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Cluster analysis is widely used to identify groups of similar observations, but con-14

ventional cluster representations provide limited information about the statistical15

variability associated with these groups. This article introduces Statistical Variability16

Networks (hereafter referred to as STAT Networks), a network-based framework for17

representing statistical descriptions of clustered data. For each cluster, a representa-18

tive centroid and additional variability vectors are constructed by replacing individual19

centroid values with lower and upper statistical bounds. These vectors are then repre-20

sented as nodes in a weighted k-nearest-neighbor network, where connections reflect21

statistical proximity between the resulting vectors. The framework supports several22

statistical representations, including 95% confidence intervals (CI), one and two stan-23

dard deviations (1SD and 2SD), interquartile range (IQR), and interquartile whisker24

range (IWR). The proposed framework is demonstrated on the E. coli, Iris, and Yeast25

datasets to examine how different statistical representations affect the resulting net-26

work structure and relationships between cluster profiles. The results show that the27

number and structure of inter-cluster connections vary across the statistical repre-28

sentations, with broader variability ranges generally revealing additional statistical29
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Fig. 1 Boxplots showing the distributions of four attributes across five clusters in the Iris dataset.
The figure illustrates how cluster variability and the degree of separation between clusters can be
examined for individual attributes.

proximity between cluster profiles. The results also demonstrate cases where clus-30

ter profiles that appear separated in the original network become connected when31

their statistical variability is represented. STAT Networks therefore provide a comple-32

mentary representation for exploring relationships between cluster profiles and their33

statistical variability alongside conventional statistical visualizations.34

1 Introduction35

Clustering is a fundamental technique in exploratory data analysis that identifies36

groups of similar observations within multidimensional datasets. It is widely used in37

fields such as biology, medicine, environmental sciences, and social sciences, where large38

collections of measured variables are common. While clustering algorithms effectively39

partition data into meaningful groups, interpreting the resulting clusters remains a40

challenging task. Beyond cluster membership, researchers often seek to understand41

the internal structure of clusters, identify characteristic attributes, and assess the42

variability of these attributes [1, 2].43

Statistical visualizations such as boxplots or violin plots are commonly used to44

summarize attribute distributions within clusters. Although these methods provide45

valuable information about individual variables, they treat attributes independently46

and can become difficult to interpret when many variables must be considered simul-47

taneously. Existing approaches to cluster visualization also address the challenge of48

representing high-dimensional cluster structure [3]. However, conventional statisti-49

cal visualizations provide limited insight into how the statistical profiles of different50

clusters relate to one another across multiple attributes.51

Figure 1 illustrates a conventional representation of cluster variability using box-52

plots. The distributions of individual attributes can be compared across clusters,53

making differences in their statistical characteristics and potential overlap visible.54

However, when several clusters and attributes are considered simultaneously, the55

relationships between their statistical profiles must be inferred from the individual56

attribute distributions. It can therefore be difficult to assess the overall statistical rela-57

tionship between two clusters and identify which aspects of their variability contribute58

to this relationship.59

In particular, researchers may need to understand the statistical profile represented60

by each cluster and how individual observations are distributed around its representa-61

tive centroid. For example, in a medical application, a cluster may represent a group62
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of patients whose centroid describes their typical profile. However, the centroid alone63

does not describe the variability within the group. It is therefore important to exam-64

ine how the distributions of different clusters relate to one another, including whether65

they are clearly separated or to what extent they overlap. In such applications, the66

size of a cluster is not necessarily the most important characteristic. A relatively small67

cluster may still be relevant if its statistical profile is clearly separated from those of68

the other clusters.69

This motivates a representation that captures both the variability within individual70

clusters and the relationships between their statistical descriptions. While conventional71

statistical summaries and boxplots can reveal the distributions of individual attributes72

and indicate potential overlap, a relational representation can provide an additional73

perspective by making relationships between cluster profiles visible at the network74

level.75

Network representations offer a way to visualize complex relationships by represent-76

ing objects as nodes and their similarities as edges. They have been applied in many77

areas of data analysis, including the visualization and exploration of relationships in78

high-dimensional and biological data [4, 5]. Network structure can reveal relationships79

that may be difficult to identify using conventional representations. However, their use80

for representing statistical summaries of cluster variability remains limited.81

In this context, a network representation does not aim to replace conventional82

statistical summaries or visualizations, but rather to complement them with an addi-83

tional relational view of cluster variability. While statistical tables and distribution84

plots describe individual attributes, the network provides a simultaneous view of the85

statistical relationships between clusters and their degree of separation.86

In this article, we propose a general framework for transforming statistical descrip-87

tions of clusters into network representations. For each cluster, a representative88

centroid is first computed, after which additional vectors are generated according to89

selected statistical measures describing attribute variability. The resulting vectors are90

connected according to their Euclidean distances using a k-nearest neighbor graph,91

where k is set to twice the number of analyzed attributes. The framework can be92

applied as a post-processing step to clustering results produced by different clustering93

algorithms.94

The proposed framework extends preliminary work presented at the 6th Interna-95

tional Symposium on Complex Systems (ISCS 2026) under the title “CI and IQR96

Networks: A Network-Based Visualization of Cluster Variability.” In this extended97

study, the framework is evaluated on benchmark datasets of varying complexity and98

expanded to examine how different statistical representations affect the resulting net-99

work structure and reveal relationships between cluster profiles and their statistical100

variability. The resulting networks complement traditional statistical visualizations by101

providing a relational view of cluster variability.102
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2 Related Work103

Visual interpretation of clustering results is an important step in exploratory data104

analysis, allowing researchers to understand cluster characteristics, identify represen-105

tative attributes, and communicate results to domain experts. Numerous visualization106

techniques have been proposed for this purpose, ranging from traditional scatter107

plots and heatmaps to interactive visual analytics and graph-based representations.108

Interactive systems such as the Hierarchical Clustering Explorer introduced by Seo109

and Shneiderman [2] demonstrated the value of combining clustering with coordi-110

nated visualizations, enabling users to explore hierarchical structures and attribute111

distributions simultaneously.112

More recent research has focused on reducing the visual complexity associated with113

large and high-dimensional datasets. Clusterplot, introduced by Malkai et al. [3], rep-114

resents each cluster as a two-dimensional graphical object that captures its geometric115

characteristics, overlap, and relationships with neighboring clusters. By emphasiz-116

ing cluster-level properties instead of individual samples, the method reduces visual117

clutter while supporting the interpretation of cluster organization and separation.118

Similarly, recent surveys on cluster visualization emphasize the growing importance119

of techniques that summarize cluster structure while preserving the interpretability of120

multidimensional data [1].121

Graph-based visualizations have also become increasingly popular for exploring122

complex datasets. Rather than relying solely on geometric projections, graph represen-123

tations model relationships directly through network topology, enabling the analysis124

of structural properties such as connectivity and community organization. An example125

is TooManyCells, proposed by Schwartz et al. [4], which constructs hierarchical graph126

representations for the exploration of single-cell transcriptomic data. Their approach127

demonstrates how network structures can facilitate the interpretation of relationships128

between clusters while remaining scalable to very large datasets.129

Although these methods significantly improve the visualization of clustered data,130

their primary objective is to represent observations, cluster geometry, or hierarchi-131

cal relationships. Our approach addresses a complementary problem by representing132

statistical descriptions of cluster variability as network structures. The proposed133

framework, referred to as STAT Networks, transforms statistical summaries into134

centroid-based networks that enable the analysis of intra-cluster variability through135

network topology. Rather than replacing traditional statistical visualizations, these136

networks provide an additional perspective on the relationships among attribute137

variations within individual clusters.138

3 Methodology139

3.1 Overview140

The proposed framework assumes that the input data have already been partitioned141

into clusters. In the experiments presented in this study, the original vector-based data142

are first transformed into a similarity network using the LRNet algorithm [6], which143

constructs edges based on local representativeness. Clusters are then identified by144
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applying the Louvain community detection algorithm [7]. The resulting partitioning145

provides the cluster structure used as input to the proposed STAT Network framework.146

The framework itself is independent of the clustering algorithm and can therefore be147

applied as a post-processing step to any clustering result. For each cluster, a represen-148

tative centroid is computed. Additional vectors are then generated by systematically149

replacing individual centroid values with selected statistical descriptors of attribute150

variability. These vectors become the nodes of the resulting network. Regardless of151

the statistical representation used, the network is constructed from pairwise Euclidean152

distances between the generated vectors using a k-nearest-neighbor graph, where k is153

set to twice the number of analyzed attributes. Under ideal separation, the statistical154

vectors associated with each cluster form a clique, while connections between vectors155

belonging to different clusters represent relative statistical proximity within the set156

of generated vectors. The same network-construction procedure is used for all statis-157

tical representations considered in the framework, enabling direct comparison of the158

resulting STAT Networks.159

3.2 Generation of Variability Vectors160

Let161

X = {x1, x2, . . . , xn}

denote the set of observations belonging to a particular cluster, where each162

observation is described by m attributes.163

For every cluster, a representative centroid vector164

c = (c1, c2, . . . , cm)

is computed. The centroid represents the typical attribute configuration of the165

cluster and is defined according to the selected statistical representation.166

To characterize attribute variability, two additional vectors are generated for each167

attribute by replacing the corresponding centroid value with its lower and upper sta-168

tistical bounds while keeping all remaining attributes unchanged. The definition of169

these bounds depends on the selected network type.170

Consequently, each attribute produces two variability vectors, resulting in171

2m+ 1

vectors for every cluster, including the centroid itself. Each variability vector172

therefore represents a controlled modification of one attribute of the centroid while173

preserving the values of all remaining attributes.174

3.3 Statistical Variability Networks175

Different statistical summaries emphasize different characteristics of attribute variabil-176

ity. The proposed framework therefore supports multiple network variants that differ177

in the statistical descriptors used to construct the centroid and variability vectors.178

The overall network construction remains identical across all variants.179
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Table 1 Statistical variability network variants supported by the
proposed framework.

Network Centroid Variability bounds Distribution

CI Mean 95% confidence interval Normal
1SD Mean µ± σ Normal
2SD Mean µ± 2σ Normal
IQR Median Q1, Q3 Distribution-free
IWR Median Tukey whiskers Distribution-free

The labels of the variability vectors in the resulting networks follow a consistent180

notation. The network type is given first, followed by the cluster number, the direction181

of the statistical bound, and the corresponding attribute. For example, 1SD 2+ alm182

denotes the upper one-standard-deviation vector of Cluster 2 for the ALM attribute,183

while 1SD 2- alm denotes the corresponding lower-bound vector.184

The CI, 1SD, and 2SD networks use the arithmetic mean as the centroid and185

describe variability relative to the mean. These representations are based on standard186

deviation or confidence-interval calculations and are therefore sensitive to the distribu-187

tional characteristics of the data, particularly skewness and outliers. The CI, 1SD, and188

2SD networks differ in the statistical bounds used to generate the variability vectors.189

For skewed distributions or datasets containing outliers, more robust alternatives190

can be employed. IQR networks use the median together with the first and third quar-191

tiles, while IWR networks extend these bounds to the lower and upper whiskers defined192

by Tukey’s rule, thereby representing the typical range of non-outlier observations.193

Both IQR and IWR provide distribution-free descriptions of variability.194

3.4 Network Construction195

Each representative and variability vector is represented as a node in the resulting net-196

work. The Euclidean distance is calculated between all generated vectors to quantify197

the distance between their statistical profiles. Based on these distances, a weighted k-198

nearest-neighbor graph is constructed. For each edge, the Euclidean distance between199

the connected vectors is transformed into an edge weight by dividing the distance by200

the maximum Euclidean distance and subtracting the resulting ratio from 1. Conse-201

quently, smaller Euclidean distances result in stronger edge weights, indicating greater202

statistical proximity between the connected vectors. The resulting edge weights range203

from 0 to 1, enabling comparison of edge strengths across different STAT Networks.204

Instead of connecting every node to all other nodes, each node is connected only205

to its k nearest neighbors. The value of k is determined as206

k = 2m,

where m is the number of attributes in the dataset. This choice is motivated by207

the construction of the variability vectors, as each attribute generates two statistical208

vectors. Consequently, in the ideal case of perfectly separated clusters, each statistical209
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cluster forms a clique, while only a limited number of edges connect different statis-210

tical clusters. This preserves the local structure of individual clusters while retaining211

relationships between neighboring clusters.212

The resulting STAT Network can be visualized using standard graph layouts and213

further analyzed using common network analysis and community detection techniques.214

Because the graph construction is independent of the selected statistical represen-215

tation, all STAT Network variants are generated using the same procedure and can216

therefore be directly compared.217

3.5 Interpretation of Statistical Networks218

STAT Networks provide a representation of the statistical relationships among clus-219

ters. Rather than visualizing individual observations, the network represents statistical220

descriptions of clusters and the statistical proximity between them. The topology of221

the network therefore reflects how closely the statistical characteristics of different222

cluster profiles are related.223

Clique Structure224

The network construction is designed so that, in the ideal case of perfectly separated225

clusters, each statistical cluster forms a clique. Such a structure indicates that the226

statistical vectors belonging to the same cluster are mutually connected. Figure 2227

illustrates an example of an ideal clique, where every node is connected to all remaining228

nodes within the cluster. In this situation, all nodes have the same ordinary degree,229

making degree alone less informative for distinguishing nodes within the clique.230

Fig. 2 Example of an ideal clique representing a perfectly separated statistical cluster.

Strong Inter-Cluster Connections231

While clique structures describe the connectivity of statistical vectors within a cluster,232

edges between different clusters reveal statistical proximity between their correspond-233

ing vectors. Multiple strong connections indicate that several statistical vectors from234
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two clusters are closely related. Figure 3 shows an example of two statistical clusters235

connected by several strong edges, indicating greater statistical proximity between236

their statistical profiles.237

Fig. 3 Strong inter-cluster connections indicate statistical proximity between neighboring clusters.

Weak Inter-Cluster Connections238

In contrast, statistical clusters connected by only a few weak edges exhibit less239

statistical proximity between their corresponding vectors. Such structures indicate240

greater separation between the statistical profiles represented by the connected vec-241

tors. Figure 4 presents two statistical clusters connected by only a small number of242

weak edges. The single purple node connected to the other cluster represents a vari-243

ability vector associated with one specific attribute, indicating that the variability244

of this attribute is the component through which the ideal separation between the245

two clusters is disrupted. The weak connection therefore indicates limited statistical246

proximity between the corresponding statistical profiles.247

Weighted Degree248

Since all nodes within an ideal clique have identical ordinary degree, the weighted249

degree provides additional information about the strength of their connections. Unlike250

the ordinary degree, the weighted degree combines the number of connections and their251

strengths, where the edge weights reflect the statistical proximity between connected252

vectors. Consequently, nodes with higher weighted degrees have stronger overall con-253

nections to their local neighborhood than nodes with lower weighted degrees. Figure 5254

highlights an example of a node with a high weighted degree.255

Nodes with High Degree256

Although the ordinary degree is identical within an ideal clique, real STAT Networks257

may contain nodes with higher degree due to additional connections outside their258
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Fig. 4 Weak inter-cluster connections indicate limited statistical proximity between cluster profiles.

Fig. 5 Example of a node with a high weighted degree.

local cluster. Such nodes may occupy structurally important positions within the net-259

work and can indicate regions where statistical relationships extend across cluster260

boundaries. Figure 6 presents an example of nodes with a high degree.261

4 Results and Analysis262

The proposed STAT Networks are evaluated on the E. coli, Iris, and Yeast datasets263

to examine how different statistical representations affect the relationships between264

cluster profiles and their attribute variability. The analysis considers both the overall265

structure of the resulting networks and the specific inter-cluster connections revealed266

by the statistical variability vectors. The clustering solutions used in the experiments267

are not intended to represent the only possible partitions of the datasets. They were268

selected as illustrative examples for demonstrating the construction and interpretation269
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Fig. 6 Example of nodes with a high degree.

of the proposed STAT Networks. The STAT Networks are intended as an initial visual270

support for assessing a given clustering result. They provide a complementary view of271

the relationships between the resulting cluster profiles and their statistical variability,272

which can help identify patterns that may warrant further examination using con-273

ventional statistical and clustering analysis. The network representations provide a274

global view of relationships between cluster profiles, while the corresponding boxplots275

and Origami plots [8] provide complementary detail on the attribute distributions and276

mean profiles underlying these relationships.277

The following experiments illustrate these relationships across datasets with dif-278

ferent characteristics. The E. coli dataset demonstrates how the relationships between279

cluster profiles change across the different statistical representations. The Iris dataset280

provides a relatively compact setting for comparing the network relationships with the281

corresponding attribute distributions. Finally, the Yeast dataset provides a more com-282

plex setting, with seven clusters and eight attributes, in which the different statistical283

representations produce more varied and interconnected network structures.284

4.1 E. coli Dataset285

Figure 7(a) presents the original network constructed from the original vector data,286

with communities detected in this network, together with the STAT Networks obtained287

using the IQR, IWR, 1SD, 2SD, and CI representations. The original network pro-288

vides an initial view of the cluster structure, while the STAT Networks show how289

the relationships between the six cluster profiles change when attribute variability is290

represented. From a global perspective, Clusters 1 (orange) and 2 (green) form a par-291

ticularly close pair, while the remaining clusters form a more heterogeneous part of292

the network. The IQR network provides the clearest separation between the cluster293

profiles, whereas the IWR, 1SD, 2SD, and CI networks reveal additional inter-cluster294

relationships.295

The close relationship between Clusters 1 and 2 is particularly evident when the296

IQR and IWR networks are compared. In the IQR network in Figure 7(a), the two297
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Fig. 7 Visualization of the E. coli data. (a) Network representations for the original data and the
1SD, 2SD, IQR, IWR, and 95% CI variants. (b) Distributions of MCG, GVH, LIP, CHG, AAC,
ALM1, and ALM2 attributes across the six clusters. (c) Cluster-specific Origami plots. Colors denote
Clusters 1–6 consistently across all panels.
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clusters are connected through only a single variability component, involving the298

upper-quartile representation of the attribute MCG (IQR 2+ mcg), while the remain-299

der of their statistical representations remains separated. The boxplots in Figure 7(b)300

shows that the MCG attribute distributions of Clusters 1 and 2 occupy relatively close301

ranges compared with several other cluster pairs. Their Origami plots in Figure 7(c)302

also show similar mean-profile patterns across the attributes, although their abso-303

lute magnitudes differ. The single connection in the IQR network therefore identifies304

MCG attribute as a specific component through which the two cluster profiles become305

statistically proximate.306

When the broader Tukey-whisker range is considered, the relationship between307

Clusters 1 and 2 becomes more densely connected. In the IWR network in Figure 7(a),308

multiple connections occur between the two clusters, with attribute ALM1 repeatedly309

involved in the corresponding variability vectors. The change from the single IQR310

connection to the denser IWR connectivity indicates that additional parts of the two311

cluster profiles become sufficiently close when a broader portion of their non-outlier312

ranges is considered. This is consistent with the boxplots in Figure 7(b), where the313

broader ranges of the distributions extend towards one another. The Origami plots314

in Figure 7(c) provide a complementary profile-level view of the relationship, showing315

related patterns across the attributes despite differences in their absolute values.316

A similar increase in connectivity can be observed when the 1SD and 2SD networks317

are compared. In the 1SD network in Figure 7(a), several inter-cluster connections318

involve attribute ALM1, including 1SD 1+ alm1, 1SD 2+ alm1, and 1SD 3+ alm1.319

These connections indicate that particular standard-deviation bounds of the ALM1320

distributions bring the corresponding statistical vectors closer together. The 2SD321

network contains additional connections involving ALM1, ALM2, GVH, and MCG322

attributes, including 2SD 1+ alm1, 2SD 3- gvh, 2SD 3+ alm2, and 2SD 4+ mcg. The323

greater connectivity in the 2SD network therefore shows that extending the represented324

range can expose additional statistical proximity between the cluster profiles.325

The broader connectivity observed in the 1SD and 2SD networks also highlights326

relationships involving clusters that appear relatively separated in the global network327

structure. In particular, Cluster 6 (dark green) forms a comparatively distinct group,328

but connections with Cluster 3 are visible in the IWR, 1SD, 2SD, and CI networks in329

Figure 7(a). These connections show that the apparent separation of Cluster 6 does330

not occur uniformly across the different statistical representations. Instead, particular331

variability vectors become sufficiently close to corresponding vectors from Cluster 3332

under these representations. The boxplots in Figure 7(b) and the Origami plots in333

Figure 7(c) provide complementary views of the attribute distributions and mean334

profiles associated with these connections.335

In contrast to the relationships observed for Cluster 6 (dark green), Cluster 4336

(pink) forms a relatively small and dispersed group in the network structure shown in337

Figure 7(a). Its dispersed distribution is also reflected in the boxplots in Figure 7(b)338

and in the corresponding Origami plot in Figure 7(c). Since Cluster 4 contains rel-339

atively few observations, its confidence intervals should be interpreted in relation to340

its cluster size, as the width of a confidence interval is affected by the number of341
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observations. Nevertheless, Cluster 4 remains relatively well separated in the network342

structure, despite the dispersed nature of its profile.343

Overall, the E. coli networks show that the relationships between the six cluster344

profiles change across the statistical representations. The IQR-IWR comparison shows345

how extending the represented range can reveal additional connections between Clus-346

ters 1 and 2, while the 1SD-2SD comparison shows a similar increase in connectivity.347

The connections involving Cluster 6 (dark green) and Cluster 3 (blue) further illus-348

trate that separation observed in one representation may not be maintained across all349

statistical representations. The boxplots and Origami plots in Figure 7(b)-(c) provide350

complementary detail on the distributions and mean profiles underlying these network351

relationships.352

4.2 Iris Dataset353

The Iris dataset provides a relatively compact setting for examining the relationships354

between five cluster profiles. The original network in Figure 8(a) provides an initial355

view of the cluster structure, with node sizes representing the average attribute values.356

From a global perspective, the network suggests two broader groups, but the differences357

in node size indicate that the five clusters are not equivalent in their average profiles.358

These differences provide additional support for retaining the five-cluster structure359

within the two broader groups. The STAT Networks in Figure 8(a) then show how the360

separation between these profiles changes when different measures of variability are361

considered. The IQR and CI networks maintain relatively clear separation, whereas362

the IWR, 1SD, and 2SD networks reveal more inter-cluster connections. The boxplots363

in Figure 8(b) show clear differences between the clusters, particularly in petal length364

and petal width, while greater overlap remains among some of the sepal attributes.365

The relationship between Clusters 1 (light green) and 2 (dark green) provides a366

clear example of the effect of the variability range considered. In the IQR network367

in Figure 8(a), the two clusters remain separated, indicating that their central 50%368

ranges do not produce inter-cluster connections. In contrast, the IWR network in369

Figure 8(a) contains several connections between the two clusters, involving IWR 1-370

sepal width, IWR 2+ sepal width, and IWR 2+ sepal length. Extending the represented371

range from the interquartile range to the broader Tukey-whisker range therefore reveals372

additional statistical proximity between the two cluster profiles. This is consistent with373

the boxplots in Figure 8(b), where the interquartile ranges of Clusters 1 and 2 remain374

separated while their broader ranges extend towards one another. The Origami plots375

in Figure 8(c) show similar profile proportions across the attributes, although the376

overall magnitudes of the two profiles differ. The network therefore identifies specific377

variability components through which the two profiles become closer when a broader378

range is considered.379

The same effect of extending the represented variability range can be observed for380

Clusters 3 (red), 4 (pink), and 5 (dark red). In the 1SD network in Figure 8(a), these381

clusters are connected through a limited number of variability components, including382

1SD 3+ petal length, 1SD 4+ petal length, and 1SD 5- petal length. The 2SD network383

in Figure 8(a) contains additional connections, including 2SD 3- petal length, 2SD384

3+ petal length, and 2SD 5- petal length. The 2SD network therefore reveals broader385
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statistical proximity among these clusters than the 1SD network. In contrast, the386

CI network in Figure 8(a) shows no inter-cluster connections among Clusters 3, 4,387

and 5. The corresponding boxplots in Figure 8(b) and Origami plots in Figure 8(c)388

provide complementary views of the distributions and mean profiles underlying these389

relationships.390

The distributional characteristics of the Iris attributes should also be considered391

when interpreting the 1SD, 2SD, and CI networks. The normality analysis did not392

support normal distributions for the attributes. Consequently, these representations393

should be interpreted with caution, whereas the IQR and IWR networks provide394

distribution-free descriptions of variability.395

Overall, the Iris networks show that the relationships between the five cluster pro-396

files vary across the statistical representations. The IQR–IWR comparison highlights397

how extending the represented range reveals additional proximity between Clusters 1398

and 2, while the 1SD–2SD comparison shows a similar increase in connectivity among399

Clusters 3, 4, and 5. The boxplots and Origami plots provide complementary detail400

on the distributions and mean profiles underlying these network relationships.401

4.3 Yeast Dataset402

The Yeast dataset provides a more complex setting for examining the relationships403

between seven cluster profiles described by eight attributes. From a global perspective,404

the network structures in Figure 9 suggest two broader parts of the dataset, with405

different degrees of separation among the cluster profiles. Cluster 4 (pink) forms a406

small and dispersed group, while the remaining clusters exhibit varying degrees of407

connectivity across the network representations. The IQR network shows the clearest408

overall separation, whereas the IWR, 1SD, 2SD, and CI networks reveal additional409

inter-cluster connections.410

The contrast between the original network and the STAT Networks is particu-411

larly visible for Clusters 1 (green) and 3 (blue). Although the two clusters appear412

relatively separated in the original network, this separation is less pronounced in the413

STAT Networks, where connections between their variability vectors can be observed.414

The apparent separation of the cluster profiles in the original network therefore does415

not necessarily extend to their represented variability. The boxplots and Origami416

plots in Figure 9 provide complementary views of the distributions and mean profiles417

underlying this relationship.418

A contrasting pattern is observed for Cluster 4 (pink). It forms a small and dis-419

persed group, as reflected in the boxplots and Origami plot in Figure 9. Despite the420

dispersed nature of its profile, Cluster 4 is fully separated from the other clusters in421

both the IQR and IWR networks. This separation is maintained in the 1SD, 2SD, and422

CI networks. It is particularly evident in the 2SD network, where all other clusters are423

interconnected while Cluster 4 remains disconnected from the rest. The separation of424

Cluster 4 is therefore maintained even when the represented variability is extended to425

a broader range, highlighting the distinct position of this cluster despite its relatively426

small and dispersed distribution.427

Cluster 7 (dark green) shows an almost opposite pattern. In the original network in428

Figure 9, Cluster 7 appears relatively well separated from the other clusters, whereas429
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Fig. 8 Visualization of the Iris data. (a) Network representations for the original data and the
1SD, 2SD, 95% CI, IQR, and IWR variants. (b) Distributions of the four attributes sepal length,
sepal width, petal length, and petal width across the five clusters. (c) Cluster-specific Origami plots.
Colors consistently denote Clusters 1–5 throughout the figure.
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this separation becomes less pronounced in the STAT Networks, where Cluster 7430

forms connections with other cluster profiles across several representations. The con-431

trast with Cluster 4 (pink) is particularly notable: although Cluster 4 has a relatively432

dispersed profile, its variability remains separated from the other clusters, whereas433

Cluster 7 appears more separated in the original network but becomes more connected434

when the variability of the profiles is taken into account. This comparison illustrates435

how the original network and the STAT Networks capture different aspects of cluster436

separation.437

A further pattern is the persistent connection between Clusters 1 (green) and 2438

(orange) across the statistical representations. Although the strength and structure439

of the connections vary between networks, these two clusters remain connected in440

almost all of the STAT Networks, with ALM repeatedly involved in their connections.441

This indicates that their statistical proximity is not limited to a single representation442

or isolated attribute, but extends to several parts of their statistical profiles. In a443

dataset with seven clusters and eight attributes, this type of relationship is difficult to444

assess from individual boxplots alone, whereas the network representation makes the445

recurring connections between the cluster profiles visible at the global level.446
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Fig. 9 Visualization of the Yeast data: (a) network representations for the original data and the
1SD, 2SD, 95% CI, IQR, and IWR variants; (b) boxplots of MCG, GVH, ALM, MIT, ERL, POX,
VAC, and NUC attributes across the seven clusters; (c) cluster-specific Origami plots. Colors denote
Clusters 1–7 consistently across all panels.
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5 Discussion447

The results demonstrate that STAT Networks can expose relationships between cluster448

profiles that are not fully apparent from the original network alone. The compari-449

son between the original network and the STAT Networks, particularly in the Yeast450

dataset, shows that separation of cluster profiles does not necessarily correspond to451

separation of their statistical variability.452

The choice of statistical representation also affects the resulting network structure.453

The IQR, IWR, 1SD, 2SD, and CI representations emphasize different parts of the454

underlying distributions, leading to different patterns of inter-cluster connections. IQR455

and IWR provide distribution-free alternatives to the mean-based representations,456

while 1SD, 2SD, and CI describe variability relative to the mean.457

These results indicate that the STAT Networks should be interpreted together458

with the underlying distributions and mean profiles rather than as a replacement for459

conventional statistical visualizations.460

6 Limitations461

The proposed framework and its current evaluation have several limitations that462

should be considered when interpreting the results. One practical limitation concerns463

the number of clusters represented in the network. As the number of clusters increases,464

the number of variability vectors and potential inter-cluster connections also increases,465

which can make the overall network structure more difficult to interpret in a single466

visualization. The framework can represent these relationships, but larger numbers467

of clusters may require additional approaches for organizing or filtering the displayed468

connections.469

A similar issue arises when the number of attributes increases. For a dataset with470

m attributes, the proposed construction generates 2m + 1 vectors for each cluster.471

Consequently, datasets with a large number of attributes can produce networks with a472

substantial number of nodes and connections, increasing the visual complexity of the473

resulting representation. This can make it more difficult to identify relevant relation-474

ships directly from the network and suggests the need for approaches that can reduce475

visual complexity while preserving important statistical relationships.476

The use of static visualizations is another limitation of the current presentation.477

While static network figures are suitable for illustrating the framework and comparing478

the resulting representations, they become less practical as the size and complexity479

of the network increase. An interactive visualization environment could allow users480

to explore connections, inspect individual variability vectors, and filter the network481

according to clusters, attributes, or statistical representations. Tools such as Gephi1482

could provide one possible environment for this type of exploration.483

Finally, the current study does not provide a formal statistical evaluation of the484

observed network relationships. The experiments are intended to demonstrate and485

illustrate the proposed framework rather than to test the statistical significance of indi-486

vidual connections or to establish whether the framework improves clustering quality.487

1https://gephi.org/
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No statistical hypothesis testing or systematic quantitative validation of the network488

patterns was therefore performed. The contribution of this work is the proposal and489

initial evaluation of the Statistical Variability Network framework, while a more exten-490

sive assessment using additional datasets, statistical analyses, and systematic variation491

of network-construction parameters remains for future work.492

7 Conclusion493

This study introduced STAT Networks as a network-based approach for represent-494

ing the statistical variability of clustered data. By constructing variability vectors495

from different statistical summaries and connecting them according to their statistical496

proximity, the proposed framework provides a way to examine relationships between497

cluster profiles beyond their original network structure.498

The experiments on the Iris, E. coli, and Yeast datasets demonstrated that the499

resulting network structure depends on the statistical representation used. The IQR,500

IWR, 1SD, 2SD, and CI networks revealed different patterns of inter-cluster connec-501

tions, showing that different representations capture different aspects of the underlying502

cluster distributions. The results also demonstrated that relationships between clus-503

ter profiles may become apparent when their variability is considered, even when the504

corresponding profiles appear more separated in the original network.505

Overall, STAT Networks provide a complementary representation for exploring506

cluster variability and relationships between cluster profiles. The choice of statisti-507

cal representation should be guided by the characteristics of the data and the aspect508

of variability of interest. Further studies using additional datasets and alternative509

network-construction parameters would be useful to evaluate the robustness and510

general applicability of the proposed framework.511
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