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Abstract

Graphical methods of correlation analysis, such as correlation n-ptychs or hotspots, focus
on the identification of the strength and direction of functional relationships between sets
of attributes in multidimensional datasets. Since these correlation structures only take
into account values of the attributes, situations arise when the relationship is coincidental,
meaning that there is no real-world causality between the values of the observed attributes
but these values still exhibit significant correlation. This problem of correlation analysis as
a whole motivates the need for semantic evaluation of significant relationships identified
using its methods—a task that could potentially be time- and resource-intensive when
conducted manually. However, modern results in the large language model area provide
tools for the automatization of such tasks. Hence, this work focuses on the design and
implementation of a novel large language model-based method for semantic evaluation of
correlation structures embedded in a correlation graph, specifically correlation n-ptychs
forn € {3, 4, 5} and correlation hotspots. In the method, the large language model
is automatically prompted to assess the semantic nature of relationships in the set of
correlation substructures of the dataset, identify their real-world relevance, and visualize
the result in the form of a Semantic evaluation card. The proposed approach is evaluated
using two benchmarking datasets focusing on the visualization method used in the model,
large language model interaction with the correlation substructures, and comparative
analysis with previously used tools in the area.

Keywords: correlation structures; correlation hotspots; correlation n-ptychs; large language
models; visualization; semantic evaluation

1. Introduction

Datasets of high dimensionality present their specific problems for any type of data
analysis by their structure alone. Since such datasets are characterized by their high number
of attributes, even simple tasks such as dataset description by aggregation, correlation
analysis, or data visualization can be frequently problematic to conduct. This motivated
the development of graphical models for visualization of direct and indirect relationships
in the data based on correlation analysis, called correlation structures [1].

All correlation structures are composed of a set of vertices, which represent individ-
ual attributes of the dataset, and a set of edges between pairs of these attributes, which
are weighted by the value of the correlation coefficient measured between the given at-
tribute pairs. For the purposes of deeper correlation analysis of a dataset, two correlation
substructures are utilized:
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¢  Correlation n-ptychs—complete K;, subgraphs (cliques) of the main correlation graph
of n attributes [2].
¢ Correlation hotspots—complete bipartite K;  graphs of the main correlation graph [3].

However, as with any correlation analysis method, correlation structures can identify
coincidental relationships, which are not representative of the real world [4]. This motivates
the inclusion of the study of the semantics of these relationships for a greater understanding
of the examined data. If done manually, such an analysis of relationship semantics would be
largely resource-intensive and frequently impossible for human experts to do in a practical
time. With the fast development of large language models, which are well documented
in situations of replacing human experts in simple problem-solving [5,6], the process of
semantic evaluation can be automated. Utilizing such a language model, the relationships
identified in data by correlation analysis can be easily classified into semantically supported,
likely causal relationships where the real-world aspects of the problem can be observed
and studied, and non-causal, which are not known in the knowledge corpus available to
the language model.

1.1. Objective of the Work

The problems mentioned above motivate the development of an exploration approach
focused on the semantic evaluation of relationships in correlation substructures. Therefore,
the main objective of this work can be summarized as the design and implementation
of an evaluator of correlation n-ptychs and hotspots that utilizes large language models
to assess the semantic quality of the relationships in these substructures. The model
focuses on sets of three or more attributes of the studied dataset, between which significant
correlation coefficient values are measured, and classifies them into two main categories
based on their representativeness of the real-world relationships of the two parameters.
Such an evaluation of the relationships is complemented by the visualization of the specific
correlation substructures and linguistic description of the decision generated by a large
language model.

The objectives of the presented study can be summarized as follows:

e The design and implementation of the proposed large language model-based semantic
evaluation method of correlation substructures.

*  The design and implementation of the visualization approach for presentation of the
results of such a semantic evaluation of relationships via Semantic evaluation cards.

* A qualitative, quantitative, and comparative evaluation of the proposed model with
the use of two openly available benchmarking datasets.

The rest of the work presented in the context of this study is structured into three
main sections. After the part of the text devoted to the brief overview of works from the
studied area, which is presented at the end of the current section, Section 2 focuses on
the description and semantic evaluation of correlation substructures, and presents the
proposed method for its conducting. Key aspects of this method—(MDPI: We changed
minus sign to emdash. Please confirm. The same below.)the visualization approach,
large language model use, and comparison to similar approaches—are then evaluated in
Section 3. Lastly, Section 4 concludes the work and specifies the possible future work areas
in the studied domain.

1.2. Related Works

Since the method proposed in this study utilizes large language models in the context
of diagnostic analysis of graphical models from the data science area, which is conven-
tionally done by human experts, a brief overview of related work utilizing these language
models is presented.

https:/ /doi.org/10.3390/appliedmath6060094


https://doi.org/10.3390/appliedmath6060094

AppliedMath 2026, 6, 94

30f20

Numerous studies point to the relevance of the use of large language models as human
expert surrogates in various domains. As an example, the research presented in [7] focuses
on the performance of large language models (specifically, ChatGPT 4) in the analysis of
political texts, while comparing its properties to human experts from the area. The results
of the study highlight high accuracy of the language models in the task (up to 95%) with
a slight decline in performance for longer texts and non-English content. The authors
conclude that the quality of text analysis is comparable between human experts and large
language models, while the latter offers additional advantages, such as a lower required
time and the possibility of automation.

Similarly, [8] utilizes large language models in the context of predictive tasks from
the neuroscience domain. The authors show that, using specialized tools, large language
models outperform human experts significantly while behaving similarly to humans regarding
decision-making confidence, which correlates with accuracy. Additionally, the authors propose
an approach of generalization of the used methods to other knowledge-intensive domains.

In the area of data science, the work [9] studies the impact of large language models
on solving several typical analytical problems, such as data exploration, visualization, asso-
ciation rule mining, or classification. The authors highlight the potential of large language
models in the automation of some of the stages of data analysis, which in turn allows for
acceleration in analytical processes and decision-making. Interestingly, the authors also
point to limitations of such approaches, which can arise in complex scenarios.

Our previous work in the area of large language model utilization in the context
of correlation analysis conducted over multidimensional datasets proposed two visual
methods for a more detailed view of the data.

In [10], the focus is on the design and implementation of a model for diagnostic
data analysis, which linguistically describes correlated pairs of attributes using a large
language model. The results of this analysis are presented in the context of diagnostic
sheet visualization, which combines an interactive correlation heatmap and large language
model-generated descriptions of interesting attribute pairs of the dataset (see Figure 1).

T
Attr,  Arr,  Altrg

Diagnostic #1 for
Attry corr(Attry, Attrg)
(generated by LLM)
Attr
2 Diagnostic #2 for
corr(Attrs, Azﬁ-&)
(generated by LLM)
Attr,

Figure 1. Schematic visualization of the diagnostic sheet approach presented in [10].

A more recent advance in the selected area is presented in the work [11], where
large language models are used as semantic causality evaluators of correlation matrices
presented in the form of causal heatmaps (Figure 2). The approach combines two aspects
of semantic analysis of relationships in a dataset: firstly, each correlation coefficient value is
weighted using the w-value generated by the large language model, which signifies the
level of real-world familiarity of the relationship between the correlated attributes; secondly,
the results are visualized using a heatmap supplemented by ) (w) for each attribute. This
metric summarizes the number of real-world relationships connected to the given attribute.
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Figure 2. Schematic visualization of the causal heatmap approach presented in [11].

In the presented study, two of the previously proposed methods are supplemented
with the Semantic evaluation cards approach, focused on the diagnostic analysis of corre-
lated subsets of attributes utilizing large language models.

2. Semantic Evaluation of Correlation Substructures

The research presented in this work is based on the correlation analysis principles,
in which correlation determines the strength and direction of the functional relationship
between a pair of quantitative attributes Attr4 and Attrp. In the context of data analysis,
such a relationship determined in correlation analysis is interpreted as the prediction
potential stored between the two attributes of the studied dataset, and is measured via
correlation coefficients corr(Attry, Attrg) € [—1,1] of various types (most notably the
Pearson correlation coefficient and Spearman rank correlation coefficient) [12].

Regardless of its type, the correlation coefficient always measures prediction potential
between a pair of attributes, which needs to be extended if studying datasets of high dimen-
sionality, as considered in this study. Often, correlation matrices are used to summarize
pairwise relationships in the dataset as shown [13]:

corr(Attra, Attra) corr(Attry, Attrg) -+ corr(Attrp, Attry)

corr(Attrg, Attra) corr(Attrg, Attrg) -+  corr(Attrg, Attry) M
C= : : : 1

corr(Attry, Attra)  corr(Attry, Attrg) -+ corr(Attry, Atiry)

As seen, the correlation matrix is cross-indexed by attributes of the dataset, while
each of its elements contains the value of the correlation coefficient measured between the
respective indexing attributes. In such a correlation matrix, analysts can easily identify
significant direct relationships in data, while indirect ones are not immediately clear. This
motivated the correlation structure approaches, which use the correlation matrix as the
adjacency matrix of a complete, weighted, undirected graph, called a correlation graph.

Complete correlation graph G is graphical model consisting of sets V and E, where V
is a set of vertices, each representing one of the quantitative attributes of the studied dataset,
and E denotes a set of edges, which connect vertices of this graph, and which are weighted
using the correlation coefficient measured between the given pair of attributes (starting
and ending vertices of the edge) [1]. As seen in the left subfigure of Figure 3, even low-
dimensional complete correlation graphs can be hard to read and visualize intuitively, since
the graph itself is not planar in the case when the dataset contains five or more attributes.

Since not all of the correlation coefficient values measured in the dataset—and visu-
alized in the correlation graph—are of significance to the analysis of data, the concept of
pruning of the correlation graph has been introduced. By pruning of the graph, the analyst
applies masking on the correlation matrix of the dataset, which acts as a filter of correlation
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coefficient values, and therefore edges in the graph. Several correlation graph pruning

approaches have been introduced, notably the extended o-mask pruning of correlation

matrix C [1]:

#(C) + max(C)
2

where 1 (C) denotes the mean of absolute correlation coefficient values in the matrix not

o(C) = + 2)

taking into account the main diagonal, max(C) denotes the maximal value of absolute
correlation coefficients in the matrix not taking into account the main diagonal, and « is the
user-defined mask strictness parameter, where a € [0, 0.3].

Then, the o-mask pruning Vcorr(Attr,, Attrg) € Cis conducted as

significant,  if |corr(Attry, Attrg)| > o,

corr(Attry, Attrg) = 3)

insignificant, otherwise

while significant correlation coefficient values are left in the pruned space and insignificant
values are filtered out. This operation creates the pruned correlation graph, which repre-
sents the set of significant relationships in the dataset and their interaction (see Figure 3).
Such a pruned correlation graph is then used as a basis for the identification of correlation
substructures relevant for this study.

Attra Attra

Attrg Attrg Attrg Attrg

Attre Attrc Attrg Attrc

Attrp Attrp

Figure 3. Example of complete correlation graph (left) and its pruning (right) for a dataset of
six attributes.

2.1. Correlation n-Ptychs and Hotspots

There are several embedded graphical substructures, which can be identified in the
pruned correlation graph G, such as correlation chains, correlation cycles, or in the case of
this work, correlation n-ptychs and correlation hotspots.

A complete subgraph of G with n € {3,4,5} vertices is referred to as an n-vertex
subgraph. Such an n-ptych represents a set of n attributes, in which the values of each of
the attributes directly influence the values of all other attributes in the set. Hence, the values
of the subset of attributes are tightly connected, which is a property relevant for tasks such
as feature selection—these related attributes can be either reduced to one attribute since
their values are redundant from the point of view of new information supplemented to the
machine learning model, or, vice-versa, their values can be used to compute missing values
for attributes in the set, since the relationships in it are strong [2].

On the other hand, a correlation hotspot is a complete bipartite graph K; , where
one central vertex is connected to a set of & leaves that are not interconnected themselves.
Therefore, the correlation hotspot is a star schema, where a single central attribute correlates
with multiple leaf attributes that, however, do not correlate directly with one another. This
substructure may suggest the existence of a controlling factor or common cause that
influences the other attributes within the topology. The central attribute of a hotspot can be
considered an attribute that is significant in terms of the dataset’s predictive potential, since
its values significantly influence the values of a set of other attributes that do not exhibit
any measurable relationship among themselves [3].

https:/ /doi.org/10.3390/appliedmath6060094


https://doi.org/10.3390/appliedmath6060094

AppliedMath 2026, 6, 94

6 of 20

As seen in Figure 4, both correlation n-ptychs and hotspots can be identified in the
pruned correlation graph using simple path- and subgraph-finding algorithms, such as the
Bron-Kerbosch algorithm [14] or maximal biclique enumeration algorithm [15].

i Attrg

Attra

/V Attrg
Attre Attrg \/

Attrp

Attrc

Attrp

Attrg Attrc x
\ Attrg

Attrp Attrg P

Figure 4. Example of correlation n-ptych of size 4 (top) and correlation hotspot of size 2 (bottom)
embedded in a pruned correlation graph of six attributes.

2.2. Semantic Evaluation of Correlation Substructures Using Large Language Models

Based on the identification of correlation substructures described by a set of attributes
from the studied dataset, a semantic evaluation of the relationships within these sets needs
to be performed in order to identify relationships that are semantically supported by
domain knowledge and coincidental ones. As stated above, in this work, an approach to
this task that combines large language model-based semantic evaluation with interactive
visualization of correlation substructures, called Semantic evaluation cards, is introduced.
The proposed model consists of several steps, illustrated in the schema in Figure 5, with the
input of the model being the studied dataset along with brief descriptions of its attributes,
which are used to guide the later phases of the process.

The first step of the proposed process consists of the construction of the correlation
graph. The model performs correlation analysis and summarizes the resulting coefficients
into a correlation matrix. This matrix is then pruned using extended c-masking, producing
a pruned correlation graph. This step involves internal parameters for the process, namely
the type of correlation coefficient (with Pearson correlation coefficient used as a default
value) and the & value (set to 0.1 by default).

Next, the model identifies correlation substructures within the graph. Specifically,
the n-ptychs of size n € {3,4,5} and all hotspots embedded in the graph are identified.
These identified substructures are forwarded to both the diagnostic analysis stage and to
the final output of the process.

Besides the set of correlation substructures embedded in the pruned correlation graph
of the dataset, the diagnostic analysis step of the proposed process also expects the de-
scription of attributes in the dataset. Then each substructure is passed to the large lan-
guage model, which offers a semantic analysis of the relationships in the substructure
from the point of view of real-world familiarity with the domain and the given attributes.
The prompting strategy used involves separate, tailored prompts for n-ptychs and hotspots.
The n-ptych prompt consists of the following:
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Context: The following attributes exhibit a special relationship: every
attribute in this group is strongly and directly correlated with every

other attribute.
Attributes: {format_attributes(subgraph_nodes, descriptions)}

Question: Is there a clear underlying physical phenomenon or shared system

that explains this tight, mutual correlation?

Instructions: You MUST start your answer with ‘Yes,’ followed by a concise,

one-sentence hypothesis, or ‘No,’ if a direct link is unlikely.

12 Y
INPUT
Studied dataset ] [ Attribute description }
T J
, v R
~ N\
[ IDENTIFICATION OF CORRELATION STRUCTURES )
. Definition of
correlation
Correlation Matrix Correlation coefficient
matrix pruning graph . Definition
of a value
. J
x ™\
IDENTIFICATION OF SUBSTRUCTURES )
— Identification of Identification of
n-ptychs hotspots
NS J
¥
/ DIAGNOSTIC ANALYSIS OF SUBSTRUCTURES \
[ Input prompt }
I
2 ¥ v
LLM LLM LLM
generation generation generation D —
#1 #2 #3
[ I I
]
\ [ Prompt synthesis } /
. i ~
OUTPUT
. Filtering
L Semantic . Sorting
evaluation . Interactivity
card for
substructure #1

Figure 5. Flowchart of the proposed semantic evaluation process.

For the purposes of the correlation hotspot prompting, the following wording is used:

Context: The following attributes exhibit a ‘hub-and-spoke’ relationship.
The central attribute ‘{central_node}’ is strongly correlated with each
of the ‘leaf’ attributes: {, ’.join(leaf_nodes)}. However, the leaf
attributes are not strongly correlated with each other.

Attributes: {format_attributes(subgraph_nodes, descriptions)}

Question: Is there a clear causal or influential relationship here, with
‘{central_node}’ acting as a driver?

Instructions: You MUST start your answer with ‘Yes,’ and then explain

the role of the central node ‘{central_node}’, or ‘No,’ if the relationship

is not clear.
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In the prompting, an ensemble-like, three-fold approach to prompt-response genera-
tion, which improves the robustness and consistency of the large language model outputs,
is implemented [16]. Specifically, in the presented method, each prompt is sent to the model
three times in parallel, and the resulting—partial—responses are subsequently synthesized
into a single answer. However, to ensure full transparency of the process, the final out-
put presents the analyst with all four responses (the final synthesized response and three
partial ones).

The output of the model consists of both the diagnostic analysis results and the
graphical visualization of the identified correlation substructures, which are presented
in the form of a Semantic evaluation card (see Figure 6). The final output of the method
contains a collection of such cards within an interactive environment. This setup enables
users to filter and sort the results, as well as to interact with both the graphical elements of
the visualization and the cards themselves.

SUBSTRUCTURE TITLE

- | Attribute##2
DéTSET?IﬁDEJI'ITOEN e -
! Attributed#4

Synthesised LLM substructure diagnostic

LLM substructure diagnostic #1

LLM substructure diagnostic #2

— — —
- _J _J __J

LLM substructure diagnostic #3

Figure 6. Schematic visualization of the detailed Semantic evaluation card of a correlation substructure.

3. Evaluation of the Semantic Evaluation Card Environment

The proposed semantic evaluation of correlation substructure-based relationships
identified in multidimensional datasets is implemented in Python using pandas 3.0.1
and numpy 2.4.0 packages for the basic operation with loaded data, networkx 3.6.1 and
matplotlib 3.10.0 for visualization purposes, and llama-cpp-python 0.3.20 for the implemen-
tation of the Mistral-7B-Instruct-v0.2 language model used in the semantic analysis of the
data [17]. The use of this model was motivated by its low hardware requirements, strong
instruction-following capabilities in long contexts, and fast inference when compared to
similar size models [18,19].

For evaluation purposes, the implementation of the proposed method is evaluated
using two openly available benchmarking datasets from two different domains:

¢ Appliances Energy Prediction dataset (AppEn)—the first of the used datasets contains
experimental data measurements of the use of energy by appliances in a low-energy
building in Belgium. The dataset contains 28 attributes focused on the energy con-
sumption, temperature, and humidity in various rooms of the building, or external
environmental measurements [20]. The dataset contains the following attributes [21]:

-  Internal temperature numbered by the rooms of the building—1T1 to T9.
—  Internal relative humidity numbered by the rooms of the building—RH1 to RH9.
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-  Timestamp of the data measurement stored in date.

—  Energy use of appliances in the house stored in appliances.

—  Energy use of light fixtures in the house stored in lights.

—  External measurements of temperature (T_out), relative humidity (RH_out), at-
mospheric pressure (Press_mm_hg), speed of wind (Windspeed), visibility with
naked eye Visibility, and dewpoint temperature T_dewpoint from Chievres
weather station located close to the building.

- Two control random noise attributes rv1 and rv2.

*  Superconductivity Data dataset (SuperCond)—the second dataset used in the evalu-
ation process focuses on chemical and physical properties of superconductors [22].
Compared to the AppEn dataset, SuperCond contains a significantly higher number
of attributes, specifically 81, which focus on the following [23]:

—  The number of elements in the measurement stored in number_of_elements.

—  Temperature below which the measured material’s electrical resistance drops to 0
(critical _temp).

-  The mean, weighted mean, geometric mean, weighted geometric mean, entropy,
weighted entropy, range, weighted range, standard deviation, and weighted
standard deviation for the following properties of the superconductor—atomic
mass, fie, radius, density, electron affinity, fusion heat, thermal conductivity,
valence. Each of these attributes is labeled using the statistical property first, then
underscore, and the property of the superconductor last.

Using these two datasets, the evaluation of the proposed semantic evaluator consists
of four main parts: a visualization walkthrough, in which the visual environment and
its components are described; qualitative evaluation of the use of large language models
in the generation of responses of the prompting; comparative analysis of the approach
using two previously designed semantic evaluation models used in correlation analysis,
specifically diagnostic sheets [10] and causal heatmaps [11]; and statistical evaluation of
the semantic relationship description using Fleiss” « [24], a model ablation study [25],
and ground truth comparisons.

3.1. Visualization Walkthrough

After the loading of the dataset into the implementation of the proposed method,
the analyst is presented with an interactive environment containing all the Semantic evalu-
ation cards of the correlation substructures embedded in the data. Figure 7 offers a part of
the created environment for the SuperCond dataset. As seen, each Semantic evaluation card
is presented in its abbreviated form, meaning only the type of substructure (e.g., 4-ptych for
n-ptych of n = 4), its title using the set of attributes in the substructure, the first sentence of
the semantic evaluation, and its visualization miniature are given.

In this environment, the Semantic evaluation cards can be sorted and filtered, which
allows analysts to efficiently identify substructures of interest, e.g., those where the relation-
ship is neither causal nor well known in the literature available to the large language model.

Additionally, each of the substructures and their semantic evaluation can be in-
teractively selected for a detailed view of the Semantic evaluation card presented in
Figures 8 and 9. As seen, the card is consistent between the two types of substructures
with one minor difference in the visualization in the case of hotspot visualization, where
the central attribute is colored in a different color to highlight it.

In this case, Figure 8 presents a hotspot substructure for the AppEn dataset, where a
central attribute T9 is visually emphasized and connected to several leaf attributes T3, T4,
and T7, illustrating a hub-and-spoke pattern. The accompanying semantic evaluation high-
lights a strong, consistent relationship in which the central attribute appears to be associated

https:/ /doi.org/10.3390/appliedmath6060094


https://doi.org/10.3390/appliedmath6060094

AppliedMath 2026, 6, 94

10 of 20

with the surrounding ones. In contrast, Figure 9 shows an n-ptych of size n = 5 for the
AppEn dataset involving Press_mm_hg, RH_3, T1, T4, and T_out attributes. The semantic
evaluation reflects the complexity of the group-wise relationship and indicates the negative
response to the prompting, meaning the absence of a clear, direct causal relationship.

4-Ptych: Entropy_atomic_mass,
Entropy_fie,
Wtd_entropy_FusionHeat,
Wtd_entropy_atomic_mass

5-Ptych: Entropy_atomic_mass,
Entropy_atomic_radius,
Wtd_entropy_FusionHeat,
Wtd_entropy_Valence,
Wtd_entropy_atomic_radius

es, th on ar he

3-Ptych: Entropy_atomic_mass,
Entropy_atomic_radius,
Wtd_entropy_FusionHeat

orrelatio

=

5-Ptych: Entropy_atomic_radius,
Wtd_entropy_FusionHeat,
Witd_entropy_Valence,
Wtd_entropy_atomic_mass,
Wtd_entropy_atomic_radius

correlatio

4-Ptych: Entropy_Valence,
Entropy_atomic_radius,
Entropy_fie,
Wtd_entropy_atomic_radius

5-Ptych: Entropy_Density,
Entropy_Valence,
Entropy_atomic_mass,
Entropy_fie, Number_of_elements

elat

3-Ptych: Entropy_Density,
Entropy_Valence,
Entropy_atomic_mass

3-Ptych: Entropy_Valence,
Number_of_elements,
Wtd_entropy_atomic_mass

5-Ptych: Entropy_Density,
Entropy_ElectronAffinity,
Entropy_FusionHeat,
Entropy_Valence,
Entropy_atomic_radius

Figure 7. Semantic evaluation card environment for the SuperCond dataset.

3.2. Large Language Models in Semantic Evaluation

Figures 8 and 9 show both variants of the semantic evaluation response—a positive
one, where the relationship is judged to be well supported by domain knowledge and
consistent with known domain knowledge, and a negative one, where the response suggests
coincidental correlation that cannot be clearly justified based on available knowledge. This
contrast illustrates the range of outcomes produced by the large language model in the
semantic evaluation task, demonstrating its ability to both confirm plausible real-world
mechanisms and to question or reject unsupported causal interpretations.

In the positive example (Figure 8), the individual prompt responses (#1—#3) consis-
tently identify a clear causal structure, with a central attribute influencing the behavior
of the remaining ones. Each response independently highlights a strong correlation be-
tween the central vertex and its leaves, interpreting these as indicative of a causal influence
consistent with the domain. The final, synthesized analysis uses these responses and
combines them into a unified conclusion emphasizing the coherence between the observed
correlation-based relationships and the real world.

In contrast, the negative-response example (Figure 9) presents a more complex and
densely connected structure, where the large language model responses are more cautious
and exploratory. While individual responses acknowledge potential interactions between
variables such as temperature, humidity, and pressure, they do not converge on a single,
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well-justified cause. Instead, the model emphasizes the possibility of indirect effects,
external influences, or coincidental correlations.

Hotspot: T9, T3, T4, T7

Attributes and Descriptions

T3: Temperature in laundry room area

T4: Temperature in office room: in
Celsius

T7: Temperature in ironing room : in
Celsius

T9: Temperature in parents room: in
Celsius

Final LLM Analysis

Yes, there is a clear causal or influential relationship among the attributes T9, T3, T4,
and T7, with T9 (temperature in the parents room) acting as the central node and
driver for the other leaf nodes. The temperature in the parents room significantly
influences the temperatures in the laundry room area (T3), the office room (T4), and
the ironing room (T7). This relationship is consistent with a hub-and-spoke model,
where the central node (T9) influences the peripheral nodes (T3, T4, and T7)
independently. The strong correlation between T9 and each of the leaf attributes
indicates a significant impact of the temperature in the parents room on the
temperatures in the other rooms.

Original Al Responses

Response #1: Yes, there is a clear causal or influential relationship here, with 'T9' acting as a
driver. The central node 'T9' (Temperature in parents room) is strongly correlated with each of the
leaf attributes: T3, T4, and T7. It can be inferred that the temperature in the parents room
influences the temperatures in the laundry room, office room, and ironing room. This is a typical
example of a 'hub-and-spoke' relationship, ere acentral node influences several peripheral
nodes.

Response #2: Yes, there is a clear causal or influential relationship here, with 'T9' acting as a
driver. The central node 'T9' is strongly correlated h each of the leaf attributes: T3, T4, and T7.
This suggests that the temperature in the parents room (T9) may have a significant impact on the
temperatures in the laundry room area (T3), the office room (T4), and the ironing room (T7). For
example, if the temperature in the parents room increases, it may cause the temperatures in the
other rooms to also increase, as they are all influenced by the central node. Ho er, the lack of
strong correlation between the leaf attributes themselves does not necessarily imply a direct
causal relationship between them, but rather that their temperatures may be influenced by the
central node independently.

Response #3: Yes, there is a clear causal or influential relationship here, with 'T9' acting as a
driver. The temperature in the parents room (T9) is strongly correlated with the temperatures in
the laundry room area (T3), office room (T4), and ironing room (T7). This suggests that the
temperature in the parents room may significantly influence the temperatures in the other rooms.
For example, if the temperature in the parents room increases, it is likely that the temperatures in
the laundry room, office, and ironing rooms will also increase. Conversely, if the temperature in the
parents room decreases, it is likely that the temperatures in the other rooms will also decrease.
This pattern of correlation is consistent with a hub-and-spoke relationship, where the central

Figure 8. Detailed Semantic evaluation card for a hotspot centered around T9 attribute embedded in
AppEn dataset (cropped for the purposes of presentation).
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5-Ptych: Press_mm_hg, RH_3, T1, T4,
T_out

Attributes and Descriptions

Press_mm_hg : No description

available.

RH_3: Humidity in laundry room area:
in %

T1: Temperature in kitchen area: in
Celsius

T4: Temperature in office room: in
Celsius

T_out: No description available.

Final LLM Analysis

"No, there isn't a single, straightforward, direct causal relationship that connects all of
the given attributes - Press_mm_hg, RH_3, T1, T4, and T_out - together. However,
their interconnectedness can be explained by the complex interplay of various
environmental factors within the context of indoor environmental quality. Temperature
and humidity can influence each other, while air pressure changes can impact
temperature distribution and humidity levels. Additionally, outdoor temperature
influences indoor conditions, and HVAC systems can regulate the relationships
between these attributes. While it's possible that external factors could indirectly
influence all of these attributes as a group, a direct, causal relationship between all of
them as a group is not a plausible explanation without additional context or

information."

Original Al Responses

Response #1: , there isn't a single pla le, well-reasoned mechanism that directly connects
ether. While humidity (RH_3), temperature in kitchen area (T1),
n (T4), an essure (Press_mm_hg) can be interrelated in various VS,
and the outdoor temperature (T_out) is le ar. The
changes in pressure directly influence humidity, kitchen
! and outdoor temperature. While it's possible that external
ould influence all of th ttributes, a direct, causal relationship between all of them as
ot a plausibl lanation without additional context or information.

there is a plaus mechanism that connects th attributes together,

y of variou nvironmental factors influer h other
mechanism primar re s around the concept of indoor
, humidity, and air pressure
1. Humidity (RH_3) and Temperature
eat production in humans,
res can make people feel
n temperature and
ure (T1, T4) and
temperature distribution within a

ntext of H
and Out
oug r , such as natural air infiltration and building insulation.
) esigned to maintain a comfortable indoor temperature
ating the diffi ce betv . Humidity (RH_3) and
_mm_hg r affect air ure by changing the
content of th r, a e d pre re. Furthermore,
ithin a buildi
e there mple, direct causal relationship between these attributes,
their interconn dness can be ined by the complex interplay of various environmental
fac influencing other within the context of indoor environmental quality.

Response #3 there isn't a single plausible, Il-reasoned mechanism that directly conne
all ttri (] attributes - Press_mm_hg, RH_3, T1, T4, and T_out -
lated to ea on the provided descriptions. Pressure and temperature

't an inherent connection to humidity. Temperature and

Figure 9. Detailed Semantic evaluation card for a correlation n-ptych of size n = 5 embedded in

AppEn dataset (cropped for the purposes of presentation).
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As noted, each identified substructure is evaluated using three independent prompt

responses, which are subsequently synthesized into a final semantic evaluation of the

situation. As a result, the total number of large language model interactions scales linearly

with the number of substructures, requiring 4 x number of substructures prompting op-

erations per dataset (three prompts and their synthesis). For datasets with thousands of

substructures, this leads to a considerable number of model queries, making optimization

via matrix masking strategies an important consideration for practical implementation of

the approach.

Table 1 summarizes the number of correlation substructures identified in the corre-

lation graphs of the studied datasets. As shown, the number of embedded substructures

is substantial, particularly for the SuperCond dataset, where the counts of higher-order

n-ptychs reach tens of thousands. Even for the smaller AppEn dataset, hundreds of sub-

structures are detected, indicating that exhaustive analysis without prior correlation space

pruning would be computationally demanding. Increasing the correlation threshold of

o-masking via the « parameter reduces the number of detected substructures across both

datasets significantly, highlighting the need for the proper filtering of the correlation matri-

ces and graphs.

Table 1. Summarization of the number of correlation substructures embedded in the correlation

graph of the studied datasets.

Number of n-Ptychs

Dataset Number of Attributes Number of Instances N—3 n—d4 n—s Number of Hotspots
a=0.1

Appliance energy 21 19,735 174 254 252 6

Superconductivity 73 21,263 3554 14,969 48,265 10,248
a=02

Appliance energy 73 21,263 135 150 97 13

Superconductivity 59 21,263 2822 10,741 30,858 5954

In contrast to the substructure-level analysis, Tables 2 and 3 focus on the consistency

of the binary judgments of large language models incorporated into the proposed solution

and on how the ensemble behaves when individual model responses disagree. Table 2

presents the distribution of unanimous and split decisions, together with Fleiss’ x, offering

an overview of the inter-ensemble agreement in the two datasets.

Table 2. Analysis of decision-making of the utilized large language model ensemble.

AppEn SuperCond
Unanimous YES 54% 77%
Unanimous NO 16% 2.5%
2 x YES:1 x NO split 16% 10.25%
1YES: 2 x NO split 14% 10.25%
Fleiss’ x 0.534 0.415

The distribution of responses in Table 2 indicates that the utilized ensemble is skewed

toward positive responses, particularly in the SuperCond dataset. However, for both
of the datasets, the examined relationships are well established and therefore naturally

supported by the models. The agreement values measured with the use of Fleiss’ x further

confirm this interpretation: an agreement level of 0.534 for the AppEn dataset and 0.415
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for the SuperCond dataset suggest that, although the individual model responses are not
aligned, they frequently converge on the same decision. The lower value for SuperCond is
consistent with a larger number of cases in which the model detects a plausible relationship
but remains less certain about its exact semantic support. Overall, the results point to the
fact that the ensemble is capable of stable decision-making, while still retaining enough
variability to reflect uncertainty in borderline cases.

The comparison with ground truth, supported by the literature focused on the studied
datasets [20,22], confirms that the ensemble achieves moderately high decision-making
quality on both datasets. Out of 150 randomly selected substructures, the accuracy reaches
86.4% for AppEn and 91.1% for SuperCond. The main incorrect identifications of relation-
ships semantics in AppEn are false positives on noise variables rv1 and rv2, as well as false
negatives in physically distant room pairs, where the relationship is indirect and can be in-
fluenced by the heating, ventilation, and air conditioning system. In the SuperCond dataset,
the dominant source of incorrect decision-making is the under-detection of relationships
in larger substructures, meaning that more complex relational patterns are harder for the
model to resolve consistently.

In addition to the aforementioned quality metrics, an ablation study of individual
models in the ensemble was conducted. The results of this ablation, presented in Table 3,
provide information on the contribution of individual models to the ensemble outcome.
In both studied datasets, the individual large language models (m1-m3) are taken out of
the ensemble; hence, all pairs of models are evaluated. For the AppEn dataset, the highest
consistency with the full ensemble is observed for m3, which agrees with the ensemble
in 98% of decisions, while m1 shows the lowest agreement at 82%. In terms of accuracy,
the combination m1, m3 performs best among the reduced ensembles, reaching 87.5%,
which is even slightly higher than the full ensemble result. This indicates that the third
model plays an especially important role in the final decision pattern for the AppEn dataset.
For SuperCond, all ablations remain close to the ensemble baseline, with particularly strong
consistency for the combinations m2, m3 and m1, m3. The full ensemble still provides the
best performance overall, but the ablation study shows that the ensemble behavior is robust
and that no single model alone fully captures the decision pattern.

Table 3. Analysis of decision-making quality for large language model ensemble ablations.

Model AppEn SuperCond
ml 82% 91.1%
m2 88% 88.6%
Percentage of decisions m3 98% 91.8%
consistent with the ensemble m2, m3 949 98.8%
ml, m3 92% 97.5%
ml, m2 88% 96.8%
ml 68.8% 89.5%
m2 75% 88.4%
m3 78% 90.5%
Accuracy m2, m3 81.2% 90.5%
ml, m3 87.5% 91.8%
m1, m2 81.2% 91.1%
full ensemble 86.4% 91.1%
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However, it should be noted that all three ensemble components correspond to inde-
pendent responses generated by the same underlying large language model, differing only
in the prompt realization rather than in model architecture. Consequently, the ablation
analysis does not capture diversity between different models but instead evaluates the
effect of aggregating multiple stochastic interpretations of the same semantic task. In this
setting, the results indicate that combining three independent evaluations leads to more
stable and accurate decision-making than relying on a single response or any reduced
two-response configuration, highlighting the benefit of ensemble-style reasoning even
within a single-model framework.

3.3. Comparative Analysis of Visualization Approaches to Semantic Evaluation of
Correlation Analysis

The final part of the evaluation focuses on the comparative analysis of the proposed
approach with three alternative methods for semantic interpretation of correlation struc-
tures: the basic manual workflow, the diagnostic sheet visualization presented in [10],
and the causal heatmap method introduced in [11]. These approaches differ not only in
their level of automation but also in the type of relationships that they analyze and the
form of their outputs.

In the manual approach, individual correlation substructures are first identified and vi-
sualized separately—the task, which can be done using software tools. However, each of the
identified substructures is then semantically evaluated using external knowledge sources
such as literature, online materials, or large language models. Naturally, the method
is inherently time-demanding and labor-intensive. As the number of substructures in-
creases, this approach quickly becomes impractical and impossible to conduct, especially
for high-dimensional datasets.

Diagnostic sheet visualization represents a more structured and automated alternative,
and is conceptually closest to the model proposed in this work. Figure 10 visualizes this
method applied on the AppEn dataset, where the relationship between the attribute pair
T1 and T8 is selected for large language model semantic analysis. The main difference
between the two approaches is that the diagnostic sheet method is limited to pairwise
relationships, operating on correlation heatmaps and evaluating only single attribute pairs
at a time. This restriction reduces its applicability in more complex analytical scenarios,
where relationships among multiple attributes need to be considered simultaneously.
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Figure 10. Diagnostic sheet visualization of the AppEn dataset (cropped for the purposes of presentation).
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The causal heatmap approach introduces a different perspective by incorporating
large language model reasoning directly into the correlation matrix through reweighting of
its elements. Instead of producing linguistic semantic evaluations, the method modifies
correlation coefficients using a predefined familiarity coefficient w, effectively suppress-
ing coincidental relationships and emphasizing the semantically supported correlations.
In Figure 11, such a causal heatmap is presented for the AppEn dataset. As can be seen,
the visualization focuses more on the strength of the relationship supported by seman-
tic analysis conducted by the large language model than on the linguistic description of
relationships in the dataset.
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Figure 11. Causal heatmap visualization of the AppEn dataset.

As shown in Table 4, the proposed Semantic evaluation cards can be contrasted with
the other software-based solutions in several ways—the method focuses on sets of attributes
instead of pairs, it supports filtering and sorting, which significantly improves usability
when working with large numbers of detected substructures, and features sophisticated
three-fold prompting and interactivity with the visual model.
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Table 4. Summarization of basic properties of the proposed method in comparison with other seman-

tic evaluation methods used in correlation analysis.(v'—the property is included in the approach,

x—the property is not included in the approach. )

Diagnostic Sheets

Causal Heatmaps

Semantic Evaluation
Cards

Correlation of

Correlation of

Correlation of

Model focus . . . . subset of attributes
attribute pair attribute pair
(substructure)
Output type Visual, linguistic Visual, numeric Linguistic, visual
Correlation map, Semantically Correlation substructure
Output diagnostic description evaluated and its semantic
of attribute pairs correlation map evaluation
Filtering X X v
Sorting X X v
Interactivity v X v
LLM model ChatGPT 4.0 Gemini 2.5 Mistral-7B-Instruct-v0.2
Direct prompting Three-fold prompting
Prompting approach Direct prompting with set rigid and synthesis of partial
evaluation structure responses
Sem;.mnc a.malys.1 S Modified correlation Semantic analysis
of relationship defined . g .
SR analysis of a dataset of a complex relationship
by a specific pair focused on suppressin, within a specific set
Use case of attributes and the PP & P

of attributes defined by
the value of correlation
coefficient

coincidental (non-causal)
and highlighting real-world
relationships in data

value of correlation
coefficient measured
between them

3.4. Advantages and Limitations of the Proposed Approach

The proposed Semantic evaluation card environment introduces several notable ad-
vantages in comparison to existing approaches for semantic interpretation of correlation
structures, namely:

e The method enables the evaluation of entire subsets of attributes rather than restricting
the analysis to pairwise relationships. This allows for a more expressive representation
of complex, higher-order dependencies within multidimensional datasets, where inter-
actions between multiple variables are often essential for meaningful interpretation.

*  Another important advantage is the interactive nature of the proposed environment.
The system supports filtering, sorting, and detailed exploration of individual semantic
evaluation cards, which was positively evaluated in a preliminary user study con-
ducted with five computer science graduate students. Participants highlighted the
clarity of the interface and the usefulness of the interactive features, particularly in
terms of navigating large numbers of detected substructures.

*  From a quantitative perspective, the large language model-based semantic evaluation
achieved an average accuracy of 88.5% across the evaluated datasets, indicating a
strong level of agreement with ground-truth interpretations derived from domain
literature and dataset documentation.

Despite these advantages, the proposed approach also exhibits two main limitations:

e The primary drawback is its computational complexity, which scales as O(s(3 + 1)t?),
where s denotes the number of embedded substructures and ¢ represents the maximal
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number of tokens in the model response. In the conducted experiments, performed
locally on an Apple M2 machine (8-core CPU), the evaluation of a single embedded
substructure required approximately 45 s. This represents a substantial computa-
tional cost when compared to previous approaches. For instance, diagnostic-sheet-
based methods exhibit a complexity of O(n x t2), where n denotes the number of
correlation pairs, while causal heatmap approaches scale as O(n?) with respect to
the number of correlation pairs submitted for analysis. As a result, the proposed
method becomes significantly more expensive in scenarios involving large numbers
of higher-order substructures.

*  Another limitation of the approach is its restricted applicability domain. The method
is primarily designed for quantitative attributes and shows reduced reliability when
applied to label-encoded categorical variables. Furthermore, it is not yet suitable for
time-series data or scenarios involving auto-correlation, where temporal dependencies
require specialized modeling techniques beyond the current framework.

4. Conclusions

Semantic evaluation of correlation-based relationships is a fundamental step toward
extracting knowledge from multidimensional datasets. Hence, in this work, a novel ap-
proach to the process utilizing large language models and interactive visualization called
Semantic evaluation cards was introduced. Unlike traditional methods focused on cor-
relation of attribute pairs, the proposed approach enables the analysis of higher-order
structures such as correlation n-ptychs and hotspots.

The results of this study show that the presented method effectively distinguishes
between relationships that are semantically supported by domain knowledge and coin-
cidental ones, while the interactive card-based environment enhances usability through
filtering, sorting, and detailed examination of correlation substructures. However, the ap-
proach introduces a notable computational cost, as each substructure requires multiple
model interactions, which becomes significant for datasets with large numbers of embed-
ded substructures. When compared to the previously designed approaches, Semantic
evaluation cards offer a balanced trade-off between interpretability and analytical depth
while reducing the manual effort required in basic workflows, extending beyond the
pairwise limitations of diagnostic sheets and providing more interpretable outputs than
causal heatmaps.

In the scope of future work in the area, the most significant problem remains the
computational costs of the approach, which can be lowered using a combination of parallel
computing approaches, the addition of priority to individual substructures, where the
substructures will be sent to the large language model in batches based on this priority,
and sophisticated correlation structure pruning methods.
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