311 Cohabitation
+ 12 Address Changes + 13 LGBT

Association Analysis Results

Regional Differences The logistic regression-based anal-
ysis demonstrated significant regional differences in the
odds of receiving an MDD diagnosis. Among the five ad-
ministrative regions, residents of Middle Jutland had the
highest odds of receiving an MDD diagnosis (OR=1.03
[95% CI=1.02-1.03]) compared to the Capital Region. In
contrast, living in Zealand was associated with lower odds
of diagnosis (0.98 [0.95-1.00]) relative to the Capital Re-
gion. At the municipal level, the lowest odds of MDD di-
agnosis were observed in North Jutland’s municipalities
(OR=0.55-0.93). The six municipalities with the highest
odds (OR=1.04-1.08) were located in Zealand and South
Denmark. Notably, South Denmark and the Capital Region
showed the greatest variation in odds across municipalities
(OR=0.95-1.03). Across all regions, 22 municipalities had
significantly lower odds, and 9 had significantly higher odds
of receiving an MDD diagnosis compared to Copenhagen
municipality.



Sociodemographic Group Older age was associated with
significantly lower odds of receiving an MDD diagnosis. For
example, individuals at the minimum age of 19 had an OR
of 0.96 (95% CI=0.96-0.96), compared to 0.88 (0.88-0.88)
for those at the maximum age of 65. Males had significantly
lower odds of being diagnosed with MDD compared to fe-
males (0.89 [0.89-0.89]). There was a significant associa-
tion between those identified as LGBT in the registers and
greater odds of MDD diagnosis (1.10 [1.08-1.13]). Com-
pared to those who had never married, married individuals
had significantly lower odds of receiving a diagnosis (0.99
[0.99-1.00]), while those registered as divorced had signif-
icantly higher odds (1.07 [1.06-1.08]). Our findings show
that descendants and immigrants have distinctly different
odds of an MDD diagnosis; those registered as descendants
had significantly lower odds of being given an MDD diag-
nosis (0.91 [0.89-0.93]) compared to individuals of Dan-
ish origin. In contrast, individuals recorded as immigrants
had significantly higher odds of diagnosis (1.04 [1.03-1.06])
relative to persons of Danish origin. Those with a coun-
try of origin in Northern Africa (1.10 [1.05-1.15]), South-
ern Asia (1.08 [1.04-1.11]), Southern Europe (1.07 [1.04-
1.11]), or Western Asia (1.05 [1.02-1.08]) had significantly
higher odds of receiving an MDD diagnosis compared to
Northern Europe. In contrast, heritage from Eastern Africa
(0.86 [0.82-0.90]), Eastern Asia (0.84 [0.79-0.88]), Eastern
Europe (0.97 [0.95-0.99]), South-eastern Asia (0.89 [0.85-
0.92]), Western Africa (0.88 [0.83-0.94]), and Western Eu-
rope (0.96 [0.93-0.98]) were associated with significantly
lower odds of diagnosis relative to Northern Europe.

Socioeconomic Factors Longer education was associated
with significantly lower odds of receiving an MDD diagno-
sis (0.93 [0.93-0.94]) compared to individuals with short ed-
ucation. Similarly, individuals in the top income rank had
lower odds (0.81 [0.80-0.81]) of diagnosis relative to those
with the lowest income rank. Individuals had higher odds
of obtaining an MDD diagnosis if they lived alone (1.12
[1.12-1.12]) or moved in their index year such that at least
one address change in their index year increased their odds
(1.08 [1.08-1.08]). Additionally, having a country of origin
with an upper middle-income level (1.04 [1.02-1.07]), low-
income level (1.05 [1.02-1.09]), or an unknown country of
origin (1.11 [1.08-1.14]) was related to significantly higher
odds of obtaining an MDD diagnosis compared to having
a high income country of origin. On the contrary, a lower
middle-income level of one’s country of origin resulted in
significantly lower odds of obtaining a diagnosis (0.93 [0.90-
0.96]).

Summary

Our findings suggest that the likelihood of receiving an
MDD diagnosis varies across Denmark’s five Danish admin-
istrative regions, confirming regional heterogeneity. More-
over, we observe a large variation at the municipality level
within each region, supporting recent work (Raft et al.
2026). Sociodemographic and socioeconomic variables also
showed significant associations with MDD diagnoses. No-
tably, odds of diagnosis are more similar between immi-
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grants and individuals of Danish origin than between immi-
grants and their descendants, despite the latter two often be-
ing grouped together in other modeling studies (Hjorth et al.
2025). Both heritage, defined as the region of their country
of origin, and the economic status of an individual’s country
of origin significantly affects diagnosis likelihood. This sug-
gests models should include more robust variables beyond
simplistic broad categorizations of background to better re-
flect how cultural variation impacts ones odds of diagnosis.
Lastly, our results highlight the importance of incorporat-
ing multiple SES measures to fully understand and address
health disparities.

MDD Prediction Model

In the second part of the analysis, we aim to assess the feasi-
bility of developing an MDD prediction model using Danish
registry data. In doing so, we seek to address the following
questions:

1. If we were to deploy an MDD prediction tool nationwide,
would it perpetuate or exacerbate existing disparities in
mental healthcare?

. Does model performance improve if we include cultur-
ally sensitive variables instead of the typical variable
based upon the "Westerness” of the country of origin?
If so... which variables most greatly influence model pre-
dictions?

3. Can models trained on data from only one region gener-

alize well to another region?

Experimental Methodology

We used the dataset described in the Data Section to con-
struct six subsets, each corresponding to distinct regional
groupings: 1) All Regions; 2) the Capital Region; 3) North
Jutland; 4) Middle Jutland; 5) South Denmark; 6) Zealand.

For the analyses, each dataset was divided into train-
ing, validation, and test sets (with percentages 50%, 20%,
and 30%, respectively). A tabular transformer model, TF-
Transformer (Gorishniy, Rubachev, and Babenko 2022;
Gorishniy et al. 2021), was trained twice on each training
set using two distinct sets of variables. The Baseline Model
included variables commonly used in psychiatric prediction
tasks based on Danish registry data and recommended by
Statistics Denmark (Hjorth et al. 2025; Naesager et al. 2024;
Rasmussen et al. 2025; Perfalk et al. 2024; Nielsen et al.
2023). In contrast, the Heritage-Informed Model incorpo-
rated variables designed to better reflect socioeconomic fac-
tors and distinguish immigration from heritage, as described
in the Data Section. The feature sets used by the two predic-
tion models are detailed below:

1. Baseline Model: Age, Sex, Civil Status, Region, Munic-
ipality, Education, Income, Heritage 1 (3-level: Danish /
Western Immigrant / Non-Western Immigrant)

. Heritage-Informed Model: Age, Sex, Civil Status, Re-
gion, Municipality, Education, Income, Heritage 2
(UN Intermediate Regions), COEL (World Bank Eco-
nomic Level), Immigration Status, Cohabitation, Ad-
dress Changes, LGBT



Baseline Model

Heritage-Informed Model

Acc  Brier AUROC DRMSCE Acc Brier AUROC DRMSCE
All 0.649 0.220 0.701 0.006 0.662 0.216  0.715 0.006
Capital Region  0.642 0.224  0.691 0.000 0.652 0.220  0.703 0.000
Middle Jutland  0.657 0.217  0.710 0.006 0.668 0.212  0.725 0.008
North Jutland 0.668 0.236  0.682 0.000 0.683 0.230 0.704 0.006
Zealand 0.643 0.225 0.690 0.018 0.661 0.219  0.707 0.000
South Denmark  0.648 0.217  0.708 0.011 0.661 0.213 0.721 0.009

Table 1: Model performance by model and region for the two MDD prediction models trained on data from all five administra-

tive regions.

Training the model with two distinct variable sets across six
regional dataset subsets resulted in 12 fitted models. Each
model was evaluated on the test set corresponding to its own
region (the region on which they were trained) as well as on
the test sets from all other regions.

Model Evaluation We assessed several model perfor-
mance metrics that are recommended for assessing fairness
in machine learning (Maier-Hein et al. 2024) and can be
meaningfully compared between subgroups of different size
and prevalence (Sutariya and Petersen 2025; Petersen et al.
2023a), including: Area Under the Receiver Operating Char-
acteristic (AUROC), Debiased Root Mean Square Calibra-
tion Error (DRMSCE), Accuracy (Acc), and balanced Brier
Score (BS). When calculating the accuracy, we utilized a
threshold equal to the average predictive probability. We
evaluated the models using the following subgroups: admin-
istrative region, immigration status, Heritage 1, and Heritage
2. Subgroups of Heritage 1 and Heritage 2 that had suffi-
cient sample sizes for interpreting model performance (N
> 1,000) were selected for further analysis. For Heritage 1,
this included all but those with unknown heritage. For Her-
itage 2, this included nine subgroups (Table 2). We used the
meval package for computing all metrics and associated un-
certainties (i.e., confidence intervals) within subgroups and
for generating the final figure (Figure 2 in the Appendix)
(Sutariya and Petersen 2025).

MDD Prediction Results

Below, we first present the performance of the Baseline and
Heritage-Informed models after training on the entire dataset
comprising all five administrative regions. We examine the
feature importance of both models to better understand their
performance differences (Figure 3 in the Appendix). Follow-
ing this, we compare model performance for the Baseline
and Heritage-Informed Models trained on the entire dataset
for each of the five regions separately (Table 1). Then we ex-
amine disparities in model performance across the different
immigration and Heritage groups (Table 2). Secondly, we
present a fairness analysis of the Heritage-Informed Model
trained on all regions in Figure 2 (Appendix). Finally, in Ta-
ble 3 we report the performance of models trained on the
region-specific subsets of the dataset and evaluated across
the other regions to assess their generalizability.

Model Performance The Heritage-Informed Model,
which included more granular representations of heritage,

2590

immigration, and socioeconomic factors, had slightly
improved model performance (AUROC = (0.72) compared
to the Baseline model that uses the simpler characterization
of heritage recommended by Statistics Denmark (AUROC
= 0.70). The Heritage-Informed Model also demonstrated
higher accuracy, and lower BS as seen in Table 1. Including
more culturally-sensitive variables also benefited model
performance across all five administrative regions, despite
differences in their demographic makeup, with increases in
all accuracy, Brier scores, and AUROC values, along with
some improvements in calibration as seen by the DRMSCE
scores (Table 1). We also saw increased AUROC values for
population subgroups delimited according to their heritage
and immigration status (Table 2). Due to small differences
in performance, we also evaluated both models using
multiple seeds. This is discussed in detail in the Appendix.

Feature Importance In addition, we compared the fea-
ture importance of the Baseline and the Heritage-Informed
model to better understand what may be driving the per-
formance improvements. The Baseline Model MDD predic-
tions are most influenced by municipality (Figure 3 in Ap-
pendix). In contrast, the Heritage-Informed model depends
most on the Heritage 2 and COEL features, and did not
show the strong influence of one’s municipality on model
predictions (Figure 3 in Appendix). These results suggest
differences in the demographic makeup of different munic-
ipalities, which may be related to cultural background and
heritage, thus our model learned to attribute importance to
municipality level values if the more robust variables are not
included. It’s important to note that researchers typically use
socioeconomic variables that are fixed to someone’s life in
Denmark instead of incorporating socioeconomic variables
related to life before migrating to Denmark (i.e., COEL).
Quantifying socioeconomic status in this way allows us to
account for economic resources an individual may have had
access to or possible hardships experienced before immi-
grating to Denmark, which may be culturally influenced but
otherwise impossible to fully account for with other vari-
ables.

Fairness Evaluation When trained on the full dataset
comprising all five Danish administrative regions, the great-
est performance disparities are seen in North Jutland. We
report regional fairness metrics for the Heritage-Informed
Model because it demonstrated the best overall performance.
Although North Jutland demonstrated the highest accuracy



Baseline Model

Heritage-Informed Model

Acc  Brier AUROC DRMSCE Acc Brier AUROC DRMSCE
Immigration Status
Danish origin 0.650 0.221 0.700 0.006 0.662 0217  0.712 0.004
Descendant 0.634 0.227  0.700 0.000 0.632 0227  0.678 0.000
Immigrant 0.640 0.228  0.678 0.009 0.657 0.219  0.710 0.003
Heritage 1
Danish 0.650 0.221 0.700 0.006 0.663 0.217 0.713 0.004
Non-Western Immigrant 0.641 0233 0.671 0.004 0.658 0.223  0.706 0.009
Western Immigrant 0.632 0.228  0.678 0.000 0.642 0222  0.700 0.000
Heritage 2
Eastern African heritage 0.580 0.238  0.683 0.123 0.639 0.225 0.683 0.000
Eastern European heritage 0.632 0.227 0.673 0.000 0.632 0.221 0.693 0.000
Northern African heritage 0.653 0.223  0.724 0.030 0.643 0222  0.702 0.000
Northern European heritage  0.650 0.221 0.700 0.006 0.663 0.217 0.713 0.005
Southeastern Asian heritage 0.534 0.245  0.613 0.163 0.648 0.251 0.627 0.000
Southern Asian heritage 0.636 0.232  0.665 0.000 0.651 0.221  0.709 0.000
Southern European heritage 0.656  0.226 0.685 0.051 0.658 0.234 0.695 0.000
Western Asian heritage 0.683 0.232  0.683 0.043 0.677 0.234  0.697 0.000
Western European heritage ~ 0.635 0.229  0.683 0.000 0.653 0.227  0.704 0.000

Table 2: Model performance by model, immigration status, and heritage for the two MDD prediction models trained on data
from all five administrative regions. Note: Metrics are reported for Heritage 1 and Heritage 2 subgroups with sufficient sample

size (N > 1,000).

(0.68), it had the poorest reliability (BS = 0.23) and the
lowest AUROC (0.70). Figure 2E in Appendix further sug-
gests that the Heritage-Informed model frequently predicts
a lower risk of MDD diagnosis in North Jutland than other
regions, although the model appears to be well calibrated
(Figure 2D in Appendix). Otherwise, the model appeared
to perform best on Middle Jutland (AUROC = 0.73; BS =
0.21, Acc = 0.67) and South Denmark (AUROC = 0.72; BS
=0.21, Acc = 0.66). The model performed similarly well on
Zealand (AUROC = 0.71; BS = 0.22, Acc = 0.66) and the
Capital Region (AUROC = 0.70; BS = 0.22, Acc = 0.65).
The model is well calibrated in all regions (DRMSCE <
0.01).

When trained on data from all five regions, the Base-
line and Heritage-Informed models exhibit performance
differences according to heritage and immigration status.
When comparing performance across immigration status,
the Heritage-Informed model performed best for immigrants
(AUROC =0.71; BS =0.22, Acc =0.66) and those of Danish
origin (AUROC = 0.71; BS = 0.22, Acc = 0.66), but worst
for descendants (AUROC = 0.68; BS = 0.23, Acc = 0.63).
In comparison, the Baseline model has similar performance
for descendants (AUROC = 0.70; BS = 0.22, Acc = 0.65)
and persons of Danish origin (AUROC = 0.70; BS = 0.23,
Acc =0.63), with the lowest scores for immigrants (AUROC
= 0.68; BS = 0.23, Acc = 0.64). When comparing the per-
formance between the different subgroups of the Heritage 1
variable, both the Baseline model and the Heritage-Informed
model showed the highest performance for Danes, and the
lowest performance for immigrants (Table 2). Exploring
model performance across the subgroups of the Heritage 2
variable allows us to have a more granular view of which
global regional subgroups may drive the model’s differential
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performance across the Heritage 1 subgroups. Of individuals
that would be characterized as “non-Western” immigrants,
the highest performance is for people with Northern African
heritage for both the Baseline and Heritage-Informed model
(Table 2), with similarly good performance for those with
Southern Asian heritage (AUROC = 0.71; BS = 0.25, Acc
= 0.65) if using the Heritage-Informed model. Both models
have the lowest performance metric values for individuals
with Southeast Asian heritage (Table 2).

Regional Generalizability After training models with
region-specific data, we can see that some models are more
generalizable than others. This trend holds true for both the
Baseline Model and the Heritage-Informed Model. For in-
stance, the Heritage-Informed model improves the general-
izability of models trained only on data from the Capital Re-
gion, Zealand, or South Denmark (Table 3). However, when
trained only on data from North Jutland, the Baseline model
is preferred for enhanced regional generalizability. There are
similar trends for Middle Jutland. Overall, the western re-
gions generalize well with each other via the Baseline or
Heritage-Informed model; models trained on data from Mid-
dle Jutland or South Denmark demonstrate fair performance
when evaluated on each other’s data (AUROC > 0.70).
Models trained on data from Zealand also perform fair when
evaluated on data from Middle Jutland and South Denmark
(AUROC > 0.70). However, when evaluated on Zealand
data, models trained on data from Middle Jutland (AUROC
=0.66) or South Denmark (AUROC = 0.67) perform poorly.
North Jutland and the Capital region were the two regions
that performed the worst, both performing poorly on data
from the other (AUROC < 0.67). This suggests that certain
regions are more generalizable than others, and generaliz-



Regions Baseline Model Heritage-Informed Model
Train Test Acc  Brier AUROC Acc Brier AUROC
Capital Region  0.638 0.362  0.683  0.647 0.353 0.694
Middle Jutland  0.626 0.374  0.686  0.643 0.357 0.692
Capital Region ~ North Jutland 0.661 0339 0.662  0.663 0.337 0.671
Zealand 0.589 0.411 0.659  0.632 0.368 0.674
South Denmark  0.607 0.393 0.675 0.626 0.374 0.684
Capital Region  0.621 0.379  0.672  0.618 0.382 0.676
Middle Jutland ~ 0.659  0.341 0.712  0.668 0.332 0.723
Middle Jutland  North Jutland 0.659 0.341 0.657  0.604 0.396 0.680
Zealand 0.608 0392 0.662 0.593 0.407 0.657
South Denmark 0.610 0.390  0.682  0.645 0.355 0.705
Capital Region  0.619 0.381  0.654  0.598 0.402 0.675
Middle Jutland  0.629 0.371 0.676  0.623 0.377 0.701
North Jutland North Jutland 0.661 0339  0.669 0.674 0.326 0.694
Zealand 0.630 0370  0.661 0.618 0.382 0.683
South Denmark  0.625 0.375  0.676  0.612 0.388 0.699
Capital Region  0.608 0.392  0.641 0.635 0.365 0.681
Middle Jutland  0.613 0.387  0.638  0.647 0.353 0.701
Zealand North Jutland 0.644 0356  0.649  0.665 0.335 0.682
Zealand 0.639 0.361 0.686  0.657 0.343 0.701
South Denmark  0.605 0.395 0.641 0.634 0.366 0.697
Capital Region 0.626 0374  0.671 0.629 0.371 0.678
Middle Jutland  0.643 0.357  0.689  0.651 0.349 0.705
South Denmark  North Jutland 0.635 0.365  0.667 0.625 0.375 0.682
Zealand 0.619 0.381 0.653 0.626 0.374 0.671
South Denmark  0.648 0.352  0.705 0.652 0.348 0.713

Table 3: Model performance by region for training and evaluation for the two MDD prediction models trained on data from

individual regions.

ability is bi-directional or not always reciprocal. Lastly, the
model trained on data from all five regions has greater per-
formance on each region than models only trained on a sin-
gle region. Therefore, there is something to gain from using
nationwide data to build predictive models.

Discussion

We investigated whether implementing a nationwide MDD
prediction tool in Denmark could exacerbate existing dispar-
ities in mental healthcare. In our analysis, we first analyzed
the sociodemographic, socioeconomic, and regional factors
that are associated with MDD diagnostic patterns in Den-
mark. Then, we examined whether the disparities and po-
tential biases in the input datasets are learned by Al models
designed for MDD prediction tasks. We observed that the
Al models reproduced the variance present in the input
data, leading to inequities in model performance across the
different administrative regions, immigration status, and her-
itage. However, our findings show that model performance
can be improved for almost all subgroups by incorporat-
ing features with cultural sensitivity. It should be noted
that these benefits of variable selection were not seen for
everyone, specifically the descendants of immigrants, rais-
ing public health questions pertaining to who is prioritized
in contexts of deploying such models. Lastly, our findings
show that the generalizability of regionalized models is bi-
directional, meaning that a model trained on a single region
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may perform well on another, but reciprocation is not guar-
anteed. In contrast, training on nationwide data yielded the
strongest overall performance for each region.

Our work sheds light on the benefits and risks of using na-
tionwide health models, especially for people living in rural
regions. While the models trained on all regions performed
the best overall in terms of generalization to other regions,
they still have lower performance for specific regions like
North Jutland. North Jutland is a rural region of Denmark
with the largest patient-provider distances in the country,
and where patients experience the longest waiting times for
psychiatric care compared to the other regions (Jyllands-
Posten 2024; Danish Broadcasting Corporation 2024). This
is also reflected in our observational association analysis,
which shows a lower prevalence of MDD in North Jutland
compared to the other regions of Denmark. Whilst the rea-
son for the lower prevalence in North Jutland remains to
be determined, we see that without applying bias mitigation
methods to Al models, nationwide and region-based mod-
els will exhibit lower performance and potentially perpet-
uate existing inequities in North Jutland due to unbalanced
data that may reflect access to care. Although these findings
are focused on Denmark, they are broadly applicable to
any other healthcare system with regional differences—
for example, a model being applied across states with varied
insurance or healthcare access in the United States.

Another of our main takeaways is the importance of



thoughtful variable selection when developing AI mod-
els with real world data, especially when defining sensi-
tive groups for fairness evaluation. We here pursue a "fair-
ness through awareness” approach (Dwork et al. 2012), ex-
plicitly including sensitive attributes in our models. Some
argue that the inclusion of sensitive variables in predic-
tive algorithms in medicine is controversial and the subject
of intense debate (Diao et al. 2024; Benthall and Haynes
2019). In this regard, our findings mirror the observations
of Zink et al. that explicit inclusion of sensitive variables
is often beneficial for the affected patient groups (Zink,
Obermeyer, and Pierson 2024). For instance, we found that
the inclusion of more culturally-sensitive features improved
model predictive performance not only for immigrants and
several minority groups but also for individuals of Dan-
ish origin. Moreover, we found variation in model perfor-
mance across the Heritage 2 variable subgroups, which may
otherwise have been masked if using the "Western”/’non-
Western” categorization. Existing research has established
that “non-Western” immigrants in Denmark have different
mental healthcare needs than persons of Danish origin or
”Western” immigrants, which can be influenced by refugee
status or lived experiences of racism and xenophobia (Tegu-
nimataka 2022; Nielsen et al. 2014; Bruckner et al. 2024;
Norredam et al. 2009). Given this understanding, the cultural
diversity in urban regions like Copenhagen may contribute
to the differing healthcare needs between the five regions.

Limitations and Future Work

This study has several limitations, primarily because our
models rely solely on registry data. Most importantly, our
analysis is based on MDD diagnoses in hospital records, ex-
cluding cases diagnosed in primary care or outside hospi-
tal settings. This exclusion criteria is a limitation of all re-
search based on national registers (e.g., the Danish Psychi-
atric Central Research Register). This makes it challenging
to quantify the true burden of depression due to the more
severe cases of MDD being recognized in registry data. Sec-
ond, while useful for machine learning, the matched cohort
design limits generalizability beyond the selected sample.
Third, our heritage definition is constrained by the absence
of race or ethnicity variables; proxies like country of birth
or citizenship obscure mixed heritage and nuanced identity,
and the UN geographic categories still perpetuate occiden-
talist perspectives (Coronil 1996). Similarly, there is no ex-
isting registry variable to denote LGBTQ+ identity, and our
method of constructing it likely omits many LGBTQ+ folks.
We also lack environmental and psychosocial factors such as
family dynamics or adverse childhood experiences. Finally,
although we used a state-of-the-art transformer model, other
approaches might perform differently depending on regional
variations or variable quality, affecting robustness.

A broader limitation in this work is the challenge of pre-
dicting MDD. In our analysis, we treat diagnostic labels as
‘ground truth,” ignoring potential under-, mis-, or overdiag-
nosis. This may affect bias assessments (Pfohl et al. 2025;
Dutta et al. 2020; Wick, Panda, and Tristan 2019; Petersen
et al. 2023b), especially for certain subgroups. More specifi-
cally, a patient’s cultural background influences their symp-
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tom presentation (Kirmayer et al. 2001), exposure to clin-
ician bias (Beach et al. 2025; Valentine et al. 2026), and
lived experiences navigating a medical system. Therefore,
an MDD diagnosis is not the same thing as experiencing
mental health illness and diagnoses are in themselves human
conceptualizations. Diagnoses represent the points at which
individuals encounter, and are categorized by, a healthcare
system embedded within broader societal inequities. Never-
theless, with the increasing use of Al in healthcare, projects
such as ours are critical for improving transparency about
model limitations. Our work shows that if we don’t take
action, deploying these systems as-is risks perpetuating the
disparities seen in this paper. In short, we do not advocate
for using models such as ours to diagnose people.

In the future, we aim to address current study limitations
by expanding our analysis to additional Danish datasets with
more granular MDD risk information. One such dataset is
the National Health Survey cohort, which includes self-
reported depression data for 183,646 adults (Christensen
et al. 2022a), of whom 13% reported depression. These data
will complement register-based information by capturing
milder cases and adding lifestyle and behavioral variables.
We also plan to focus on under-served communities using
the Social Medical Database (Button 2025), which contains
characteristics and treatment courses for patients referred for
social medical examination since 2014 (n ~ 7,000). No-
tably, 60% have psychiatric diagnoses, and over 30% lack
prior treatment records; about half of these undiagnosed
cases involve depression (n / 2, 500). This will enable de-
velopment and testing of Al models for MDD risk prediction
using fine-grained data on socially vulnerable groups.

Conclusions

This study explored whether deploying an Al-based MDD
prediction tool could perpetuate existing disparities in men-
tal healthcare. We used Denmark as a case study, with its
universal healthcare system, nationwide register data, and
long psychiatric wait times. In an observational analysis, we
found that sociodemographic, socioeconomic, and regional
factors influence odds of MDD diagnosis itself. By devel-
oping predictive Al models on the same data, we observed
that models trained on this data learn and reproduce these
biases. This could in turn lead to inequities across regions,
immigration status, and heritage. While nationwide models
generally performed best overall, they underperformed in
rural regions such as North Jutland, highlighting the risks
of utilizing unbalanced data for model development, which
is very common in real medical settings. Incorporating cul-
turally sensitive variables and more measures of socioeco-
nomic factors improved model fairness, underscoring the
importance of thoughtful feature selection. However, our
analysis is limited by the reliance on assumptions regard-
ing ground truth labels of hospital-based diagnoses. Future
work will integrate further datasets, such as the Danish Na-
tional Health Survey and Social Medical Database, to cap-
ture milder MDD cases and socially vulnerable populations,
ultimately aiming to test predictive algorithms on more data
sources and address pitfalls, thereby improving equity in
predictive modeling for MDD.
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