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Abstract
Background  The validation of methods is an integral part of statistical research, defining conditions under which 
methods yield reliable results. Empirical validation requires a solid data basis to control and manage relevant 
characteristics like sample size, dimensionality, and underlying dependency structures. Real-world data often fails 
to meet these requirements, particularly in medical contexts where privacy regulations restrict availability. For 
this reason, synthetic data is an effective alternative for method validation. However, generating synthetic data is 
demanding when it must precisely mirror complex dependence structures while simultaneously controlling specific 
target characteristics.

Methods  We address the medical context of co-occurring diseases, where symptoms may overlap or conflict. We 
propose a four-step framework to generate synthetic data for the simulation-based validation of statistical methods. 
The framework involves: (I) generating patient covariates; (II) connecting this information to predictors for single 
or joint disease occurrence; (III) transforming predictors into disease probabilities or scores; and (IV) converting 
these into disease occurrences. Each step offers several alternatives for modeling the overall dependence structure. 
We apply our framework to a case study of pain-causing diseases which share certain similarities in their clinical 
presentations, and which can occur either individually or jointly. By employing five combinations of methodological 
alternatives, we evaluate the approaches’ ability to achieve target characteristics and demonstrate their specific 
strengths and weaknesses.

Results  Matching the data-generating process with the estimation method allows for the successful recovery of 
input information, such as coefficients and correlations. Target properties like disease prevalence and associations are 
achieved to varying degrees depending on the methods used.

Conclusions  While the proposed theory-driven framework is broadly applicable beyond the specific medical use 
case, it relies on careful, domain-informed parameter curation to generate meaningful synthetic datasets. Its flexible, 
adjustable input settings enable researchers to tailor data generation to their precise methodological requirements, 
providing a controlled basis for simulation-based validation without implying direct clinical inference.
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​Background
A relevant part of statistics is inferential statistics, where 
conclusions are drawn from a data sample about an 
underlying population. An important subarea within 
this field is the discovery and learning of relationships 
between observed or unobserved random variables. To 
study such relationships, a wide range of statistical meth-
ods exists, where the suitability of each method depends 
on the assumptions about the underlying ground truth as 
well as on the availability and characteristics of the data. 
It frequently occurs that problems of interest are struc-
tured in such a way that existing inference methods can-
not be applied directly, which leads to the development of 
new approaches. For both newly developed and already 
established methods, method validation is a crucial step 
of the model building process [1] and model evaluation 
[2]. By validation, we refer to the process of assessing 
how well a statistical procedure performs for its intended 
purpose, i. e. whether the method produces accurate, 
reliable, and meaningful results under the conditions in 
which it will be used [3].

In some cases, such validation is achieved through 
theoretical considerations, which typically rely on 
assumptions and often involve asymptotic arguments. 
Frequently, however, validation is carried out computa-
tionally, e. g. by means of a simulation study. In the best 
case, such a study is based on controllable and idealized 
data in the following general sense: First, a ground truth 
exists and is known. Second, sources of noise can be 
influenced and, in particular, minimized. Third, the sam-
ple size can be increased arbitrarily.

Real-world data generally differs from such require-
ments: ground truth such as true effect sizes or depen-
dency structures is often unknown, variability is hardly 
controlled, and sample sizes are limited by practical con-
straints. Such limitations can be overcome by using syn-
thetic data for method validation [4]: being generated in 
silico under well-defined assumptions, synthetic datasets 
enable the systematic evaluation of statistical methods, 
for example by assessing the bias of estimates, robust-
ness to violations of assumptions, calibration of models, 
or sensitivity of results to different dependency struc-
tures. Consequently, synthetic data serve as a flexible and 
powerful tool for validating statistical methods, espe-
cially in settings where real-world datasets are unavail-
able, incomplete, or insufficient for rigorous performance 
assessment. [4] present a tutorial on planning, executing 
and reporting simulation studies for method validation.

The use of synthetic data for statistical method vali-
dation is relevant across many applied disciplines. In 
medical research in particular, it has gained increasing 
importance, for example if datasets contain only few 
observations due to rare diseases or small populations, 
or due to measurement cost. Moreover, medical data 

may lack the required quality for method validation as a 
result of insufficient documentation, substantial amounts 
of missing values or measurement error, caused by time 
constraints in clinical routine, or inconsistent measure-
ment intervals [5]. Although data imputation can be a 
viable solution against missing values, model misspecifi-
cation or incompatibility can introduce bias and mises-
timate uncertainty [6, 7]. In addition, privacy and data 
protection issues present major challenges in medical 
data, such that it is often publicly inaccessible or highly 
anonymized, consequently lacking relevant information.

Due to the substantial need for synthetic data in medi-
cal research, several approaches to generate such data 
have been presented. Specifically, synthetic data has been 
generated for specific diseases, such as diabetes [8], liver 
diseases [9] and depression [10]. Beyond disease-specific 
applications, recent research increasingly focuses on 
evaluating whether synthetic health data preserve rel-
evant population characteristics and protect patient pri-
vacy while maintaining analytical utility. In particular, 
[11] address the challenge of limited patient data avail-
ability for machine learning in medicine and propose 
evaluation metrics to assess both data utility and privacy 
risk. They emphasize that synthetic patient data should 
retain key population-level structures while simultane-
ously ensuring privacy protection. [12] further intro-
duce a novel metric to measure the trade-off between 
utility and privacy. Extending this perspective beyond 
purely statistical fidelity, [13] develop a pipeline to make 
synthetic patient trajectories clinically consistent. More 
broadly, [14] provide a structured overview of synthetic 
data use in healthcare and identify multiple applica-
tion domains, including e. g. simulation and prediction 
research, algorithm testing, epidemiology/public health 
research, education and training and linking data. These 
use cases highlight the heterogeneous objectives of syn-
thetic data generation, ranging from empirical realism to 
controlled methodological experimentation and model 
evaluation. Additional comprehensive reviews of syn-
thetic data generation and evaluation in the health care 
domain can be found in [15, 16].

When considering specific applications, the require-
ments for synthetic data become more concrete, extend-
ing beyond the general demands of knowledge of the 
ground truth, controllability of noise, and sample size 
scalability. In many contexts, it is not expected that syn-
thetic data is medically correct in every detail in the sense 
that medical conclusions can be drawn from it; rather, 
the data should serve the purpose of the specific simula-
tion study, namely, the validation of a statistical method 
for a particular research question [4]. If a research ques-
tion addresses the relationship between clinical patient 
characteristics and a diagnosis, one would choose a sta-
tistical method capable of analyzing such relationships. 
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Accordingly, this relationship should be represented in 
the synthetic data and be controllable during data gen-
eration, ranging from none to moderate to strong asso-
ciation. In this way, the method can be validated and 
subsequently applied to real data with the confidence that 
it can be relied upon.

In this work, we consider a medical context that 
involves specific dependencies within the data: namely, 
the holistic examination of patients in whom multiple 
diseases may occur simultaneously and overall form a 
joint clinical picture. Thus, while the aforementioned 
studies aim to produce medical correct synthetic data 
for specific diseases, we seek to generate synthetic data 
that mirrors the interdependency between disease pro-
files, connected to patient information. In particular, we 
do not aim for our generated data to be medically accu-
rate or capable of replicating complex medical relation-
ships in a way that allows valid clinical conclusions to be 
drawn. Instead, our approach is intentionally generic. It 
is designed to allow users to model the specific require-
ments of their individual statistical use cases, particularly 
the overarching characteristics of a target population.

The motivation for this research focus arises from the 
fact that, in reality, patients frequently suffer from sev-
eral co-occurring diseases (of varying severity). These 
diseases present in similar, different or even antagonistic 
symptoms. This is particularly relevant as, in practice, 
establishing one diagnosis may lead to the premature 
exclusion of an alterative one. Such failure to recognize 
a co-occuring disease can have serious consequences. 
Examples for known co-occurring diseases with similar 
symptoms are diabetes mellitus and cardiovascular dis-
eases [17], depression and anxiety disorders [18] or the 
fibromyalgia syndrome (FMS) and irritable bowel syn-
drome [19].

Our motivation for examining co-occurring diseases 
arose from a project in which we were concerned with 
the diagnosis of patients suffering from chronic pain. 
Such patients are often affected by multiple co-occuring 
diseases. Thus, we analyzed patient data with the aim to 
investigate whether the predictive accuracy of a disease 
of interest could be improved by joint consideration of 
comorbidities. We compared the prediction performance 
of two competing statistical methods: single-label clas-
sification and multi-label classification [20]. Our analy-
sis provided answers to the specific research question, 
namely, that the inclusion of additional diagnoses did not 
yield substantial knowledge gain in this particular case. 
However, based on the real data, it was impossible to 
investigate under which conditions (in terms of the true 
underlying effect sizes, as well as data quality and sam-
ple size) one classification approach would have outper-
formed the other. We consider such an assessment to be 
highly relevant and therefore aim to conduct a simulation 

study using synthetic data. The present work lays the 
foundation for this.

Practical challenges in conducting simulation stud-
ies and, consequently, in finding or generating synthetic 
data for a specific research question lie in various aspects 
and also depend on the researcher’s level of domain-spe-
cific expertise: With regard to the medical background, 
relevant relationships must be appropriately identified 
and described. These relationships need to be statisti-
cally modeled, often by specifying a data-generating 
process, with particular attention typically given to con-
ditional and unconditional as well as joint and marginal 
distributions. Even when such a data-generating process 
is known, its exact simulation often requires the use of 
approximate algorithms. Finally, the procedures need to 
be implemented using statistical software.

Ideally, suitable tools and software packages would 
be available for straightforward simulation of synthetic 
data. However, the diversity of application-specific 
requirements makes it challenging to develop univer-
sally applicable tools: each comes with a different focus 
and its own strengths. Existing approaches for generat-
ing synthetic clinical data can broadly be grouped into 
three categories, each with a distinct objective. First, 
correlation-based methods (e. g. copula [21], bin-
data [22], SimMultiCorrData [23], and simdata 
[24]) aim to reproduce predefined marginal distributions 
and correlation structures across mixed variable types. 
These methods are well suited when the primary goal is 
to approximate a joint distribution with specified depen-
dence properties. However, regression parameters are no 
typical primary modeling targets; consequently, condi-
tional effect sizes arise indirectly from the imposed joint 
dependence structure rather than being explicitly param-
eterized in interpretable disease models.

Second, regression-based simulation tools (e. g. R pack-
ages simstudy [25], SimCorMultRes [26]) focus on 
generating outcomes conditionally on covariates using 
generalized linear models. These approaches allow direct 
control of regression coefficients and are well suited for 
evaluating estimator performance under prespecified 
conditional models. However, they struggle to simultane-
ously control the complete global correlation structure.

Third, data-driven synthetic data generators (e. g. the 
software synthea [27], the R package synthpop [28], 
and related resampling approaches) rely on real-world 
datasets as a basis for generating synthetic observations. 
While these methods can achieve high empirical realism, 
they inherit the structural assumptions and dependencies 
present in the source data and are therefore less suited for 
purely theoretical or counterfactual simulation scenarios 
in which specific marginal distributions, prevalences, or 
regression parameters must be imposed independently of 
observed data.
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suited to different research questions and the prevail-
ing conditions. In all cases, we assume the existence of 
ground truth, that is, we specify characteristics of indi-
viduals and/or populations and require the synthetic 
data to resemble these properties. The three types are 
knowledge-driven, data-driven and hybrid data genera-
tion [15]. The knowledge-driven approach uses available 
information from scientific literature, other publication 
sources and expert knowledge to describe the theoretical 
basis for data generation. As an example, one may sample 
random variables from distributions motivated by expert 
knowledge, or using literature-derived parameters. The 
data-driven approach, in contrast, is solely based on real 
data as input for the data generating process. Examples 
are parametric or nonparametric bootstrap. Eventually, 
the hybrid approach is a combination of defining rules, 
models and algorithms and incorporating real data. All 
three approaches come with strengths and challenges, 
often connected to the quality of both the domain knowl-
edge and the input data. A detailed discussion is pre-
sented by [15].

Apart from this categorization of the generation pro-
cess, there is also a categorization of the resulting data: 
According to [29], one distinguishes between truly syn-
thetic, fully synthetic, partially synthetic and anonymized-
only data. For truly synthetic data, no real data points are 
considered during the generation process at all. For fully 
synthetic data, in contrast, information from real data is 
used to generate new data; however, the real data points 
will not be part of the generated data. Partially synthetic 
data combines (truly or fully) synthetic data with unmod-
ified real data. Eventually, anonymized-only data purely 
consists of real data, however, with sensitive information 
removed, replaced or encrypted. In our work, we pursue 
knowledge- or data-driven generation of truly or fully 
synthetic data.

Model
We are interested in the medical use case where patients 
suffer from several diseases and a variety of medical 
symptoms at the time. This may include, on the one hand, 
cases where different diseases exhibit similar symptoms 
and, as a result, a particular disease may be overlooked. 
On the other hand, it may also concern situations where 
symptoms are opposing, and the symptoms of one dis-
ease lead to the exclusion of another diagnosis.

In terms of statistical modeling, we consider 
a set of patients  i = 1, . . . , n. Each patient suf-
fers from one, several or none of  d diseases of inter-
est. The presence or absence of diseases is expressed 
by  yi = (yi1, . . . , yid)′ ∈ {0, 1}d, where  yij  equals one 
if patient  i suffers from disease j ∈ {1, . . . , d}, and zero 
otherwise. Additionally, there is patient information 
available, such as core data, symptoms or laboratory 

In our work, we develop, describe and evaluate a pro-
cess for generating synthetic medical data with the aim 
to support statistical method validation in the context of 
co-occurring diseases. Specifically, we design a four-step 
framework, with each step building on the results from 
the previous one. Within each step, we propose alterna-
tive approaches that can be combined across the differ-
ent steps in a modular manner. Our framework differs 
conceptually from other approaches by explicitly sepa-
rating covariate generation from multiple alternative 
disease-generating mechanisms. Rather than optimizing 
a single global fit criterion, the framework makes struc-
tural trade-offs transparent and controllable: it allows 
users to prioritize, depending on the research question, 
the precise specification of regression coefficients, dis-
ease prevalences, marginal distributions, or inter-disease 
associations. While individual components of this strat-
egy can also be implemented using existing tools, to our 
knowledge no single framework integrates these alterna-
tive disease-generating mechanisms within a unified and 
systematically evaluated structure that explicitly docu-
ments which statistical properties are preserved under 
each modeling choice.

The remainder of this paper is organized as follows: 
In Methods  section, we formulate the statistical model 
of interest and guide the reader through the aforemen-
tioned four-step framework. Further, we present strate-
gies for verifying required key properties in the synthetic 
data. In Use case: Co-occurring diseases in chronic pain 
patients  section, we turn to the medical use case of co-
occurring pain-causing diseases which provided the 
motivation for the methodological question. For demon-
stration purposes, we utilize real data as a basis for syn-
thetic data generation, applying a selection of presented 
approaches. Subsequently, we examine to what extent 
the intended properties can be verified and present the 
according results in Results  section. In Discussion  sec-
tion, we discuss strengths and limitations of the genera-
tion approaches and scenarios in which they are most 
applicable. We conclude our work in Conclusion section.

Methods
We aim to provide controlled datasets that represent 
a medical use case and enable us, through controllable 
parameters, to perform method validation by means of 
simulation studies. The particular application of interest 
concerns the situation where patients suffer from mul-
tiple diseases simultaneously, and where a holistic view of 
patient characteristics and comorbidities can support the 
diagnostic process. Before addressing this specific appli-
cation, we first explain the general approach to synthetic 
data generation.

For this purpose, one distinguishes between three types 
of synthetic data generation processes, each of which is 
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values. This is summarized in a k-dimensional vector xi 
for patient i, comprising values of k covariates.

While  yi denotes the (in practice unknown) ground 
truth, we use Y i = (Yi1, . . . , Yid)′ to denote a d-dimen-
sional random variable with state space {0, 1}d, which yi 
is a realization of. Disease probabilities are given by

	πij = P (Yij = 1) and πij(xi) = P (Yij = 1 | xi),

respectively. We also consider disease scores sij  (see also 
Disease probabilities  πi and disease scores  si  section) 
which have the meaning that

	 sij ≥ sil =⇒ yij ≥ yil� (1)

for diseases  j, l ∈ {1, . . . , d}. Other than probabilities, 
they determine disease outcomes without further ran-
domness (more details provided in Approaches  IIIc, 
IVc and IVd below). We summarize the probabili-
ties and scores to vectors  πi = (πi1, . . . , πid)′ and 
si = (si1, . . . , sid)′, respectively.

When we speak of co-occurring diseases, particular 
attention is given to possible medical causes of such co-
occurrences. In general, diseases may or may not have 
causal effect on each other; but even if they do not, their 
occurrence may be correlated due to covariates that are 
associated to both diseases. That is, the covariates may 
indicate the presence or absence of diseases without 
influencing their occurrence, or they may directly pro-
mote or prevent the occurrence of diseases, or both. In 
our study, we do not make any explicit assumption about 
the unconditional (in-)dependence of any two diseases  j 
and  l, i. e. about the joint distribution of Yij  and Yil for 
diseases j, l ∈ {1, . . . , d} with j ̸= l.

Synthetic data generation
We aim to generate synthetic data for the above 
described model of co-occurring diseases. We set the 
number of patients to n ≥ 1, the number of considered 
diseases to  d ≥ 2 and the number of patient covariates 
to k ≥ 1. In what follows, we assume all patients (more 
precisely, the occurrence of their diseases and the values 
of their covariates) to be mutually independent and use a 
generic index i ∈ {1, . . . , n} to refer to patient i.

To generate medically realistic or statistically interest-
ing data, a modeler should be able to specify certain tar-
get parameters. These include: 

(i)	 the effect of patient covariates on disease 
occurrence;

(ii)	 the dependencies among the several diseases;
(iii)	 as well as the prevalence pj  of individual diseases 

or disease combinations j.

It will not always be possible to satisfy every target simul-
taneously. For example, if two diseases are influenced 
by covariates in opposite ways, a positive correlation 
between them may be precluded. Similarly, commonly 
observed covariate values are less likely to be associated 
with rare diseases. This section describes algorithms 
that incorporate mathematical constraints, such as the 
requirement of positive definiteness for correlation 
matrices, and demonstrates how data can be obtained 
that matches the specified targets as closely as possible.

For the data generation, we start by (I) first simulating 
covariate data  xi. Then, conditional on this, we (II) con-
struct functions which mirror the impact of covariates on 
disease occurrence. These are based on linear combinations 
of covariate values; we call them (linear) predictors and 
denote them by ηi|xi. Next, we (III) derive disease prob-
abilities  πi|xi or disease scores  si|xi (usually equivalent 
to πi|ηi and si|ηi). Finally, we (IV) draw realizations yi|πi 
or yi|si of disease occurrences. In this last step we assume 
that the probabilities  πi and scores  si contain sufficient 
information for the simulation of disease occurrences in the 
sense that the covariates xi do not contain any additional 
relevant information anymore. That is, conditional on  πi 
or si, yi is independent of xi. In the following, we describe 
these Steps I to IV, and within each step, a number of alter-
native approaches. Figure 1 provides an overview of possible 
combinations.

Covariates xi
Covariates capture patient details such as core data, life-
style factors, clinical measurements, laboratory results, 
or genetic data. They do not yet include diagnoses but 
may still offer indications of potential diseases. The dis-
tribution of individual covariates, as well as the depen-
dencies between them, are considered representative of 
the population of interest. Distributions should therefore 
be chosen accordingly, and results interpreted in this 
context.

Ia. Anonymized-only or partially synthetic data
If suitable data is available, and if data quality, data 

quantity, and data protection do not pose any obstacles, 
anonymized-only or partially synthetic data can be used 
as covariates, even if no corresponding diagnoses are 
known. By relying on such data as covariates, existing 
physiological and clinical correlations such as the asso-
ciation between systolic and diastolic blood pressure are 
naturally retained in the synthetic setting, provided that 
their joint distribution is adequately represented.

Ib. NORTA (NORmal To Anything)
In the following, we focus on the more complex case 

in which we aim for truly synthetic or fully synthetic 
covariates. In our approach, we create synthetic data by 
the NORmal To Anything (NORTA) approach [30]. This 
approach requires the modeler to specify the correlation 
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structure and the marginal distributions of the covariates. 
The information basis for this specification determines 
whether the resulting data is regarded truly or fully syn-
thetic. Based on Gaussian copulas, the algorithm leads to 
the multivariate generation of data with the desired prop-
erties, i. e. association structure and distribution. The 
steps are as follows: 

1.	 Specify the correlation structure of the k covariates 
by a (k × k)-dimensional matrix R that contains all 
pairwise correlations. The matrix must, of course, 
satisfy the properties of a correlation matrix; that is, 
it must be symmetric, positive semi-definite, have 
values in the range [−1, 1] and ones on the main 
diagonal.

2.	 Describe the marginal distributions of the 
covariates h ∈ {1, . . . , k} by defining their 
cumulative distribution functions Fh.

3.	 Incorporate the desired dependence structure 
between the covariates by drawing a random 
variable zi from a multivariate normal distribution 
with mean zero and covariance matrix R for each 

patient i, i. e. zi = (zi1, . . . , zik)′ ∼ Nk(0, R) 
independently for all i = 1, . . . , n.

4.	 Transform the zi into (correlated) uniformly 
distributed variables in the domain [0, 1]k by 
component-wise application of the standard normal 
cumulative distribution function Φ. This way, we 
generate random variables ui = (ui1, . . . , uik)′ 
with uih = Φ(zih) for i ∈ {1, . . . , n} 
and h ∈ {1, . . . , k}. Each of these variables is 
marginally uniform, while the sought dependence 
structure between the variables remains.

5.	 Convert the uniform variables ui into the 
desired target distribution using the quantile 
functions (inverse cumulative distribution 
functions) F −1

h  of the respective covariates by 
setting xi = (xi1, . . . , xik)′ with xih = F −1

h (uih) for 
all i ∈ {1, . . . , n} and h ∈ {1, . . . , k}.

This method explicitly requires the specification of a 
target correlation structure between the covariates and 
thereby ensures that relevant dependencies are directly 
embedded in the data-generating process. In particular, 

Fig. 1  Overview of Steps  I to IV for synthetic data generation. Each column shows various approaches, representing alternative options that can be 
combined across steps. The colors of arrows at the right side of each box indicate which approach can follow next, namely one with a bar with matching 
color at the left. Note that Approach IVe can follow directly after Step I, meaning that Steps II and III are not required here
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clinically meaningful associations can be predefined and 
systematically incorporated into the synthetic data.

Predictors ηi
The predictors represent the central mechanism for 
establishing the association between covariates and dis-
ease occurrence, and the relationship between diseases. 
We present four different approaches that differ in the 
dependencies they generate and in their complexity, in 
terms of the parameters that need to be specified: inde-
pendent single-disease models, sequentially dependent 
single-disease models, a latent factor model, and a mul-
tinomial disease-combination model. Table  A1 in the 
Appendix summarizes required input specifications for 
these approaches.

Although mathematically not required, we recommend 
standardizing metric covariates  h such that the empiri-
cal mean over x1h, . . . , xnh equals zero and the empiri-
cal variance becomes one, or that they cover identical 
value ranges. This leads to better comparability of the 
effect sizes to be specified. In the following, all com-
putations of predictors  ηi are conditional on  xi, even 
if not flagged explicitly in equations. We employ vec-
tors x̃i = (1, x′

i)′ ∈ Rk+1 for the purpose of vector prod-
uct notation.

IIa. Independent single-disease models
We use regression models [31] to describe the proba-

bilities of patients suffering from the considered diseases, 
conditional on the covariate information. To that end, we 
start by combining the covariates to linear predictors. In 
our first approach, we model the diseases to occur inde-
pendently of each other. In particular, we do not assume 
that diseases are mutually exclusive; instead, a patient 
can suffer from any combination of them. In detail, we 
follow these steps for patients  i ∈ {1, . . . , n} and dis-
eases j ∈ {1, . . . , d}: 

1.	 Define coefficient vectors βj = (βj0, ..., βjk)′, 
where βjh ∈ R describes the association between 
the jth disease and hth covariate, conditional on all 
others. The desired proportion pj  of patients affected 
by disease j can be regulated by the intercept βj0. In 
case of normally distributed covariates with mean 
zero, it should be chosen as 

	
βj0 = log

(
pj

1 − pj

)
.� (2)

2.	 Calculate a linear predictor ηij | xi as 

	 ηij = x̃′
iβj = βj0 + βj1xi1 + · · · + βjkxik.

IIb. Sequentially dependent single-disease models

Next, we extend Approach  IIa by using sequentially 
dependent rather than independent regression mod-
els to describe disease probabilities. This modeling 
approach is based on the assumption that information 
about the presence of one disease alters the probability 
of another disease being present, beyond what is already 
explained by the information contained in the covari-
ates. To include disease dependencies in the simulation 
process, we model the disease occurrences sequentially 
and condition on the already generated disease variables 
when calculating the linear predictor for subsequent 
diseases. To this end, we follow these steps for every 
patient i ∈ {1, . . . , n}: 

1.	 Define coefficient vectors βj = (βj0, ..., βjk)′ as 
in Step 1 of Approach IIa. Note, however, that the 
coefficients will have a different impact here due 
to the conditioning on other diseases (inclusion of 
coefficients γjl) in the following.

2.	 Sort the diseases to obtain an order such that, 
for j < l, we can model the probability of occurrence 
of disease j independently of disease l. In particular, 
the occurrence probability of disease 1 will be 
modeled independently from all other diseases.

3.	 Determine coefficients γjl which describe how the 
occurrence probability of disease l is influenced 
by the occurrence of disease j ∈ {1, . . . , l − 1}, 
conditional on xi and the occurrence information of 
the diseases 1, . . . , j − 1, j + 1, . . . , l − 1.

4.	 For l = 1, do the following:

 	– Calculate 

	 ηi1 = x̃′
iβ1.

 	– Proceed with Steps III and IV to simulate yi1.

5.	 For l = 2, . . . , d, do the following:

 	– Calculate 

	
ηil = x̃′

iβl +
l−1∑
j=1

γjlyij .

 	– Proceed with Steps III and IV to simulate yil.

IIc. Latent factor model So far, we have computed the 
predictors conditional on observed covariates and (in 
Approach  IIb) information about the presence of other 
diseases. In a further approach, we now include additional 
factors that are neither observed nor assigned a substan-
tive interpretation. These are latent factors that influence 
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the joint occurrence of each pair of diseases. Using shared 
latent factors makes it possible to simulate disease occur-
rences which depend on both known patient covariates 
and unknown other influences [32]. We assume the latent 
factors to be independent of the observed covariates: 
While correlation between them is possible in real-world 
data, maintaining strict independence isolates the unob-
served dependence between diseases from the effects of 
the covariates, preventing a confounded structure and 
making the synthetic data more useful for method valida-
tion. We proceed as follows: 

1.	 Define coefficient vectors βj = (βj0, ..., βjk)′ as 
in Step 1 of Approach IIa. Note, however, that the 
coefficients will have a different impact here due 
to the conditioning on latent factors (inclusion of 
coefficients λjl) in the following.

2.	 For every disease j, determine a set Bj  of 
diseases which share a latent factor with j, i. e. 
Bj ∈ {1, . . . , d} \ {j}. By definition, shared latent 
factors influence two diseases; thus, the sets must 
fulfill 

	 j ∈ Bl ⇐⇒ l ∈ Bj .

	  It is allowed that Bj  is empty. To avoid using vectors 
of varying dimensions in the following, we introduce 
the (symmetric and potentially sparse) matrix B∗ 
with entries bjl = 1 if j ∈ Bl, i. e. if diseases j and l 
share a latent factor, and zero otherwise.

3.	 Define coefficients λjl ∈ R which indicate the 
influence of the latent factor shared by diseases j 
and l on disease j. Although the latent factor is 
shared, the influence on diseases j and l may differ, 
i. e. we do not require λjl = λlj . For bjl = 0, we 
set λjl = 0.

4.	 For each patient i, simulate independent standard 
normally distributed latent factors wijl ∼ N(0, 1) 
if bjl = 1 and zero otherwise. Since latent 
factors are shared, we require wijl = wilj  for 
all j, l ∈ {1, . . . , d}.

5.	 For each patient i and disease j, calculate a linear 
predictor which takes both the influence of 
covariates xi as well as latent factors wij1, . . . , wijd 
into account: 

                  	
ηij = x̃′

iβj +
d∑

l=1

λjlwijl.

IId. Multinomial disease-combination model

So far, we have considered the d diseases side by side 
and, for each patient, examined a d-dimensional combi-
nation  (yi1, . . . , yid)′ ∈ {0, 1}d of occurrences and non-
occurrences. An alternative approach is to describe each 
combination as one of 2d possible (unordered) classes of 
aggregated disease profiles. This is what we do in the fol-
lowing. To that end, we introduce variables ci with ci = r 
indicating that patient  i suffers from disease combina-
tion r, and r ∈ {1, . . . , 2d}. In particular, we number the 
classes such that combination (j1, . . . , jd)′ ∈ {0, 1}d cor-
responds to class 1 +

∑d
m=1 jm2m−1. For example, in the 

case of three possible diseases, the combination (0, 0, 0)′ 
corresponds to class 1, (0, 1, 0)′ to class 3, and (1, 1, 1)′ to 
class 8. For any d, the first class refers to the combination 
where none of the single diseases occurs, and r = 2d to 
the case where all of them do. We undertake the follow-
ing steps:

For every disease combination  r, we calculate linear 
predictors after defining regression coefficients as inter-
cepts and the effects of the k  covariates on the disease 
outcome. For patient  i, these linear predictors ηir  rep-
resent the log-odds of class  r relative to the reference 
category. Since  r = 1 serves as reference category and 
its occurrence probability will later (in Step III) be com-
puted as the complement to all other class probabilities, 
we do not specify coefficients for this class.

We propose three ways to define the regression coef-
ficients and linear predictors: 

(i)	 If knowledge is available about occurrences 
of disease combinations, and how they are 
influenced by the covariates, the regression 
coefficients βr = (βr0, βr1, . . . , βrk)′ can 
be chosen individually for every disease 
combination r. This procedure requires the 
user to define (2d − 1)(k + 1) coefficients βrh 
(r ∈ {2, . . . , 2d}, h ∈ {0, . . . , k}). In case of 
normally distributed covariates with mean zero, 
the intercept βr0 should be chosen as 

	
βr0 = log

(
pr

p1

)
,� (3)

	  where pr  is the desired proportion of patients 
affected by disease combination r. This regulates 
the proportion of patients suffering from r ≥ 2 
compared to the proportion of healthy patients 
(r = 1). For every patient i, calculate the linear 
predictor for disease combination r ≥ 2 as 
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	 ηir = x̃′
iβr = βr0 + βr1xi1 + · · · + βrkxik.

(ii)	 Alternatively, we can model the impact 
of covariates on disease occurrence for 
every disease individually. That means, the 
regression coefficients are independently 
defined as βj = (βj0, βj1, . . . , βjk)′ for every 
disease j ∈ {1, . . . , d}. This requires the 
user to specify only d(k + 1) coefficients βjh 
(j ∈ {1, . . . , d}, h ∈ {0, . . . , k}). For every 
patient i, one calculates a linear predictor for 
disease j as 

	 η̃ij = x̃′
iβj = βj0 + βj1xi1 + · · · + βjkxik.

	  The linear predictor for disease combination r, 
corresponding to (j1, . . . , jd)′, then results as 

	
ηir =

d∏
m=1

η̃jm

im .� (4)

	  Since all exponents equal either zero or one, that is 
the product of all linear predictors corresponding 
to the single diseases in combination r. While the 
choice of the coefficients βjh can be made exactly 
analogously to Approach IIa, the difference arises 
at the point where the predictors ηir  are calculated 
per disease combination rather than per disease. 
This changes the dependency structure among the 
generated disease outcomes, also in interaction with 
the disease prevalences.

(iii)	 Via the product (4), the previous approach mingles 
individual linear predictors and thus eventually 
leads to synthetic disease occurrences which 
are dependent both among each other and on 
the covariates. However, it does not retain the 
individual relationship between single diseases 
and covariates. This can be achieved if the linear 
predictor for a disease combination is calculated 
dependent on the linear predictors of a subset of 
the disease combinations which reflect mutually 
exclusive single diseases (e. g. (1, 0)′ and (0, 1)′ 
for d = 2). To this end, we make use of the odds 
ratio ORir , which quantifies for patient i the 
association between the single diseases contained 
in combination r, and therefore how the presence 
or absence of one single disease changes the 
odds of observing a particular disease category. 
With the detailed calculations in Section A.1 
in the Appendix, we show the following: 

Let r = (j1, . . . , jd)′ be some disease combination 
with j1 = 1 and j2 = 1 (and arbitrary values 
for j3, . . . , jd. Let r′ be identical to r with the 
difference that j1 = 0, and r′′ like r with j2 = 0. 
Then, the linear predictor for patient i and disease 
combination r can be calculated as: 

	 ηir = log(ORir) + ηir′ + ηir′′ .

	  We can set ORir  according to the desired 
association between the diseases 1 and 2. It then 
holds that 

	
ORir

{
> 1 in case of positive association,
= 1 in case of no association,
< 1 in case of negative association.

	  With this procedure, we constrain the linear 
predictor for the joint disease outcome instead of 
building independent linear predictors. This allows 
us to explicitly model an association between the 
single diseases. In Section A.1 in the Appendix, we 
also present the calculations for a combination of 
three diseases. The derivation for more than three 
diseases is analogous; however, combining more 
diseases decreases their practical relevance.

Disease probabilities πi  and disease scores si
After having constructed predictors that link the values of 
covariates with the occurrence of single or combined dis-
eases, we now aim to derive probabilities πi or scores si 
for disease occurrences based on them. In the following, 
we use the common notation to condition on the covari-
ates xi rather than on the predictors ηi, because the rela-
tion between xi and ηi is often deterministic.

Probabilities have the advantage of being clearly inter-
pretable, with a known range and an intuitive sense of 
how common or rare events are, and they directly rep-
resent the uncertainty associated with random events. 
Depending on the context, however, one may instead be 
interested in scores, which preserve the structure of the 
(linear) predictors and allow for easier control of the sim-
ulated disease occurrences. In the following, we present 
methods for deriving both: Approaches IIIa and IIIb for 
probabilities, and IIIc for scores.

IIIa. Disease-wise logit and probit models
Approaches  IIa, IIb and  IIc delivered predic-

tors  ηij  for patients  i ∈ {1, . . . , n} for every single dis-
ease  j ∈ {1, . . . , d}. Dependencies between diseases are 
integrated in the predictors already. A straightforward 
procedure from regression modeling is to use the logis-
tic function to translate the predictors into occurrence 
probabilities
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πij(xi) = P (yij = 1 | xi) = 1

1 + e−ηij
.� (5)

Alternatively, corresponding to the well-known probit 
model, one may calculate

	 πij(xi) = P (yij = 1 | xi) = Φ(ηij)� (6)

with the cumulative distribution function Φ of the stan-
dard normal distribution. While the logit model  (5) is 
generally more straightforward to interpret, the probit 
model (6) comes with properties such as thinner tails.

IIIb. Disease-combination logit model
Approach  IId considered disease combi-

nations  (yi1, . . . , yid)′ ∈ {0, 1}d, numbered 
by  r ∈ {1, . . . , 2d}. Accordingly, we derive multinomial 
probability vectors  πi = (πi1, . . . , πi2d). These differ 
from the probabilities in Approach IIIa in that the com-
ponents are required to sum up to one. Based on ηir , we 
calculate the occurrence probability for disease combina-
tion r ≥ 2 as

	
πir(xi) = P (ci = r | xi) = eηir

1 +
∑2d

m=2 eηim

where  ci stands for the disease combination class of 
patient  i as introduced in Approach IId. The occurrence 
probability for the reference category r = 1 can be calcu-
lated as πi1(xi) = 1 −

∑2d

r=2 πir  [31].

IIIc. Disease scores
Unlike probabilities, disease scores determine disease 

outcomes directly, without introducing further uncer-
tainty, through Formula (1) for diseases or disease combi-
nations. In the simplest case, one may leave the predictors 
from Step  II unaltered and set  sij = ηij  for all  i and  j. 
Alternatively, one may add independent and identically 
distributed noise  εij ∼ N(0, σ2) for some  σ > 0, such 
that sij = ηij + εij . The individual- and disease-specific 
noise term represents the fact that, even if two individu-
als agree in their covariates and potentially latent factors, 
the disease outcome may differ.

Disease occurrence yi
Finally, we proceed from the continuous-valued probabil-
ities and scores to discrete-valued realizations of whether 
a disease or disease combination does or does not occur. 
While the probability-based Approaches  IVa and  IVb 
represent the uncertainty associated with such transi-
tions more realistically, the score-based Approaches  IVc 
and  IVd offer greater controllability, particularly with 
respect to desired disease prevalences. Approach  IVe 
revisits the NORTA algorithm and generates disease 
occurrences based on correlations.

IVa. Probability-based single diseases
Given we have calculated occurrence probabilities πij  

for individual diseases j (via Approaches IIIa or IIId), we 
now draw independent Bernoulli distributed random 
variables:

	 yij |xi ∼ Bernoulli(πij(xi))

for all patients i ∈ {1, . . . , n} and diseases j ∈ {1, . . . , d}.
In Approach  IIa, we indicated a choice of intercept 

in Eq.  (2) which (in theory) regulates the proportion of 
patients suffering from disease j such that it matches the 
desired fraction pj . In case of non-normally distributed 
or non-centered covariates, however, the target propor-
tion may be missed. In this case, an iterative correction 
can be used where one adjusts the intercept βj0 itera-
tively to

	
β∗

j0 = βj0 + log
(

pj

1 − pj

)
− log

(
yj

1 − yj

)
� (7)

until the difference between the target prevalence pj  and 
sample proportion yj  falls below a chosen tolerance value 
(e. g. 0.001) [33].

IVb. Probability-based disease combinations
If we obtained occurrence probabilities πir  for disease 

combinations r ∈ {1, . . . , 2d} rather than individual dis-
eases (via Approach  IIIb), we proceed by drawing inde-
pendent multinomial distributed random variables:

	 ci|xi ∼ Multinomial(πi1(xi), . . . , πi2d(xi))

for all patients  i ∈ {1, . . . , n}, where ci denotes the dis-
ease combination for patient i. Before, we numbered the 
classes such that combination (j1, . . . , jd)′ corresponded 
to class 1 +

∑d
m=1 jm2m−1. We can thus determine the 

individual disease occurrences for patient i via

	
yim =

{ 1 if jm = 1 in combination ci,
0 otherwise � (8)

for m ∈ {1, . . . , d}.
In analogy to the intercept correction in Eq.  (7) from 

Approach IVa, the intercept βr0 for disease combination 
r ≥ 2 can be iteratively adjusted by

	
β∗

r0 = βr0 + log
(

pr

p1

)
− log

(
yr

y1

)
.� (9)

IVc. Score-based single diseases
Based on disease scores  sij  for single dis-

eases  j ∈ {1, . . . , d}, one can determine binary disease 
outcomes by comparing the scores with thresholds  τj  
which are chosen by the modeler for every disease j:
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yij =

{ 1 sij > τj ,
0 sij ≤ τj .

Adjusting the threshold  τj  enables one to reach 
the desired prevalence  pj  of disease  j. In particu-
lar, one can chose  τj  to be the empirical pj-quantile 
across s1j , . . . , snj .

IVd. Score-based disease combinations
If scores  sir  for disease combinations  r ∈ {1, . . . , 2d} 

are provided, a combination can be selected as

	
ci = arg max

r∈{1,...,2d}
sir

for every patient i ∈ {1, . . . , n}. If the score was obtained 
by adding normally distributed noise in Approach  IIIc, 
this prodecure corresponds to a multivariate probit 
model. Via Eq. (8), one can obtain single-disease realiza-
tions from the combinations.

IVe. NORTA
In this approach, we utilize the NORTA procedure 

which has already been described in Approach  Ib in the 
context of generating synthetic covariate data. It directly 
builds on the covariate generation (Step I) without taking 
the model-based path through Steps  II and  III: It simu-
lates disease occurrence solely based on specified marginal 
distributions and correlations. With the following algo-
rithm, we extend the framework of [30]. In particular, we 
describe how occurrences  yij  are generated conditional 
on covariates xi. We provide this description according to 
the chosen structuring into Steps I through IV. However, if 
NORTA was already applied in Step I (i. e. Approach Ib), 
these steps could be merged for easier implementation, 
without the need to consider the subsequent formulas for 
conditional probabilities. If covariate data was obtained 
via Approach Ia, or if one seeks to separate the levels, one 
should follow these steps: 

1.	 Determine the correlation structure of the 
k covariates. This is either known, if the covariates 
were synthetically generated by Approach Ib, or it 
can be estimated via the empirical correlation matrix 
of the xi. In any case, denote the resulting (k × k)
-dimensional matrix by Rxx.

2.	 Specify the correlation structure of the d diseases 
(i. e. (yi1, . . . , yid)′ across all patients i) by a 
(d × d)-dimensional matrix Ryy  that contains 
all pairwise correlations. Further, specify the 
pairwise correlations between (yi1, . . . , yid)′ 
and (xi1, . . . , xik)′ across all i in a (d × k)
-dimensional matrix Ryx.

3.	 Describe the marginal distributions of the 
occurrences yij  by defining their cumulative 
distribution functions Fy,j  for j ∈ {1, . . . , d}.

4.	 Generate auxiliary random vectors zx,i which 
correspond to the vectors zi in Step 3 of 
Approach Ib. If these vectors are still known from 
a previous NORTA application, they can be used. 
Otherwise, conduct the following calculations 
(reversal of Steps 4 and 5 from Approach Ib) based 
on the available covariate data:

 	• Compute the empirical cumulative distribution 
functions Fx,h for all covariates h.

 	• Calculate ux,ih = Fx,h(xih) 
and zx,ih = Φ−1(ux,ih) for all i and h, where Φ 
denotes the standard normal cumulative 
distribution function. Let zx,i = (zx,i1, . . . , zx,ik)′.

5.	 Incorporate the desired dependence structure 
among the diseases and between the 
diseases and covariates by drawing random 
variables zy,i = (zy,i1, . . . , zy,id)′ from a 
multivariate normal distribution with mean 

	 RyxR−1
xx zx,i

	  and covariance matrix 

	 Ryy − RyxR−1
xx R′

yx

	  independently for all patients i ∈ {1, . . . , n}.

6.	 Transform the zy,i into (correlated) uniformly 
distributed variables in the domain [0, 1]d by 
component-wise application of Φ. This way, 
we generate variables uy,i = (uy,i1, . . . , uy,id)′ 
with uy,ij = Φ(zy,ij) for i ∈ {1, . . . , n} 
and j ∈ {1, . . . , d}. Each of these variables is 
marginally uniform, while the sought dependence 
structure between the variables remains.

7.	 Convert the uniform variables uy,i into the 
desired target distribution using the quantile 
functions (inverse cumulative distribution 
functions) F −1

y,j  of the respective occurrences by 
setting yij = F −1

y,j (uy,ij) for all i ∈ {1, . . . , n} 
and j ∈ {1, . . . , d}.

The NORTA approach can also be used to generate occur-
rences of disease combinations rather than single diseases.

Verification of desired properties
In the beginning of Synthetic data generation section, we 
outlined three target properties which we aim to fulfill 
with the generated data: (i) covariate effects on disease 
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occurrence, (ii) associations between diseases, and (iii) 
disease prevalences. Once the synthetic data has been 
generated using the above described approaches, we seek 
to assess to what extent it reflects the desired ground 
truth. We proceed as follows: 

(i)	 Covariate effects: The connection between patient 
covariates and disease occurrence was established 
in Step II through the construction of predictors. In 
the approaches presented, regression coefficients 
were defined to combine the covariates into linear 
combinations. Due to the superposition of covariate 
effects with inter-disease dependencies, it can, 
however, be assumed that the original relationship 
has become biased. We estimate the coefficients of 
regression models to verify the consistency between 
the input parameters and the reverse-engineered 
estimates. To that end, we look at different paths 
to generate data, and apply five different ways to 
re-estimate the input parameters: independent 
binomial logit models, dependent binomial logit 
models, a probit model, a multinomial logit model, 
and the computation of empirical correlations.

(ii)	 Association between diseases: To examine 
the relationship between the generated disease 
occurrences, we use Cramer’s V [34], which is a 
measure of the association strength between two 
nominal variables. The measure ranges between 
zero and one, where V = 0 means no association 
and V = 1 means perfect association between the 
according variables. Another meaningful measure, 
though not applied here for verification purposes, 
is the tetrachoric correlation, which measures the 
correlation between two binary variables for which 
one assumes that they arose from an underlying 
normally distributed latent variable [32].

(iii)	 Target prevalence: To assess if the desired 
disease prevalences are reached, we compare 
for each disease the target proportion with the 
arithmetic mean of the according generated disease 
occurrence.

Use case: Co-occurring diseases in chronic pain patients
To test and demonstrate the practical application of the 
four-step framework in a real-world context, we create 
and evaluate synthetic datasets for the medical use case 
which motivated this study.

Medical context and data
We consider the situation of chronic pain patients 
who often suffer from multiple co-occurring diseases. 
In  [20], we analyze data from a German rheumatism 
outpatient clinic, the Department of Internal Medicine 
and Rheumatology at Hospital Bielefeld Rosenhöhe. 
All patients in this dataset are suspected to suffer from 
none, one or several of the following diseases: immune-
mediated rheumatic diseases (IMID), fibromyalgia 
syndrome (FMS), osteoarthritis (OA) and other pain-
causing diseases (OPCD). The aim of [20] was to inves-
tigate whether the data-driven diagnosis of IMID can be 
improved by the simultaneous examination of FMS, OA 
and OPCD.

As a result of this project, methodological questions 
emerged that could be appropriately investigated on 
well-suited data. However, although a basis of real data 
is available in this use case, it cannot be employed for 
rigorous method validation due to the lack of control-
lability of ground truth, apart from limitations such as 
small sample size, measurement uncertainty and missing 
values. For that reason, we use the real dataset to extract 
a knowledge base which serves to specify distributions, 
ranges and interdependencies. To revisit the categoriza-
tion introduced at the beginning of Methods section, we 
focus on data-driven, fully synthetic data generation.

Procedure
For a focused demonstration of the data generation, we 
will subsequently concentrate on two of the aforemen-
tioned diseases, namely IMID and FMS. Even if we do 
not aim for medical correctness in this demonstration 
example, we seek to define realistic value ranges for the 
variables. Therefore, we use the real patient data for 
knowledge discovery (data-driven), while no real data is 
included in the final generated dataset (fully synthetic).

In the following, we describe the relevant design 
choices in applying the algorithms from Methods  sec-
tion. All details, including input and target values, can be 
found in the corresponding R scripts at ​h​t​t​​p​s​:​/​​/​g​i​​t​h​​u​b​.​c​o​
m​/​f​u​c​h​s​l​a​b​/​s​y​n​t​h​D​a​t​a​_​d​i​s​e​a​s​e​s​​​​​.​​

General settings and target properties
We take five methodological paths to generate synthetic 

data, illustrated in Table  1. With each path, we generate 
1,000 independent and identically distributed synthetic 
datasets. In each of these datasets, we simulate data 

Table 1  Overview of the five methodological paths that are 
chosen to generate synthetic data in the presented use case. 
For each Path A to E, the table lists the sequence of chosen 
approaches in Steps I to IV
Path Step I Step II Step III Step IV
A Ib IIa IIIa IVa

B Ib IIb IIIa IVa

C Ib IIc IIIa IVa

D Ib IId IIIb IVb

E Ib – – IVe

https://github.com/fuchslab/synthData_diseases
https://github.com/fuchslab/synthData_diseases
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for n = 10, 000 patients. For each of the patients, in turn, 
we simulate the occurrence of  d = 2 diseases as binary 
outcomes, namely of IMID and FMS. For each patient, we 
assume information from k = 6 covariates to be available.

Regarding the target properties (covariate effects, dis-
ease dependencies, disease prevalences), we base the fol-
lowing values on characteristics from the real dataset: 

(i)	 Desired covariate effects are described further 
below.

(ii)	 As an association between the two diseases IMID 
and FMS, we target at VIMID, FMS = 0.42.

(iii)	 Regarding marginal prevalences for disease 
occurrences, we aim to achieve a proportion 
of pIMID = 0.52 for IMID and pFMS = 0.21 for 
FMS. Additionally, we define the following 
target prevalences for the four possible disease 
combinations: ponlyIMID = 0.49, ponlyFMS = 0.19, 
pIMID&FMS = 0.03 and phealthy = 0.29. We deliberately 
choose pIMID&FMS ̸= ponlyIMID · ponlyFMS, where 
equality would indicate marginal independence of the 
occurrence of the two diseases.

Step I: Covariates
We generate data for six patient-specific covariates: 

age, sex, C-reactive protein (CRP), sum of positively 
answered questions of the Fibromyalgia Rapid Screen-
ing Tool (FiRST), numeric rating scale (NRS) to quantify 
the pain level, and the number of pain-sensitive pressure 
points on the body (tender points). In the following, we 
refer to these variables as Age, Sex, CRP, FiRST, NRS 
and Tender. We empirically derive the distributions and 
their corresponding parameters from the real hospital 
data as listed in Table 2.

We generate the covariates using Approach  Ib, that 
is the NORTA procedure. To that end, we calculate the 
empirical (6 × 6)-dimensional correlation matrix of the 
covariates (results shown in Table  A2 in the Appendix) 
and pass it to the algorithm as input matrix  R. In par-
ticular, we proceed as follows: For pairs of variables that 
are both continuous in the real data, we use Pearson’s 
correlation coefficient [35]; for pairs containing one con-
tinuous and one binary variable, we calculate the polyse-
rial correlation [36, 37]. As marginal distributions, we use 
the ones listed in Table 2, which are motivated through 
empirical analysis of the real data. For all five paths listed 
in Table 1, we use the exact same covariate data. We stan-
dardize the metric covariates before proceeding with 
Step II.

Step II: Predictors
We apply the four model-based Approaches  IIa to  IId 

to generate predictors, entering Paths  A to  D. Path  E 
does not require the generation of a predictor since 
the NORTA technique in Approach  IVe directly builds 
on Step  I without visiting Steps  II and  III. More pre-
cisely, the covariates and occurrences are generated in 
a joint NORTA application, and then separated for use 
in Paths  A to  D. Approaches  IIa to  IId require specify-
ing coefficients that describe the effect of covariates on 
disease occurrences. To obtain realistic values for these 
coefficients, we apply regression models to the real data 

Table 2  Description and specification of patient variables that 
are generated in Step I according to distributions and parameters 
from real data. The simulated variables serve as covariates 
in Paths A to E. T N (µ, σ, a, b) denotes a truncated normal 
distribution with mean µ ∈ [a, b], standard deviation σ > 0 and 
values being constrained to the range [a, b]. Γ(shape, rate) 
denotes the gamma distribution with positive shape and rate 
parameters
Variable Description Type Distribution/Parameters

Age Age of patient 
at admission

Metric T N (µ = 55, σ = 15.5, a = 18, b = 89)  

(in years) (continuous)

Sex Sex at birth Binary Bernoulli(p = 0.31);
1 = male, 0 = female

CRP C-reactive 
protein (in 
mg/l)

Metric Γ(shape = 0.5, rate = 0.05)

(continuous)

FiRST Sum of 
positively 
answered

Metric Sample from {0, 1, ..., 6} with 
probabilities

questions 
of the 
Fibromyalgia

(discrete) 0.03, 0.10, 0.13, 0.17, 0.19, 0.18, 0.20

Rapid Screen-
ing Tool

NRS Numeric rat-
ing scale to

Metric Sample from 
{0, 0.5, 1, ..., 9.5, 10} with 
probabilities

quantify the 
pain level

(discrete) 0.031, 0.002, 0.005, 0.002, 0.020, 
0.002, 0.046, 0.009,

0.046, 0.005, 0.147, 0.016, 0.153, 
0.024, 0.121, 0.021,

0.178, 0.019, 0.093, 0.004, 0.056

Tender Number of 
pain-sensitive

Metric Sample from {0, 1, ..., 18} with 
probabilities

pressure 
points on 
body

(discrete) 0.268, 0.016, 0.156, 0.021, 0.093, 
0.015, 0.077, 0.005,

0.051, 0.006, 0.053, 0.011, 0.036, 
0.010, 0.029, 0.015,

0.058, 0.006, 0.074
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and use the estimated coefficients as input values for data 
generation. Specific choices are as follows:

 	– As a basis for Approaches IIa to IIc, we estimate 
two logistic regression models on the real data 
after standardizing metric covariates — one with 
IMID as target variable, one with FMS. This results 
in coefficients βIMID and βFMS that are shown in 
Table A3 in the Appendix.

 	– In Approach IIb, we choose the order of diseases 
such that FMS occurrence is simulated first, and 
IMID occurrence is generated conditional on the 
occurrence of FMS. For the latter, we employ the 
coefficient value γFMS, IMID = 4.6 to model the 
impact of the occurrence of FMS on IMID.

 	– For Approach IIc, we create latent factors 
wi,IMID, FMS for every patient i, which represent a 
shared influence on the occurrence of both IMID and 
FMS. This latent factor enters the linear predictor 
with weights λIMID, FMS = λFMS, IMID = 5.7.

 	– As a basis for Approach IId, we estimate a 
multinomial regression model on the real data 
after standardizing the metric covariates, where 
the target variable can fall into one of the four 
categories ‘onlyIMID’ (patients who are exclusively 
diagnosed with IMID), ‘onlyFMS’ (patients who 
are exclusively diagnosed with FMS), ‘IMID&FMS’ 
(patients who are diagnosed with both IMID and 
FMS) and ‘healthy’ (the reference category). This 
yields regression coefficients βonlyIMID, βonlyFMS 
and βIMID&FMS that are shown in Table A3 in the 
Appendix. Within the first step of Approach IId, we 
choose Option (i) to build linear predictors; that 
is, we define regression coefficients for each of the 
disease combination classes (except for the reference 
category).

Step III: Probabilities and scores
To reduce the variability between datasets across paths 

to a few sources, we generate only probabilities in Step III 
and refrain from producing scores. That is, we apply 
Approach  IIIa for the single-disease Paths  A to  C and 
Approach IIIb for the disease-combination Path D.

Step IV: Disease occurrence
As a logical consequence of generating probabilities in 

Step III along Paths A through D, these paths now lead to 
probability-based realizations of disease occurrences: the 
application of Approach  IVa in the single-disease cases 
(Paths A to C) and of Approach IVb in the disease-com-
bination case (Path D).

In Approaches  IIa to  IId, we had chosen the intercept 
as estimated from the real data. Here, in Approaches IVa 
and  IVb, we apply the iterative intercept optimization, 

described through Eqs. (7) and (9), respectively, in order 
to achieve the target proportions of diseased patients.

On Path  E, we move directly from the covariate data 
generation in Step I to the simulation of disease occur-
rences via NORTA in Approach  IVe. To that end, we 
specify all pairwise correlations between the diseases 
IMID and FMS, and between the two diseases and the 
covariates. These are empirically derived from the real 
data and listed in Table A2 in the Appendix. As before, 
for pairs containing one continuous and one binary vari-
able, we calculate the polyserial correlation [36, 37]. For 
pairs of binary variables, we calculate the tetrachoric 
correlation (see Verification of desired properties  sec-
tion). In terms of the description of Approach IVe in Dis-
ease occurrence yi  section, they form the matrices Ryy  
and Ryx. In practice, however, we generate the covariates 
and occurrences in one joint NORTA application and 
separate them afterwards. The marginal distributions of 
disease occurrence are binomial with success probabili-
ties pIMID and pFMS as specified before.

Results
The data generation process involved several steps in 
which different model layers overlapped and interacted. 
We now examine to what extent the input parameters 
can be reproduced from the obtained datasets, and, more 
importantly, to what extent the synthetic data matches 
the main target properties (covariate effects, associations 
between diseases, target prevalences). To that end, we 
employ the measures described in Verification of desired 
properties  section (estimated regression coefficients, 
associations in terms of correlation coefficients and Cra-
mer’s V, and empirical disease prevalence). By comparing 
the results from Paths A to E, we can capture the influ-
ence of, in particular, Approaches IIa through IId, as well 
as the difference between the model-based Paths A to D 
and the correlation-based Path E.

For all data generation paths and each characteristic of 
interest (regression coefficients, correlations), we report 
the deviation of the estimated value (which we compute 
from the synthetic data) from the input value (that was 
provided as input to the data generation process and is 
known to the modeler). In particular, we look at the 
average of relative differences across all 1,000 generated 
datasets per path; the relative difference is the difference 
between the estimated value and the input value, divided 
by the input value. Further, we display 95 % empiri-
cal ranges of the relative differences. Depending on the 
context, however, the value of the regression coefficient 
or the correlation resulting from the synthetic data may 
not be particularly important. More crucial might be that 
the direction of the effect is preserved, that is, a posi-
tive association should remain positive. Therefore, we 
also examine whether the sign between the input and 
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estimate is retained. Overall, the metrics allow us to 
assess central tendencies while accounting for variation 
across all datasets.

Paths A to E differ in how they establish the relation-
ship between covariates and diseases, as well as in how 
co-occurrences of diseases are represented. Accord-
ingly, the calculated difference between estimate and 
input will depend on which model is used for reverse-
engineering. To ensure that each data generation path is 
treated equally, we perform the parameter estimation in 
five different ways: independent binomial logit models, 
dependent binomial logit models, a probit model, a mul-
tinomial logit model, and the computation of empirical 
correlations (where the type of correlation depends on 
the data type of each pair of variables). Figure 2 displays 
relative differences for the regression coefficient  βj,Age 
for all combinations of data generation paths and reverse-
engineering methods. It also indicates how often the 
signs of the estimate and the input, i. e. the direction of 
the effect coincide. Regarding the employed methods, the 
combinations on the main diagonal match best, and thus 
are expected to deliver the smallest differences. These 

method-wise optimal combinations are thus compiled 
for all six covariates in Fig. 3. A more detailed representa-
tion, analogous to Fig. 2, for the covariates beyond Age 
are provided in Figs. A1 to A5 in the Appendix.

Regarding the targeted prevalences and associations 
of single diseases or disease combinations, we compute 
the difference between the target value and the estimated 
value for each data generation path and target measure. 
Figure 4 displays average values across the 1,000 datasets 
and empirical 95 % ranges.

In addition to the graphical representations, we pro-
vide tabular overviews of estimated values of regres-
sion coefficients and correlation coefficients in Table A4 
in the Appendix, and empirical disease prevalence and 
disease association in simulated data in Table A5 in the 
Appendix.

Summarizing the results, we observe that the input 
information (coefficients and correlations) can be largely 
recovered from the synthetically generated data if the 
data-generating process and the estimation method are 
similar to each other (Fig. 3 and main diagonal of Fig. 2), 
while the target properties (prevalences and association 

Fig. 2  Relative difference between the estimated value of the regression coefficient βjh or correlation coefficient ρjh and the input value. The plots 
display averages (dots) and 95 % empirical ranges (bars) across 1,000 generated datasets. Percentages indicate how often the signs of estimate and 
input coincide. Where no percentage is given, it is 100 %. Columns represent the data generating approach (Paths A to E), while rows represent ways to 
estimate βjh or ρjh , respectively. These are independent binomial logit models (‘ind.logit’), dependent binomial logit models (‘dep.logit’), a probit model 
(‘probit’), a multinomial logit model (‘multinom’), and the computation of empirical correlations (‘correlation’). The considered covariate is h = Age; other 
covariates are considered in Figs. A1 to A5 in the Appendix. The target disease j covers IMID, FMS, onlyIMID, onlyFMS and IMID&FMS and is distinguished 
by color. Dotted vertical lines represent a difference of zero
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between diseases) are achieved to varying degrees 
(Fig. 4).

In particular, it hardly surprises that the regression 
coefficients generated from Paths  A,  B and  D can be 
estimated precisely through independent logit models, 
dependent logit models and the multinomial logit model, 
where the utilized algorithms for generation and estima-
tion directly correspond to each other. Path  C, in con-
trast, introduces an additional dependence level. It makes 
use of latent factors, unknown for the estimation pro-
cedure, and consequently yields the highest deviations 

between estimated regression coefficients and input val-
ues. It often even fails to maintain the direction of effect. 
With Path E, the correlation-based generation approach, 
we can reproduce the input correlations for all covariates 
with either no or only minor systematic deviation. The 
sign of the input correlation is maintained for all covari-
ates for all datasets.

The targeted marginal disease prevalence for the 
single diseases IMID and FMS is obtained with all data 
generation paths. With respect to the prevalence of dis-
ease combinations (that is, onlyIMID, onlyFMS and 

Fig. 4  Difference between the estimated values and the target values for all disease (combination) prevalences and Cramer’s V between IMID and FMS. 
The plots display averages (dots) and 95 % empirical ranges (bars) across 1,000 generated datasets, obtained via Paths A to E. The dotted line represents 
a difference of zero. In the last plot, the signs of estimate and target coincide agree for every single dataset

 

Fig. 3  Relative difference between the estimated value of the regression coefficient βjh or correlation coefficient ρjh and the input value. The plots 
display averages (dots) and 95 % empirical ranges (bars) across 1,000 generated datasets. Percentages indicate how often the signs of estimate and input 
coincide. Where no percentage is given, it is 100 %. Each row stands for a combination of data generation path and a way to estimate βjh or ρjh , respec-
tively (see also Fig. 2). Columns represent the six covariates h. The target disease j covers IMID, FMS, onlyIMID, onlyFMS and IMID&FMS and is distinguished 
by color. Dotted vertical lines represent a difference of zero
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IMID&FMS), Paths  D and  E achieve the target and 
Path  A comes comparably close, while Paths  B and  C 
show higher deviations.

Regarding the association between IMID and FMS, 
Path  A leads to the largest deviation (in absolute val-
ues) for VIMID, FMS, a consequence of modeling disease 
occurrence independently, with the only connection 
between diseases being established via the association 
with covariates. In contrast, Paths B to E reach the target 
value to the desired extent. With all paths, the obtained 
and targeted value of Cramer’s V agree in their direction 
of association across all synthetic datasets.

Discussion
We have developed and presented a framework that 
enables the generation of synthetic data in a medical con-
text involving co-occurring and potentially dependent 
diseases. Our process consists of four steps: (I) the gener-
ation of patient covariates, (II) the calculation of disease 
predictors based on patient covariates, (III) the calcula-
tion of disease probabilities and scores based on pre-
dictors, and (IV) the simulation of disease occurrences 
based on probabilities and scores.

Within each step, various approaches are introduced, 
which can be combined in a modular fashion. Each of 
these approaches offers distinct advantages and limita-
tions for specific scenarios. Some of these can be inferred 
theoretically from the underlying models and were 
already mentioned in Methods  section. The use case 
from Use case: Co-occurring diseases in chronic pain 
patients section further provides insight into a subset of 
possible applications and practical implications using a 
concrete data example. At the same time, it serves exclu-
sively to demonstrate how the framework can be used 
to generate synthetic data based on different model-
ing assumptions. The aim is not to infer or compare the 
real-world relationship between the diseases mentioned 
(IMID and FMS). The example illustrates how different 
data-generating approaches impose specific structural 
properties, and is intended solely to compare generation 
strategies with respect to their ability to reproduce speci-
fied assumptions.

In the following discussion, we focus on the point in 
the data generation process where the effect of covari-
ates on diseases as well as the dependencies among 
diseases themselves are modeled and integrated into 
the data simulation. This corresponds to the transition 
from Step I to all alternatives within Step II (that is, the 
model-based Approaches IIa to IId) and the direct transi-
tion from Step I to the correlation-based Approach IVe. 
The Paths A to E in the data simulation in Use case: Co-
occurring diseases in chronic pain patients section were 
deliberately chosen to represent these five variants. For 
the remaining parts of the paths, we intentionally kept 

methodological variation to a minimum in order to bet-
ter isolate the sources of differences in results.

We describe characteristics of the five Approaches  IIa 
to IId and IVe and compare them in terms of the follow-
ing aspects:

 	– Covariate effects: How are the intended effects of 
covariates on (predictors for) disease occurrence 
included as input into the simulation?

 	– Comorbidities: How does the approach control 
or induce an association between co-occurring 
diseases?

 	– Causal relations: What causal structure between 
diseases is assumed to underlie the data-generating 
process?

 	– Target prevalence: How is the desired disease 
prevalence targeted at, and to what extent is it 
achieved?

 	– Use case: In which context is the approach 
particularly meaningful?

The following discussion of properties and suitable use 
cases is also summarized in Table 3.

In Approach  IIa, we model disease occurrences as 
conditionally independent given the covariates. The 
effect of covariates on each disease predictor can be 
specified directly by regression coefficients. While we do 
not explicitly define the relationship between single dis-
eases, a positive or negative correlation can be induced 
by according choices of regression coefficients; that is, 
through the values of regression coefficients βjh and βlh 
for different diseases j and l but identical covariate h. The 
prevalence of each disease can be approximately targeted 
at by choosing the intercept according to Eq.  (2), which 
can be further optimized in Approach IVa. Approach IIa 
is primarily useful for creating conditionally independent 
disease occurrences, in particular if we have no suspi-
cion of patient characteristics that promote or exclude 
a simultaneous occurrence, or of causal relationships 
between diseases. A limitation of the approach is that tar-
get associations between diseases are not directly speci-
fied but occur as a result of the impact of covariates. The 
correlation between diseases is further constrained by 
the target prevalences of the single diseases.

Approach  IIb overcomes one limitation of 
Approach  IIa: By generating diseases as a successive 
sequence, Approach IIb allows to explicitly model disease 
dependence. In particular, the occurrence of one disease 
can be modeled to depend not only on patient covariates 
but also on the presence of one or more other diseases. 
This comes at the cost of giving up another property, 
namely the control over effects of covariates on dis-
ease occurrence. The final association is blurred by the 
sequence of model layers, as could be observed in the use 
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case (e. g. Fig. 2, Path B). For those diseases that are mod-
eled unconditional on another disease, however, the char-
acteristics resulting from Approach IIa and Approach IIb 
are equivalent since they use the same underlying 
model structure. Target prevalences are achieved as in 
Approach  IIa, followed by  IVa. Approach  IIb is particu-
larly useful if a direct influence from one or several dis-
eases on another one is assumed. The specification of 
target covariate effects on disease occurrence, however, 
becomes more complicated.

With Approach IIc, we are able to create associations 
between disease occurrences by including shared latent 
factors: The occurrence of single diseases is modeled to 
depend on both individual patient covariates and addi-
tional joint latent factors, without the need to define a 
sequence of dependencies or model a direct causal rela-
tion. A key implication of introducing latent factors is 
that the input regression coefficients are not precisely 
reproducible from the generated datasets and may even 
change their sign as observed in the use case example (e. 
g. Fig.  2, Path  C). Target prevalences are achieved as in 
Approaches IIa and IIb, followed by IVa. Approach IIc is 
particularly useful in cases where diseases are assumed to 
be dependent, but due to some unknown common cause 
rather than due to covariate effects as in Approach  IIa 
(or at least not to the same extent). In this context it is 
important to note that the definition of relationships 
between diseases in this manner is restricted to the 
data-generating process; i. e. it does not imply causality 

between diseases when interpreting the synthetic data, 
but the unobserved latent factors act as confounders in 
the underlying structure.

Approach  IId generates the simultaneous occur-
rence of diseases by modeling categorical outcomes 
representing disease combinations, rather than by mod-
eling separate binary outcomes. The effect of covariates 
on disease combinations is explicitly specified by the 
regression coefficients and can be precisely reproduced 
from the generated dataset when applying a multino-
mial logit model (e. g. Fig.  2, Path  D). The association 
between single diseases is induced implicitly rather than 
specified explicitly. However, the conditional associa-
tion between two diseases can be specified through odds 
ratios as explained in Approach IId, Step 1, Option (iii). 
Approach  IId is most appropriate if there is knowledge 
about the effect of covariates on the occurrence of dis-
ease combinations. The prevalence of each disease com-
bination can be approximately targeted at by choosing 
the intercept according to Eq.  (3), which can be further 
optimized in Approach IVb.

Approach IVe uses the NORTA algorithm, that means, 
unlike the previous approaches, it is fully based on speci-
fied correlations and marginal distributions instead of 
using a regression model for simulation. The primary 
advantage of this approach is its simplicity and the pos-
sibility to directly specify the linear relationship between 
all variables (covariate – disease and disease – disease) 
via a correlation matrix. Target prevalences are precisely 

Table 3  Comparison of characteristics of approaches introducing the central dependence structure. Covariate effects: How are 
effects of covariates on disease occurrence included in simulation? Comorbidities: How does the approach control or induce an 
association between diseases? Causal relations: What causal structure between diseases is assumed to underlie the data-generating 
process? Arrows indicate the direction of causation; here exemplary shown for two binary disease variables A and B, covariates X  and 
latent factor variables W . Target prevalence: How is the desired disease prevalence targeted at, and to what extent is it achieved? 
Use case: In which context is the approach particularly meaningful?
Appr. Covariate effects Comorbidities Causal relations Target prevalence Use case
IIa Directly specified via 

regression coefficients
Diseases modeled 
independently; cor-
relation inducable via 
regression coefficients

No causality between dis-
eases modeled: X → A 
and X → B

Approximately achieved through 
intercept (2); precisely achieved 
through adjustment in IVa

Independent diseases 
without causal assumption 
but with co-occurrence 
due to certain covariates

IIb For dependent dis-
eases, specification is 
blurred due to overlap-
ping model layers

Explicitly modeled via 
dependent regression 
models with respective 
coefficients

Causality through 
sequentially dependent 
models: X → A and 
X + A → B

Approximately achieved through 
intercept (2); precisely achieved 
through adjustment in IVa

Sequential dependence of 
diseases

IIc Specification is blurred 
due to inclusion of 
latent factors

Specified via inclusion 
of shared latent factors 
and respective regres-
sion coefficients

Causal effect of shared 
latent factor on pairs of 
diseases: X + W → A 
and X + W → B

Approximately achieved through 
intercept (2); precisely achieved 
through adjustment in IVa

Assumption about shared 
but unknown com-
mon cause of disease 
occurrence

IId Directly specified for 
disease combina-
tions via regression 
coefficients

Modeled via disease 
combination catego-
ries and odds ratios

Models the distribution 
of disease combinations; 
no explicit causality 
assumption

Approximately achieved through 
intercept (3); precisely achieved 
through adjustment in IVb

Knowledge about effect of 
covariates on occurrence 
of disease combinations

IVe Directly specified via 
pairwise correlations

Directly specified via 
pairwise correlations

No causal relation but 
correlation modeled

Precisely achieved through 
success probability in marginal 
binomial distribution

Correlated disease occur-
rences without causality as-
sumption or knowledge on 
data-generating process
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obtained through the indicated success probabilities of 
the respective marginal binomial distributions of single 
diseases. If one aims to synthetically generate covariate 
data through Step  Ib (which is NORTA-based as well), 
Approaches  Ib and  IVe can be combined to one simu-
lation step to make implementation even easier. Also, 
Approach IVe can easily be adapted to the scenario of 
simulating diseases combinations as in Approach IId. As 
a drawback of Approach IIe, there is no data-generating 
process modeling the distribution of disease occurrence 
conditional on covariates or other diseases. While the 
direction (positive or negative) of the covariate effects 
on disease occurrence can be influenced through the 
corresponding correlation, the effect strength is rather 
induced than specified. Moreover, changing the distribu-
tion of covariates while keeping correlations fixed might 
cause unintended effects on disease occurrence. Overall, 
Approach IVe is most useful if correlations between dis-
eases and covariates are intended to be strictly controlled 
but no model is required. In practice, this approach 
is most applicable if knowledge about correlations is 
available from real data. In that case, it might be more 
straightforward to specify a correlation matrix rather 
than regression coefficients. Still, the approach exhibits 
limited scalability; as dimensionality increases, select-
ing a meaningful and valid correlation matrix becomes 
increasingly difficult.

To summarize, the theoretical considerations and 
empirical insights show that our modular toolkit provides 
a wide range of possibilities for generating the desired 
synthetic data. Thereby, the data generation process is 
designed to produce synthetic data that serves to vali-
date statistical methods through simulation studies; for 
example, for the methodological comparison of single-
label and multi-label classification which arose from our 
previous investigation [20]. Importantly, there are natu-
ral limits to fulfilling all wishes for synthetic data (precise 
specification of covariate effects, disease associations and 
prevalences) simultaneously. Thus, the user will make a 
selection of appropriate modules based on the available 
information and priorities.

Conclusion
Reliable methods of statistical inference are a fundamen-
tal prerequisite for drawing reliable conclusions from 
medical data. Robust synthetic data, in turn, form the 
basis for the validation of statistical methods by means 
of simulation studies. This holds in general, and in par-
ticular for the case we consider: the analysis of co-occur-
ring diseases in connection with patient information. 
We addressed the need for respective data by introduc-
ing a four-step framework consisting of several viable 
approaches for generating synthetic data in case of co-
occurring diseases.

Apart from a theoretical classification of the model-
based and correlation-based approaches, we tested the 
framework in practice and applied it to a deliberately 
chosen selection of five combinations of generation 
approaches to a specific use case, the co-occurrence 
of pain-causing diseases. We analyzed the impact of 
the choice of methodological approaches on covariate 
effects, association structures and disease prevalence. 
The approaches differ in their ability to induce specific 
characteristics regarding covariate effects and disease 
dependency. We have delineated the strengths and limi-
tations, and recommended use cases for each strategy.

The presented framework for generating synthetic data 
is specifically intended for the simulation-based valida-
tion of statistical methods, rather than for developing 
medical therapies or investigating clinical relationships. 
Consequently, while domain-informed plausibility is 
beneficial, absolute medical realism is not required for 
its intended methodological scope. The appropriate-
ness of a data generation approach critically depends 
on the considered use case, relevant target character-
istics of the data, and underlying assumptions. In order 
to ensure meaningful synthetic data, it remains essential 
to select modules of the data generation process as well 
as input and target parameters with careful, informed 
consideration.

It is important to distinguish our framework from 
data-driven synthetic data generation approaches such 
as SMOTE-based augmentation techniques [38] and 
modern deep-learning-based tabular generators (e. g. 
generative adversarial networks, variational autoencod-
ers, or diffusion-based models [39–41]). These methods 
rely on existing datasets and aim to reproduce empiri-
cal patterns or enhance predictive performance. In con-
trast, our framework generates fully synthetic data from 
explicit structural and distributional specifications, with-
out the need for source data. The primary objective is the 
transparent and controllable construction of a predefined 
mathematical ground truth. This enables the precise 
specification of marginal distributions, regression param-
eters, prevalences and inter-disease dependencies for 
theory-driven methodological validation.

Although our work focuses on co-occurring diseases 
and their association with patient information, the mod-
eling framework is, of course, transferable to any case 
of simultaneously occurring events and covariate infor-
mation, also beyond the medical context. The detailed 
explanations and interpretations offered in this article 
can serve as general guidelines for researchers regard-
ing synthetic data generation. As the primary objective of 
the framework is to provide precise ground truth control 
for method validation, it is explicitly intended as a theo-
retical tool. It does not capture the full clinical realism 
required for medical decision-making and thus cannot 
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be used to draw actionable clinical inferences, investigate 
real-world medical relationships, or support direct clini-
cal decision-making.

Further, our approach opens several avenues for future 
research. Specifically, the individual approaches could be 
further extended or combined to account for more com-
plex dependencies. One natural extension would be to 
further develop the latent factor framework by allowing 
latent factors to be explicitly correlated with observed 
covariates. In addition, future work could systematically 
investigate the generation and evaluation of partially syn-
thetic or anonymized-only datasets. Overall, our paper 
lays a foundation for the principled simulation of syn-
thetic data in the context of co-occurring diseases. By 
enabling rigorous method validation in controlled yet 
flexible settings, these approaches ultimately contribute 
to the development and assessment of statistical tools 
that can later be applied in real-world medical research 
and thereby support evidence-based decision-making.
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