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Abstract

Background and Objectives: Multimorbidity, defined as the presence of multiple long-term health conditions within an individual, 
remains a growing challenge in healthcare. Identifying frequently occurring multimorbidity clusters may help to develop targeted interven-

tions and optimize care pathways. However, the validation of multimorbidity clusters derived from real-world data is complicated by the 
lack of a known ‘‘ground truth.’’ We conducted a statistical simulation study that aimed to evaluate the performance of three common vali-

dation approaches (cluster separation, clustering stability, and strength of association with health outcomes) in assessing the quality of mul-

timorbidity clusters, where performance was measured by agreement with known ground truth clusters.

Methods: Simulated datasets with predefined clusters were generated across 25 scenarios, varying parameters such as disease preva-

lence, sample size, and noise levels. Latent class analysis was applied to derive clusters from the simulated data, which were compared to 
the predefined clusters using the adjusted rand index (ARI). The ARI served as our gold standard quality assessment of derived clusters. 

Results: Cluster separation, measured by the Calinski—Harabasz index, showed the strongest agreement with our gold standard in most 
scenarios (median correlation: 0.641, IQR: 0.505—0.728). Clustering stability―assessed using resampling―had mixed performance, with a 
median correlation of 0.421 (IQR: 0.127—0.526). The strength of association with health outcomes, assessed using Nagelkerke’s R 2 , consis-

tently showed poor agreement (median correlation: − 0.424, IQR: − 0.543 to − 0.173) with the ARI.

Conclusion: Cluster separation seems to be the most reliable approach to validate multimorbidity clusters. Clustering stability can 
sometimes be used for validation but has limitations. Assessing the strength of association of multimorbidity clusters with health outcomes, 
though valuable for understanding clinical relevance, appears to not validate cluster quality despite being commonly used in published lit-
erature. � 2026 The Authors. Published by Elsevier Inc. This is an open access article under the CC BY license (http://creativecommons. 
org/licenses/by/4.0/).
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What is new?

Key findings

• Our simulation study evaluated how three common 
validation metrics for assessing the quality of mul-

timorbidity clusters.

• Cluster separation emerged as the most reliable 
metric, showing strong agreement with our gold 
standard assessment.

• The strength of association with health outcomes, a 
commonly used cluster validation metric, consis-

tently showed poor performance.

What this adds to what is known?

• First systematic evaluation of validation metrics 
against known ground truth in multimorbidity 
clustering

What is the implication and what should change 
now?

• Researchers should prioritize cluster separation 
rather than associations with health outcomes 
when validating multimorbidity clusters.

1. Introduction

Multimorbidity, defined as the coexistence of two or 
more long-term health conditions in an individual, presents 
a significant challenge for clinical management due to the 
complex needs of these patients and the associated resource 
burdens on health systems [1]. The UK Academy of Med-

ical Sciences [1] suggested that long-term conditions often 
emerge in commonly recurring patterns or clusters across 
patients. Understanding these clusters could reveal relation-

ships between long-term conditions and may help to rede-

sign clinical services [2—5].

One of the clinical areas where multimorbidity clus-

tering has proven to be useful is diabetes [6]. Complications 
affecting the cardiovascular system, nerves, eyes, kidneys, 
and skin frequently co-occur in diabetic patients due to 
shared underlying mechanisms. Recognizing these patterns 
of co-occurring complications took many years but eventu-

ally had a profound influence on clinical approaches toward 
prevention and management of diabetes. Similar clustering 
approaches have shown value in cardiovascular disease 
management and mental health care, where identifying pat-

terns of co-occurring conditions could lead to improved 
prevention and management, reducing the burden on pa-

tients and healthcare services [7,8].

Various analytical methods exist to identify multimor-

bidity clusters, including latent class analysis (LCA),

factor analysis, and hierarchical clustering [9]. A con-

cerning finding is that these different methods can lead 
to varying and sometimes conflicting results [10], where 
different clustering methods applied to the same data 
identify different multimorbidity patterns [9]. This vari-

ability highlights the importance of evaluating how well 
clustering methods capture meaningful patterns in the 
data. In real-world multimorbidity research, there is no 
observable ground truth due to the complex nature of dis-

ease co-occurrence. This absence of ground truth is pre-

cisely why we conducted a simulation study, which 
allowed us to create artificial datasets with predefined 
‘‘true’’ clusters. Like any data-driven approach, multi-

morbidity clustering analyses carry a risk of overfitting, 
potentially capturing random variation rather than mean-

ingful clinical associations. Robust validation approaches 
are essential to ensure that derived clusters reflect impor-

tant disease relationships and are not merely algorithmic 
artifacts. Our recent review [11] found that multimorbid-

ity research has used a considerable variety of methods. 
These include assessing association of the clusters with 
clinical outcomes; considering the clinical plausibility 
of patterns; evaluating stability across different subsam-

ples and methods; and exploring common determinants. 
We therefore focused out evaluation on the three most 
frequently used validation metrics: clustering stability, 
cluster separation, and associations with health 
outcomes.

To date, no studies have assessed how well these valida-

tion metrics discriminate between poor- and high-quality 
clusterings. Therefore, we conducted a simulation study 
to evaluate how accurately different validation metrics 
can assess the quality of empirically derived multimorbid-

ity clusters. We assumed that true clusters exist in the data 
and that closeness to these true clusters indicates good clus-

tering quality. The simulated datasets embedded predefined 
clusters which served as the ground truth, thus enabling as-

sessments that are not possible with real-world data. The 
aim of this simulation study was to determine whether three 
commonly used multimorbidity validation metrics: clus-

tering stability, cluster separation, and associations with 
health outcomes can accurately identify whether empiri-

cally derived clusters represent the predefined clusters in 
the simulated datasets. If these validation metrics show 
strong agreement with the ground truth, they can be reliably 
used for assessing the quality of empirically derived multi-

morbidity clusters in real-world studies where the ground 
truth is unknown.

2. Simulation study design

In this section, we describe the design of the simulation 
study which we report according to the aims, data-

generating mechanisms, estimands/target of analysis, 
methods, and performance structure [12]. All simulation
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code is available on GitHub 1 . Simulations were conducted 
on high-performance computers (the Computational Shared 
Facility) at the University of Manchester.

2.1. Data-generating mechanisms

2.1.1. Underlying structures

We designed the simulation to mimic a cross-sectional 
extract of a patient’s health record; that is, we simulated 
data capturing the binary status of long-term conditions 
(0 for absent and 1 for present) at a given point in time. 
This simulation design allows for patients to have zero or 
more conditions, ensuring the data include individuals both 
with and without multimorbidity, which is defined as hav-

ing two or more long-term conditions.

To generate the simulated data, we replicated the pro-

cedures described in Nichols et al [13] and used their 
source code. Nichols et al validated their simulation 
approach using real-world UK primary care data from over 
23,000 patients with multimorbidity, ensuring the proced-

ures generate realistic multimorbidity patterns. These pro-

cedures generate k simulated disease clusters that consist 
of N patients and 26 diseases (denoted a,b,…,z) resulting 
in a N × 26 matrix of disease observations. In our study, 
each of the N patients were probabilistically assigned as a 
member of one of k disease clusters. We used a uniform 
model where each cluster had an equal probability of being 
selected, providing a baseline for uniform distribution 
across clusters. This is represented by the probability:

P(k) =
1 

K

Additionally, we included N out patients who did not 
belong to any of the predefined clusters to better mimic 
the variability seen in real patient data. For these patients, 
the probability of having each disease was set to the overall 
prevalence of that disease in the simulated population, rep-

resenting background disease prevalence independent of 
cluster membership. The total number of patients can thus 
be expressed as N = N in + N out , where N in is the number of 
patients assigned to one of the k clusters, and N out is the 
number of patients not assigned to any cluster.

Once patients were assigned to clusters, the number of 
diseases allocated to each cluster was randomly drawn from 
a Poisson distribution with an expected mean of 5 diseases 
per cluster, adjusted to ensure that there were at least two 
diseases per cluster. This reflected the variability typically 
found in published clusters related to multimorbidity. Dis-

eases were assigned to clusters with equal probability, 
and it was allowed for single diseases to occur in multiple 
clusters.

For each patient in a disease cluster, the presence of dis-

eases was simulated using a multinomial probit model with

a 26 × 26 correlation matrix. Within each disease cluster 
k, the off diagonals of the correlation matrix between dis-

eases were set to a positive correlation coefficient ρ k . This 
correlation coefficient ρ k was one of the parameters used to 
generate the simulated data and varied across different 
simulation scenarios. For example, diseases within cluster

1 may have a correlation of ρ k = 0.2.

To add realism and account for potential data inaccura-

cies such as misdiagnosis or data entry errors, random noise 
P noise was incorporated into the disease status assignment. 
Real-world clinical datasets often contain such imperfec-

tions, which can affect how well different validation 
methods perform. This noise was implemented by adjusting 
the probit threshold for each disease, simulating the likeli-

hood of misclassification. Further details are provided in 
Appendix 1.

In line with terminology used in the unsupervised ma-

chine learning literature, we refer to the results obtained 
from applying a clustering method as ‘‘a clustering.’’ That 
is, a clustering is a partitioning of a dataset, where each 
partition is called a cluster. The clustering that was used 
in the generation of simulated datasets was referred to as 
the ‘‘original clustering.’’ This clustering varied from one 
simulated dataset to the next.

To each simulated dataset, we added a binary outcome 
variable (denoted by Y ) which represented an adverse 
outcome related to multimorbidity. We assumed that the 
risk of adverse outcome was driven by the number of dis-

eases (minimum 0, maximum 26) at patient level, and that 
there were no other (confounding) factors driving this risk. 
We calculated a risk score R j for each patient, j = 1,…, N, 
in the simulated dataset which quantified their disease 
burden:

R j = 
∑ z

m = a

D jm

where D jm denotes the presence (1) or absence (0) of dis-

ease m for patient j. The risk scores were converted into 
probabilities of experiencing adverse outcomes using a lo-

gistic function:

P j =
1

1 + e − (b 0+ b 1 R i )

We chose b 0 (intercept) = − 4 and b 1 (slope)= − 0.8 to 
ensure the model captured the typically low risk of adverse 
outcomes for most patients in real-world datasets. This 
choice set a realistic baseline risk for healthy individuals 
and ensured the risk for most patients remained under 
0.05, allowing for a consistent, moderate increase in risk 
with each additional disease. Finally, we performed a Ber-

noulli trial for each patient, using E 
[ 
Y j
] 
=P j to determine

their health outcome Y j .

1 https://github.com/thamer-badhafari/MVMs-SimulationStudy.
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Importantly, this outcome model was deliberately de-

signed to be driven by overall disease burden rather than 
specific cluster membership patterns. This design choice al-

lows us to test a critical question: can outcome associations 
misleadingly suggest disease clustering even when the 
outcome-generating mechanism is independent of such 
clusters? In real-world multimorbidity research, the true 
relationship between disease patterns and outcomes is un-

known, making it impossible to verify whether observed 
outcome associations reflect genuine cluster-outcome rela-

tionships or spurious correlations.

2.1.2. Process for simulation

Our evaluation of the validation metrics used for multi-

morbidity clusters involved several steps, as outlined in 
Table 1 (further details in Appendix 1). After generating 
simulated datasets, we selected patients with multimorbid-

ity (ie, patients with two or more conditions) for analysis. 
We then applied LCA clustering algorithm to these datasets 
to derive empirical clusters. We selected LCA based on 
findings from Nichols et al [13], who compared four clus-

tering algorithms and found that LCA achieved the highest 
adjusted rand index (ARI) when evaluated against prede-

fined clusters in simulated datasets. Full computational de-

tails are provided in Appendix 2. The resulting clusters 
were evaluated using three validation metrics: clustering 
stability, cluster separation, and strength of association with 
health outcomes (see Section 2.4).

To explore a range of possible scenarios for our study, we 
started with a baseline set of default parameter values, 
ensuring a controlled environment for each simulation sce-

nario. Then, we introduced variability by adjusting one 
parameter at a time while keeping others constant 
(Table 2). Each parameter had a predefined range of possible

values, including the default value. Disease prevalence P k 
and proportion of random disease observations P noise were 
given using probit values and transformed to probabilities. 
For P k , probit values {− 2.0, − 1.5, − 1.0, 0, 1, 1.5, 2.0} cor-

responded to prevalences {0.023, 0.067, 0.159, 0.500, 0.841, 
0.933, 0.977}, with negative values yielding lower than 
average prevalence. For P noise , probit values {− 5.0, − 4.0,

− 3.0, − 2.0, − 1.0} corresponded to noise probabilities 
{0.0000003, 0.00003, 0.001, 0.023, 0.159}, with more nega-

tive values indicating less random noise. Throughout the re-

sults, we report both probit values and their corresponding 
probabilities for these two parameters.

For each parameter set (scenario), we generated 1000 
simulated datasets. Within each simulated dataset, we 
applied the clustering algorithm to derive empirical clus-

ters. There were 24 unique parameter sets for the simulated 
datasets, along with one default scenario, resulting in a total 
of 25 scenarios.

2.2. Estimands and target of analysis

The target of the simulation study is to evaluate the 
agreement between (a) the measure of correspondence be-

tween original (ground truth) clusters and empirically 
derived clusters and (b) the quality scores from three vali-

dation metrics (see section 2.3). For (a), we used the 
ARI, a statistical measure used to evaluate the similarity be-

tween two clustering results. The ARI serves as our gold 
standard quality assessment measure as it leverages the 
known ground truth cluster assignments.

ARI values range from − 1 to 1. A value of 1 indicates 
identical clusterings, 0 indicates independent clusterings 
(agreement by chance), and negative values suggest less 
agreement than expected by chance (see Appendix 2 for 
more details).

To quantify agreement between the ARI and the quality 
scores from the validation metrics (section 2.3), we use the 
Pearson correlation coefficient. A strong positive correla-

tion indicates that the validation metric in question effec-

tively reflects correspondence between original (ground 
truth) clusters and empirically derived clusters. Conversely, 
a weak or negative correlation would suggest that the vali-

dation metrics does not reflect this. See section 2.4 for more 
details on this comparison.

2.3. Methods for analysis

2.3.1. Clustering stability

Clustering stability is a common validation method that 
evaluates the consistency of clusters across different subsam-

ples [11]. We implemented this using a two-stage resampling 
approach. First, we created B=400 bootstrap samples from 
our simulated dataset (S ), where each bootstrap sample is de-

noted as S b and b˛ {1,2,⋯,B}. Second, we randomly split 
each bootstrap sample S b into two equal subsets S b,1 and 
S b,2 , applied clustering algorithm to both subsets, and

Table 1. Full simulation procedure

Algorithm 1

1: Algorithm assess validation metrics

2: Input: simulation parameters (Table 1), number of simulations 

(m = 1000), clustering algorithm (LCA).

3: For each parameter setting in Input:

4: For i = 1,…,m:

5: Generate simulated dataset d i using the approach by Nichols et al 

[13] outlined in section 2.1.1.

6: Apply clustering algorithm to d i (section 2.1.2)

7: Calculate correspondence between the original and derived clusters 

using ARI (section 2.2)

8: Apply validation metrics (section 2.3)

9: Compute summary statistics for quality scores for all validation 

metrics (section 2.4)

10: Assess the correlation between the correspondence scores (ARI) 
and clustering quality scores (section 2.4)

ARI, adjusted rand index.
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transferred the resulting models between them (see Appendix

3 for more details). We then used the ARI to compare the initial 
and transferred cluster assignments for each subset, averaging 
these values to quantify overall stability.

While our analysis uses ARI both to assess stability and 
to compare clusters against ground truth, these applications 
measure distinct properties: internal stability and external 
validity, respectively. There is no information leakage be-

tween these applications as they evaluate independent as-

pects of clustering performance. Using ARI for both 
purposes provides complementary insights into cluster 
quality without unfairly favoring the stability metric over 
the other validation measures.

2.3.2. Cluster separation

The second validation metric was assessing the separa-

tion between the empirically derived clusters. We used 
the Calinski—Harabasz index (CHI) measure to evaluates 
the nonoverlapping nature of the identified clusters. CHI 
is a quality measure as it compares the coherence of clus-

ters (between-cluster variance) to their separation (within-

cluster variance). It is calculated by dividing the sum of 
the squared deviations between the cluster means and the 
grand mean by the sum of the squared deviations within 
each cluster. The CHI is a non-negative value, with higher 
values indicating better clustering. We refer to Appendix 5 
for further details.

2.3.3. Association of multimorbidity clusters with 
outcomes

The third method of validation we evaluated in this 
study involves examining the strength of the relationship

between multimorbidity clusters and health outcomes, an 
approach that is increasingly used in multimorbidity studies 
[11]. This relationship was assessed through the binary 
outcome variable Y added to each simulated dataset, repre-

senting an adverse outcome related multimorbidity severity 
(number of conditions), as described in Section 2.1.1.

We then applied logistic regression analysis to assess the 
association between these simulated outcomes and the 
empirically derived clusters in our study. The logistic 
regression model is formulated as follows:

logit(P(Y = 1)) = ß 0 + ß 1 X i

where X i is a categorical variable representing the cluster to 
which patient i belongs; and ß 1 is the coefficient for the 
cluster membership variable, providing a risk estimate for 
each cluster.

Since the clusters do not overlap, each patient is as-

signed to exactly one cluster, and this membership is repre-

sented by the categorical variable X i . This nonoverlapping 
nature of clusters allows us to estimate one risk value per 
cluster directly. For instance, if there are five clusters, the 
model estimates the risk associated with each of these clus-

ters relative to the baseline.

We note that this simulated analysis assumed that adjust-

ment for confounders was not necessary (see Section 2.1.1). 
In a real-world study, one would probably have to adjust for 
confounders such as age and sex. Without loss of general-

ity, we omitted this step from our study.

To quantify the strength of these associations, we used 
Nagelkerke’s R 2 , a metric that ranges from 0 to 1, providing 
a measure of how much of the observed variance in

Table 2. A summary of the parameters that were varied in the simulations

Parameter Description Ranges and default values Number of options

1. General simulation parameters: these parameters define the overall structure and scale of the simulated datasets.

Number of ‘‘true’’ clusters k: Represents the number of disease

clusters in the dataset.

{2,3,…,8}; default value: 3 7

Total number of patients N Total number of patients in the dataset. {1000, 10000, 50000, 100000}; 

default value: 10,000

4

Proportion of patients not in 
a cluster N out

Proportion of patients that do not belong 
to any cluster.

{0.001, 0.05, 0.25}, where 0·001% 
means that almost all patients in the 

data belong to clusters; default value: 

0.05

3

2. Cluster-specific parameters: these parameters are specific to each cluster, determining the internal characteristics within clusters.

Within-cluster disease correlation ρ k Indicates how often diseases co-occur

within clusters.

{0.3, 0.5, 0.7, 0.9}; default value: 0.5 4

Prevalence of diseases P k Indicates how common each disease is 

within a cluster.

{− 2.0, − 1.5, − 1.0, 0, 1, 1.5, 2.0} 

(probit scale); negative values mean 

less common, zero means average, and 
positive values means more common 

than average; default value: 0

7

The proportion of random, 

uncorrelated disease observations

P noise

Indicates the level of unexplained 

disease occurrences, or ‘‘noise,’’ 

in the data.

{− 5.0, − 4.0, − 3.0, − 2.0, − 1.0} 

(probit scale); where 5.0 means high 

randomness and − 1.0 means low 

randomness; default value: − 3.0

5
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outcomes is explained by the model, with higher values 
indicating stronger associations.

2.4. Performance metrics

Each of three validation metrics described above pro-

duces a score (a number between 0 and 1) that is intended 
to reflect the quality of the empirically derived clustering 
being validated. We assessed the agreement between these 
scores and our gold standard quality assessment of the 
derived clusterings, that is, the ARI value quantifying the 
correspondence between the original and derived cluster-

ings. To establish this agreement, we calculated the Pearson 
correlation coefficient (r) within each simulation scenarios, 
across the 1000 iterations. To compare correlation coeffi-

cients, we used the Zou’s confidence interval method [14] 
in the ‘‘cocor’’ R package [15].

3. Results

3.1. Default simulation scenario

Figure presents the results from the default scenario. 
Across 1000 datasets, the average number of multimorbid pa-

tients was 7165 (SD = 795), with an average execution time 
was 10.77 minutes (SD = 2.45) per dataset (all execution 
times are provided in Appendix 5). Clear patterns emerged 
in how validation metrics related to cluster quality.

The gold standard quality measure (correspondence ARI) 
had a mean of 0.773 (SD = 0.091), indicating that empiri-

cally derived clusters captured approximately 77% of the true 
cluster structure on average. Cluster separation (CHI), clus-

tering stability (ARI), and outcome association (Nagel-

kerke’s R 2 ) had means of 1587.83 (SD = 397.26), 0.876 
(SD = 0.052), and 0.032 (SD = 0.024), respectively.

Figure shows the relationships between correspondence 
ARI and each validation metric, displaying positive trends 
for cluster separation (r = 0.790) and stability (r = 0.435), 
and a negative trend for outcome association (r = − 0.507).

3.2. Performance of validation metrics across 
simulation scenarios

Table 3 presents the performance of the three validation 
metrics across all 25 simulation scenarios, with detailed re-

sults in Appendices 6 and 7. Cluster separation demon-

strated the strongest agreement with our gold standard 
quality assessment (correspondence ARI), with a median 
correlation of 0.641 (IQR: 0.505 − 0.728). It performed 
best in scenarios with a low proportion of patients not as-

signed to clusters and in the default scenario. Clustering 
stability showed weaker agreement with the gold standard 
than cluster separation, with significantly lower correlations 
than separation in 21 out of 25 scenarios (Table S5). Stabil-

ity performed best in scenarios where disease prevalence 
was low (negative P k ). The strength of association with out-

comes demonstrated poor agreement with ARI across all 
scenarios, with a median correlation of − 0.424 (IQR:

− 0.543 to − 0.173). Notably, 22 out of 25 scenarios ex-

hibited negative correlations. The correlation between Na-

gelkerke’s R 2 and ARI was consistently weaker than both 
CHI and stability ARI across all scenarios (Table S5).

4. Discussion

Our study evaluated three approaches for validating mul-

timorbidity clusters derived from simulated patient data. 
We assessed cluster separation, clustering stability, and as-

sociation with outcomes across 25 diverse scenarios,

A B C

Figure. Relationships between validation metrics and ground truth cluster quality (ARI) for the default simulation scenario. A, shows a strong pos-

itive relationship between cluster separation (CHI) and ARI (r = 0.790; 95% CI: 0.765—0.812), indicating that higher separation reliably corre-

sponds to better cluster quality. B, displays a moderate positive relationship between clustering stability (ARI) and ARI (r = 0.435; 95% CI: 

0.383—0.484). C, presents a moderate negative relationship between outcome association strength (Nagelkerke’s R 2 ) and ARI (r = − 0.507; 

95% CI: − 0.552 to − 0.460), demonstrating that stronger outcome associations paradoxically indicate lower cluster quality. Each figure includes 
marginal histograms showing distributions and a fitted regression line (blue) with 95% confidence bands. Each scatter plot represents 1000 iter-

ations. (For interpretation of the references to color in this figure legend, the reader is referred to the Web version of this article.)
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varying parameters such as disease prevalence, sample size, 
and noise levels. To mimic real-world conditions, we 
created simulated datasets with predefined patient clusters 
as our ‘‘ground truth’’ for comparison.

Using ARI as our gold standard quality measure, we 
found varying performance among the three approaches. 
Cluster separation showed strongest agreement with our 
gold standard, outperforming other methods in 21 out of 
25 scenarios, with a median correlation of 0.641 (range: 
0.136—0.794). Clustering stability showed more variable 
performance, with a median correlation of 0.421 (range:

− 0.676 to 0.751), occasionally outperforming cluster sepa-

ration in specific contexts. Association of patient clusters

with health outcomes consistently showed poor agreement 
with our gold standard, with a median correlation of

− 0.424 (range: − 0.716 to 0.162), with 22 out of 25 sce-

narios exhibiting negative correlations.

From a clinical perspective, our findings demonstrate 
that deriving multimorbidity clusters (for instance, in the 
field of diabetes) without robust validation can lead to false 
positive results―leading to erroneous beliefs about the co-

occurrence of long-term conditions, and therefore poten-

tially to unnecessary preventative treatment and manage-

ment. Moreover, this risk still exists when a validation 
method is used that poorly correlates to the ground truth, 
such as considering the association of clusters with health

Table 3. Summary of statistics across 25 simulation scenarios

Parameter name

Parameter

value

Correlation between ARI and 
separation CHI [%95 CI]

Correlation between ARI and 
stability ARI [%95 CI]

Correlation between ARI 
and Nag R 2 [%95 CI]

Default scenario 0.790 [0.765—0.812] 0.435 [0.383—0.484] − 0.507 [− 0.552 to − 0.460]

Within-cluster disease

correlation ρ k

0·3 0.771 [0.745—0.795] 0.554 [0.509—0.595] − 0.424 [− 0.474 to − 0.372]

0·7 0.735 [0.705—0.762] 0.506 [0.458—0.551] − 0.548 [− 0.590 to − 0.504]

0·9 0.728 [0.697—0.756] 0.506 [0.459—0.551] − 0.530 [− 0.573 to − 0.484]

Number of ‘‘true’’ 

clusters k

2 0.747 [0.719—0.773] 0.546 [0.500—0.588] − 0.554 [− 0.595 to − 0.509]

4 0.587 [0.544—0.626] 0.290 [0.232—0.345] − 0.368 [− 0.421 to − 0.313]

5 0.557 [0.512—0.598] 0.177 [0.116—0.236] − 0.222 [− 0.280 to − 0.162]

6 0.542 [0.496—0.584] 0.103 [0.041—0.164] − 0.185 [− 0.245 to − 0.125]

7 0.440 [0.389—0.489] 0.048 [− 0.014 to 0.110] − 0.173 [− 0.233 to − 0.112]

8 0.468 [0.418—0.515] 0.115 [0.054—0.176] − 0.184 [− 0.243 to − 0.123]

Prevalence of diseases P k − 2 (P = 0·023) 0.445 [0.394—0.493] 0.526 [0.479—0.569] 0.030 [− 0.032 to 0.092]

− 1.5 (P = 0·067) 0.595 [0.553—0.633] 0.751 [0.723—0.777] − 0.101 [− 0.162 to − 0.039]

− 1 (P = 0·159) 0.708 [0.676—0.738] 0.739 [0.709—0.766] − 0.134 [− 0.195 to − 0.073]

1 (P = 0·841) 0.760 [0.732—0.785] 0.405 [0.352—0.456] − 0.716 [− 0.745 to − 0.685]

1.5 (P = 0·933) 0.692 [0.658—0.723] 0.240 [0.181—0.298] − 0.649 [− 0.684 to − 0.612]

2 (P = 0·977) 0.562 [0.517—0.604] 0.127 [0.064—0.188] − 0.496 [− 0.542 to − 0.447]

Patients not in a 

cluster N out

0·001 0.794 [0.770—0.816] 0.433 [0.382—0.482] − 0.521 [− 0.565 to − 0.474]

0·25 0.649 [0.611—0.683] 0.638 [0.599—0.673] − 0.356 [− 0.409 to − 0.300]

Total number of 
patients N

1000 0.505 [0.448—0.559] 0.457 [0.396—0.514] 0.016 [− 0.059 to 0.090]

50,000 0.388 [0.334—0.439] 0.086 [0.024—0.147] − 0.605 [− 0.643 to − 0.564]

100,000 0.136 [0.074—0.196] − 0.110 [− 0.171 to − 0.048] − 0.689 [− 0.720 to − 0.655]

The proportion of random, 

uncorrelated disease 
observations P noise

− 5 (P = 0.0000003) 0.141 [0.080—0.201] − 0.676 [− 0.709 to − 0.641] − 0.543 [− 0.586 to − 0.498]

− 4 (P = 0.00003) 0.654 [0.617—0.688] 0.421 [0.369—0.471] − 0.496 [− 0.541 to − 0.448]

− 2 (P = 0.023) 0.725 [0.695—0.753] 0.597 [0.556—0.636] − 0.084 [− 0.146 to − 0.022]

− 1 (P = 0.159) 0.641 [0.598—0.681] 0.292 [0.225—0.355] 0.162 [0.092—0.230]

Median (IQR) across all 

scenarios

0.641 (0.505—0.728) 0.421 (0.127—0.526) − 0.424 (− 0.543 to − 0.173)

ARI, adjusted rand index; CHI, Calinski—Harabasz index.

Each row represents a different parameter setting, with the default scenario shown first.
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outcomes. Such an approach may incorrectly reinforce the 
belief that certain conditions are likely to co-occur, when 
this was actually a chance finding. By prioritizing valida-

tion methods like cluster separation, researchers and clini-

cians can be more confident that the clusters they find 
reflect genuine associations between conditions.

Our study extends existing research on validating multi-

morbidity clusters, providing a more comprehensive com-

parison in multimorbidity research than previous studies 
[16—18]. Our direct comparison of multiple validation met-

rics within a controlled simulation environment expands on 
studies investigating individual validation approaches 
[19—21]. While some researchers have suggested 
outcome-based measures for cluster validation [22—24], 
our results demonstrate that Nagelkerke’s R 2 shows consis-

tently poor agreement with our gold standard, challenging 
previous assumptions about its reliability.

A key consideration in interpreting these findings is the 
relationship between simulated and real-world clustering. 
While our simulation assumes the existence of ‘‘true’’ clus-

ters drive the underlying data generation mechanisms, the 
reality of multimorbidity clustering is more complex. In 
clinical practice, multimorbidity clustering results from 
complex disease interactions, with one condition causing 
another or multiple conditions sharing a common cause. 
The concept of ‘‘true’’ underlying clusters in such systems 
is debatable, but this abstraction was necessary to evaluate 
validation metrics in a controlled environment. The nega-

tive correlations observed between outcome association 
strength and our gold standard measure highlight complex 
relationships between these metrics, challenging the suit-

ability of using outcome associations for validation.

It is also important to consider the design of our 
outcome generation model when interpreting our findings. 
We generated outcomes based on total disease count rather 
than cluster-specific patterns, which may appear to disad-

vantage outcome-based validation. However, this design 
choice was intentional and reveals a fundamental problem 
with using outcome associations for cluster validation. 
Our results showed that even when outcomes follow disease 
burden (which well-separated clusters should capture), Na-

gelkerke’s R 2 values varied independently of cluster qual-

ity. This demonstrates that researchers will not be able to 
distinguish between genuine cluster-outcome relationships 
and spurious associations without knowledge of the true 
outcome-generating mechanism knowledge that is unavai-

lable in real-world studies. We investigated whether the 
strongly negative NagR 2 correlations related to empirical 
cluster selection. However, the correlation between empiri-

cally selected k and NagR 2 performance was weak 
(r = − 0.085), suggesting the negative relationship reflects 
a fundamental limitation of outcome-based validation 
rather than an artifact of model selection. The paradoxical 
finding that stronger outcome associations can indicate 
worse cluster quality likely occurs because outcome rela-

tionships can arise from factors unrelated to cluster validity

such as overall disease burden, shared risk factors, or 
spurious correlations. This demonstrates that without 
knowledge of the true outcome-generating mechanism (un-

available in real-world research), researchers cannot reli-

ably use outcome associations to validate cluster quality. 
While more complex outcome models incorporating 
cluster-specific risks might show different patterns, our 
findings highlight that outcome associations alone cannot 
validate cluster quality, as they may reflect factors unrelated 
to how well clusters capture true disease patterns. This lim-

itation is intrinsic to outcome-based validation rather than 
specific to our simulation design.

These insights have implications for multimorbidity 
clustering research. Our findings discourage using the asso-

ciation with health outcomes to validate multimorbidity 
clusters, as this approach consistently performed poorly. 
However, examining such associations remains important 
for demonstrating clinical relevance. Recent studies have 
shown that multimorbidity clusters can offer more compre-

hensive risk assessments than individual disease evalua-

tions by uncovering distinct health risks [25—27]. This 
highlights the clinical utility of multimorbidity clusters 
while confirming that association strength does not indicate 
how well derived clusters reflect true underlying disease 
clusters. Instead, cluster separation emerged as more suit-

able for validation, while stability measures showed vari-

ability in performance across different dataset 
characteristics.

Practical interpretation of cluster separation requires 
context-dependent interpretation. While cluster separation 
(CHI) emerged as the most reliable validation metric in 
our study, CHI values are context-dependent and vary with 
sample size, number of clusters, and data characteristics. 
Universal thresholds are therefore impractical. Instead, we 
recommend comparative interpretation within each anal-

ysis. When evaluating different clustering solutions for 
the same dataset, compare CHI values to identify solutions 
with substantially better separation. Quantify uncertainty 
by calculating bootstrap confidence intervals around CHI 
values. Check minimum class proportions to ensure no 
clusters are vanishing. Finally, compare observed CHI 
against null benchmarks (eg, random permutations) to 
assess whether separation exceeds chance levels. This rela-

tive approach provides more meaningful guidance than 
seeking absolute cutoffs.

Practically, validated multimorbidity clusters can inform 
integrated care pathways and health policy decisions. For 
example, if a specific cluster is found to include cardiovascu-

lar disease, clinicians could proactively target cardiovascular 
prevention in those patients that belong to that cluster. Health 
systems can also decide to allocate resources to multimorbid-

ity clusters, for instance, by setting up integrated services that 
address all conditions in a prevalent cluster―such as cardio-

vascular prevention in diabetes clinics.

The study strengths include using simulated datasets 
with predefined clusters, enabling controlled evaluation of
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different validation metrics. By assuming predefined 
‘‘true’’ clusters, we established an objective benchmark 
for assessing correspondence between derived clusters 
and original structures.

Limitations include our binary representation of disease 
status, which simplifies disease complexity but aligns with 
common practices in multimorbidity studies. We used only 
LCA, though our evaluation of final assignments (rather 
than the clustering process itself) should generalize to other 
methods since all widely used algorithms fundamentally 
optimize cluster separation. We fixed the number of dis-

eases at 26, which is typical for multimorbidity research 
(systematic reviews report median 17, IQR 11—23 [28]). 
Varying sample sizes (1000—100,000) with fixed diseases 
tests equivalent dimensional relationships to varying dis-

ease counts with fixed samples. The consistent findings 
across 25 diverse scenarios indicate our results are robust 
to parameter variations most relevant for validation met-

rics. The different scales of the metrics complicate inter-

pretation: CHI values range from 0 to over 1,000, 
stability ARI values from − 1 to 1, and Nagelkerke’s R 2 

from 0 to 1. Other metrics like the Dunn index and 
Davies—Bouldin Index also have unbounded ranges and 
pose similar challenges. Our stability assessment used 
bootstrap samples half the size of the original dataset. This 
may reduce the number of patients per cluster and can 
lower stability estimates, particularly for rare clusters. 
Despite this conservative approach potentially 
disadvantaging the stability metric, cluster separation still 
outperformed stability in most scenarios, especially in 
large-sample settings where even half-samples provided 
adequate cluster representation.

In conclusion, this study examined validation metrics for 
multimorbidity clusters using simulated datasets. Cluster 
separation seems to be the most reliable approach to vali-

date multimorbidity clusters, showing stronger correspon-

dence with ground truth clustering than other metrics 
across most scenarios. Clustering stability can sometimes 
be used for validation but has limitations, as it showed var-

iable performance depending on dataset characteristics. As-

sessing the strength of association of multimorbidity 
clusters with health outcomes, though valuable for under-

standing clinical relevance, appears to not validate cluster 
quality despite being commonly used in published litera-

ture. These insights may inform future multimorbidity 
research, particularly regarding the widespread practice of 
using outcome associations for validation. These findings 
contribute to ongoing research on multimorbidity method-

ologies, highlighting the importance of carefully selecting 
validation methods.
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