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Results

Conclusion

High-dimensional data may contain several overlapping latent 
structures, such as profile-specific feature groups and observation 
clusters. Since real datasets rarely provide complete ground truth, 
evaluating clustering, biclustering and multi-view methods remains 
challenging. genMPGMM provides controlled synthetic Gaussian 
mixture data with known feature partitions, mixture components, 
predefined ARI similarity and adjustable Mahalanobis separation, 
enabling reproducible benchmarking of pattern discovery methods.

genMPGMM provides a flexible framework for generating synthetic 
multi-profile datasets with known ground truth. The package allows 
users to control key aspects of the simulation, including feature 
partitions, mixture components, component proportions, 
Mahalanobis separation, and noise level. Together with numerical 
summaries, diagnostic plots, and reproducible reports, it supports 
systematic benchmarking of clustering, biclustering, and partition-
comparison methods under well-defined simulation settings.

INPUT

For each latent profile (p = 1, …, P)

Each profile defines its own 
feature partition.

Controls: number of feature groups,
feature-group proportions,
target ARI between profiles

Output: feature partition for profile p

Sample observations
Each observation receives a component label in each profile.

Controls: mixing proportions
Outputs per profile:

component labels, profile signal matrix

Combine profile signals
Profile-specific signals are assembled into one data matrix.

Optional:
add noise features

Component means are 
generated for each profile.

Controls: number of components,
covariance structure,

Mahalanobis separation

Output: component means and
covariance

OUTPUT

Parameter Controls
n_feature_patterns No. of feature groups per profile

n_components No. of mixture components per profile

feature_group_proportions Sizes of feature groups

mixing_proportions Component proportions

target_ari Similarity between feature partitions

dist_mahalanobis Component separation

noise_feature_fraction Proportion of noise features

Output Description

X
Synthetic data matrix with features as rows and 
observations as columns

z
Component assignments for observations in 
each profile

s Feature-group assignments for each profile

Mu Component mean vectors for each profile

Sigma Component covariance matrices for each profile

achieved_ari_features Achieved similarity between feature partitions

achieved_mahalanobis
Achieved separation between mixture 
components

achieved_proportions
Achieved feature-group and component 
proportions

The generated MPObject can be inspected with summary() for 
numerical diagnostics and plot() for visual diagnostics of the 
simulated latent structure. For reproducible documentation, 
report_MPObject() exports a report combining the key settings, 
summary tables and diagnostic plots.

The example dataset contains M = 300 features and N = 250 
observations from two latent profiles. Both profiles include two 
feature groups and two Gaussian mixture components. Feature-
group proportions are 0.6/0.4 and 0.5/0.5, while component mixing 
proportions are 0.5/0.5 and 0.7/0.3 for Profiles 1 and 2, respectively. 
Feature-partition similarity is controlled with target ARI = 0.40, and 
component separation of Mahalanobis distance = 6. Diagonal 
covariances, no noise features and seed = 42 were used.
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