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ABSTRACT: It is known that correlation does not imply causality. Some relationships identified in the analysis of data
are coincidental or unknown, and some are produced by real-world causality of the situation, which is problematic,
since there is a need to differentiate between these two scenarios. Until recently, the proper—semantic—causality of the
relationship could have been determined only by human experts from the area of expertise of the studied data. This
has changed with the advance of large language models, which are often utilized as surrogates for such human experts,
making the process automated and readily available to all data analysts. This motivates the main objective of this work,
which is to introduce the design and implementation of a large language model-based semantic causality evaluator
based on correlation analysis, together with its visual analysis model called Causal heatmap. After the implementation
itself, the model is evaluated from the point of view of the quality of the visual model, from the point of view of the
quality of causal evaluation based on large language models, and from the point of view of comparative analysis, while
the results reached in the study highlight the usability of large language models in the task and the potential of the
proposed approach in the analysis of unknown datasets. The results of the experimental evaluation demonstrate the
usefulness of the Causal heatmap method, supported by the evident highlighting of interesting relationships, while
suppressing irrelevant ones.

KEYWORDS: Correlation; causality; correlation analysis; large language models; visualization

1 Introduction

Correlation analysis is frequently used in a broader scope of analysis of data to identify interesting
functional relationships in the studied data. However, these relationships can be reflective of reality, where the
two studied attributes influence each other’s values—making such a relationship causal—but also can only be
present in the specific measured data instances. Correlation and causality are closely related concepts, with
correlation analysis often serving as a starting point for investigating whether deeper causal mechanisms are
present [1].

Recently, large language models have been used as a system component with the potential to act as
human expert surrogates, capable of bringing broad, real-world knowledge into analytical workflows [2,3].
When considering the semantic evaluation of causality of relationships identified in data, causality assess-
ment requires such human experts from the domain of the studied data to judge whether an observed
relationship is plausibly causal or coincidental/unknown. This dependence on expert judgment can be time-
consuming, significantly limits the scalability of the task, and depends on experts for areas of expertise, where
there might be only a few of them.
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This motivated the core idea of the presented study—the application of large language models in the
task of semantic evaluation of the real-world causality of relationships identified via standard correlation
analysis. Unlike conventional causal methods that rely purely on statistical models and tests, this approach
leverages the online nature of large language models, making them able to assess the real-world familiarity
and plausibility of relationships even in previously unseen datasets, offering a complementary approach to
traditional expert- or statistics-driven causal analysis. In this way, the study contributes a novel visual analysis
method that uses large language models to semantically evaluate the causal plausibility of relationships
initially discovered through correlation analysis.

Hence, objectives of the work can be summarized into the following points:

« Design of procedure in which large language models are used to semantically evaluate the causality
of relationships identified in correlation analysis and produce novel, weighted coefficient value, which
reflects this evaluation.

« Design of a visual analysis method called Causal heatmap to present the results of the causal evaluation
process in a visual way.

« Implementation of the causal evaluator and Causal heatmap in Python language to produce an open-
source solution for semantic causal analysis of relationships in data.

o Experimental evaluation of the proposed model conducted on the combination of two datasets, two
different causal evaluation problems, and three different evaluatory points of view—the quality of the
visual model, the quality of semantic causal evaluation based on large language models, and comparative
analysis of the method with conventional approaches.

Other than the introduction itself, the presented work consists of four main sections of text. Section 2
briefly examines scientific literature related to the objectives of the work, focusing on the use of large language
models as surrogates for human experts. In Section 3, the design for the proposed causal evaluation workflow
and visualization model are presented. The implementation and experimental evaluation of the model are
detailed in Section 4, while the work concludes with Section 5, addressing advantages, disadvantages, and
possible future work ideas related to the studied area.

2 Related Works

As stated in the introductory section of this text, this work aims towards the use of large language models
as surrogates for human experts, which would identify known causality and/or novel relationships in the
studied data. The utilization of large language models as a human expert surrogate is well documented in
several research outputs, out of which this section of the work presents only a few modern results.

In [4], authors focus on the application of large language models to process the textual representation
of molecules studied in various areas of molecular science. Since the previous language model-based
approaches to the task proved ineffective, the authors introduce GIT-Mol—a multi-modal large language
model capable of working with visual and textual information—together with a novel architecture called
GIT-Former. These novel contributions are reported to increase the accuracy of molecular property
prediction by up to 10% and the quality of molecule generation by up to 20%.

The authors of [5] present the use of a large language model in the context of energetics—specifically,
the model is used to determine the partial tripping of distributed energy resources based on the properties
of interest. In the study, the authors utilize a BERT-based approach to streamline the fault information into
tokenized input, which, on one hand, reduces the complexity of machine learning models needed for the
selected task and, on the other, demonstrates the high quality of performance on limited sets of data.
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The research presented in [6] focuses on the human interaction with radio map generation and wireless
network planning, which often requires complex manual operations, limiting the use of automation in
the problem. To counter this constraint, the authors of the work propose a large language model-based
solution, in which the model autonomously generates radio maps and facilitates wireless network planning
for specified areas, hence minimizing the need for extensive human-computer interaction. The reached
results prove that the large language model utilization in the task reduces the amount of manual operations
needed, while achieving enhanced coverage and signal-to-interference-noise ratio.

On the other hand, the research presented in [7] aims to apply large language models for remote sensing
data. The authors of the study introduce three novel additions to the area—a large-scale remote sensing
instruction tuning dataset, a SkyEyeGPT language model specifically designed for remote sensing, and a
two-stage tuning method for the enhancement of instruction-following of the large language model in the
selected task. Experimental results show that the combination of the three novel outputs produces superior
outputs to the most conventional modern approaches.

The work presented in this study encompasses diagnostic analysis of data based on the correlation
analysis and the determination of causality of relationships identified in it based on a large language model-
based evaluator. This objective is a form of continuation of the previous research presented in [8,9] in
which a correlation matrix was linguistically described by a large language model as shown in Fig. 1. In
this previous approach, a correlation matrix is constructed, then a large language model generates a brief
linguistic description for each of the identified relationships, and lastly, the matrix is supplemented by
diagnostic cards, which describe the relationships.
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Figure 1: Schematic visualization of the approach presented in [8,9].

Since such a diagnostic analysis visualization of correlation matrices commonly contained mixed results
and a high number of unnecessary descriptions, the results point to the need for the use of methods
which highlight the causality or novel, unknown relationships in the correlation matrix. This motivates the
utilization of large language models as causal evaluators of correlation analysis presented in the work detailed
in this text.

3 Semantic Causal Analysis Utilizing Large Language Models

The original approach to semantic causal analysis of multidimensional datasets presented in this work is
composed of the three basic building blocks—correlation analysis, large language models, and visualization.
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In this section of the text, each of these elements of the method and their use in the causal analysis
are described.

The foundation of the proposed model is correlation analysis, a statistical method for the identification
of the strength and direction of functional relationships between pairs of attributes in a multidimensional
dataset [10]. These relationships are described using correlation coefficients, which produce values from the
[-1,1] interval—where the absolute value denotes the strength of the relationship between the measurements
of studied attributes and the sign denotes the direction of this relationship. Naturally, the further the value
of the correlation coefficient is from 0, the stronger the relationship itself.

In the conventional correlation analysis, two types of correlation coeflicients are used—the Pearson
correlation coefficient for the linear relationships, and the Spearman rank correlation coefficient for non-
linear monotone relationships. The first of the mentioned correlation coeflicients measured on attributes
attr and attryg is computed as follows [11]:

Y (attrai — p(attry))(attrgi — u(attrg))
Vi (attrai — u(attry)) /S (attrgi — u(attrp))?
where u(attr) is the mean value of the attribute attr and » is the number of measurements of values for the

considered attributes. However, since the Pearson correlation coeflicient strongly depends on mean values
of attributes, its values are significantly influenced by non-normal distributions and outliers.

r(attry, attrg) =

(1)

These disadvantages motivate the use of the Spearman rank correlation coefficient computed as [12]:

6y d?

“n(n?-1) @)

p(attry,attrg) =1
where d denotes the difference between ranking of i-th measurements for the considered attributes. This
ranking is assigned to individual values of an attribute in an ascending order; therefore, the specific values
are abstracted from which makes the work with outliers and other than normal probabilistic distributions of
attribute values possible.

Naturally, correlation between the values of two attributes can be the result of either real-world known
causality of the relationship, or some other aspect—such as unknown or coincidental relationships. To
identify the level of familiarity in linguistic, human-centric form, one can classify discovered relationships
into five categories, such as:

known
less known
relationship(attrs, attrg) = { neutral (3)

less unknown

unknown

Each of these categories can be assigned to the studied relationship between a pair of attributes by a
human expert from the domain of the data or by their surrogate in an automized system, such as a large
language model as proposed in this study. This evaluator of relationship familiarity can, then, use these
linguistic values to produce a value for the familiarity level coefficient (w) in two ways, based on the objective
of the analysis:
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« In the case, the objective of the data analysis is the identification of new relationships, the w coefficient
should increase for less known relationships and decrease for well-known relationships, such as:

0.1, ifthe relationship is known
0.3, if the relationship is less known
w(attry, attrg) =10.5, if the relationship is neutral (4)

0.7, if the relationship is less unknown

1, if the relationship is unknown

o In such a case, when the objective of analysis is the causality identification, the w values should be
assigned in the opposite way:

1, if the relationship is known
0.7, if the relationship is less known
w(attry, attrg) =10.5, if the relationship is neutral (5)

0.3, ifthe relationship is less unknown

0.1, ifthe relationship is unknown

After the determination of the familiarity level coefficient value for each of the attribute pairs, simple
weighing of correlation values is computed as the semantic causal coefficient (caus):

caus(attry, attrg) = w(attry, attrg) - corr(attry, attrpg) (6)

When applied to the whole set of correlation coefficients of a dataset, the approach produces a causal
matrix constructed as follows:

attry attrg attrc
attry 0 caus(attry, attrg) caus(attry,attre)
attrg caus(attrp, attry) 0 caus(attrg, attrc) ... (7)

attrc caus(attrc, attry) caus(attrc,attrp) 0

This procedure should maintain the relationships of interest based on the objective of analysis, while
suppressing the less interesting values (pushing them closer to 0), and not inflating values on the edge, which
can be of interest, but also can be uninteresting. The whole presented procedure can be summarized in the
schema in Fig. 2.

As can be seen in the figure, the last step of the proposed model consists of visualization of the
causal matrix in the form of a causal heatmap, presented in Fig. 3. This visualization is composed of three
basic sections—the main one being the heatmap itself (Fig. 3b), which contains the values of causal matrix
visualized using color from the specified palette (Fig. 3a); the last part of the visualization (Fig. 3¢) presents
the sum of familiarity level coefficient (}(w)) visualized as bar graph for the purposes of analysis of
familiarity levels related to individual attributes.

Therefore, the presented approach produces a visual model for the analysis of pairwise relationships in
the studied data, which can be used as a part of diagnostic analysis of data and to identify novel knowledge
from the data itself.
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attribute pairs attribute values
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Figure 2: Schematic flowchart of the proposed approach.
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Figure 3: Schema of the Causal heatmap, where (a) denotes color scale used in the heatmap, (b) denotes the causal
heatmap itself, and (¢) visualizes the sum of w values.

4 Evaluation of the Proposed Approach

The semantics-based causal evaluation model proposed in the previous section of this work was
implemented in the Python language using several of the conventionally utilized packages for statistical
analysis of data, such as pandas and numpy, and matplotlib and seaborn for visualization of data. To
implement a large language model needed for the causal evaluation of relationships, the Gemini 2.5 Flash
by Google was implemented through its API [13].

In regard to the language model prompting used in the implementation of the proposed model, several
iterations were tested, while the following prompts led to the best performance of the system:
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o Prompting for the problem of identification of novel (unknown) relationship:
Identify general familiarity of the relationship between pairs
of attributes:
{attributes}.
Evaluate these relationships as follows: known = O.l| moderately
known = 0.3
neutral = 0.5 | moderately unknown = 0.7 | unknown = 1.
The data come from the area of {area}.
Print only the pair title and the score.

o Prompting for the task of causality identification:
Identify general familiarity of the relationship between pairs
of attributes:
{attributes}.
Evaluate these relationships as follows: known = l| moderately
known = 0.7
neutral = 0.5 | moderately unknown = 0.3 | unknown = 0.1.
The data come from the area of {area}.
Print only the pair title and the score.

As seen in the final prompts implemented in the causal evaluator, some minor formatting of the language
model output was conducted, together with one crucial element of the prompt—the addition of the domain
(area) from which the data originates. Even though this parameter makes the user input for the model a little
more complex, it also provides additional context for the implemented large language model, which in turn
produces causal evaluation of higher quality.

After the implementation, the proposed model is verified on two datasets—one well known dataset
from the area of sensor data collection, which is conventionally used in benchmarking of decision-making
methods (labeled as Sensor dataset), and one much less known dataset from the domain of graph theory
describing properties of graphical structures (labeled as Graph property dataset). The datasets were selected
for their dissimilarity in areas of expertise and the general familiarity of literature with the datasets. These
dissimilarities are crucial to fair verification of causal evaluation done by the selected large language model
and also provide a more general idea of the properties of the proposed causal evaluation method.

Using these datasets, the proposed method is experimentally evaluated from three points of view—
walkthrough and analysis of visualization component of the model based on Visual Data Analysis and
Reasoning (VDAR) evaluation, evaluation of properties of the selected large language model in the con-
text of causal analysis, and comparative analysis of the proposed approach with other, conventionally
utilized approaches.

4.1 Evaluation of the Semantical Causal Analysis Outputs

The first of the evaluated aspects is the Causal heatmap visualization conducted using the Visual Data
Analysis and Reasoning approach, which focuses on a walkthrough of visual analysis outputs and assessment
of visualization’ ability to support real, meaningful data reasoning and knowledge discovery. Based on this
concept, Figs. 4 and 5 detail the final Causal heatmap visualization for the Sensor dataset in the task of
identification of causality and the task of identification of new relationships, respectively.
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From these visualizations, it is clear that the relationships of the attributes measured in the dataset
are well-known and present in the information available to the implemented large language model. This
is evident from the fact that the w values in the causality identification task are all high (the sum of w
values for each of the attributes is 5, meaning each pair of attributes in possible relationships is evaluated
as well known by the causal evaluator). On the other hand, the familiarity of relationships is confirmed in
the task of identification of new relationships in the dataset, where all of the correlation coeflicient values
were pushed close to 0—caused by the fact that all of the relationships are known. The summarization of the
specific overall w values for individual attributes of the Sensor dataset is detailed in Table 1.
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Figure 4: Causal heatmap visualization for sensor dataset with the task of identification of causality.
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Figure 5: Causal heatmap visualization for sensor dataset with the task of identification of new relationships.

Table 1: Sums of w values for individual attributes of Sensor dataset.

Attribute Z Whyew Z Wcausal
ale 0.5 5
anchor_ratio 0.7
iterations L1 5
node_density 0.7 5
sd_ale 0.5 5
trans_range 0.7 5
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The visualization of Causal heatmaps for both of the considered relationship identification tasks of the
Graph property dataset is presented in Figs. 6 and 7. As opposed to the Sensor dataset, in these cases,
the familiarity of available literature with various relationships between graph properties varies significantly,
which is reflected in the visualizations. As can be seen, both tasks produce diverse values of )" w, which are
presented in detail in Table 2.

In both presented dataset studies, a clear pattern is evident—the two evaluated tasks behave in a
complementary way for extreme values of w. Well-known relationships receive high w scores in the causality-
identification setting and, quite naturally, low scores in the new-relationship identification task, while
unfamiliar relationships show the opposite trend. This consistency indicates that the large language model
correctly distinguishes between familiar and unfamiliar real-world relationships.
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Figure 6: Causal heatmap visualization for graph property dataset with the task of identification of causality.
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Figure 7: Causal heatmap visualization for graph property dataset with the task of identification of new relationships.

Table 2: Sums of w values for individual attributes of Graph property dataset.

Attribute Y whew Y weausal
density 4.7 5.4
diameter 5.1 6.5
girth 6.1 5.5
group_size 73 2.3
independence_number 6.1 6.3
largest_eigenvalue 5.5 72
matching_number 5.9 4.9
number_of_vertices 1.9 9.8

(Continued)
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Table 2 (continued)

Attribute Z Wnew Z Weausal
radius 6.3 4.9
second_largest_eigenvalue 49 6.9
smallest_eigenvalue 5.7 5.4
vertex_connectivity 5.3 6.1

Qualitatively, the Causal Heatmap visualization demonstrates its usefulness, since relationships of
interest are clearly highlighted (using higher coeflicient values), while irrelevant relationships are effectively
suppressed toward zero, supporting efficient semantic causal analysis via the visualization model.

4.2 Evaluation of the Large Language Model Use as the Semantic Causal Evaluator

The second aspect evaluated in this section of the presented work focuses on the use of large language
models as semantic causal evaluators. Since the language model used in the proposed system evaluates the
familiarity of relationships present in data as described above, it is critical for these evaluations (generated w
values) to be as consistent as possible. Even though this property is natural from the point of view of the task
presented in this study, it is unwanted in most cases which utilize large language models to secure natural
language characteristics [14]. Hence, tuning of the input parameters for the large language model is needed—
specifically the parameter of temperature temp € [0, 2] is of interest, since this parameter controls the degree
of randomness in token selection [13].

For the purpose of the analysis of generated w value stability, the model was prompted five times for
each of the dataset—type of task combinations, each with three settings for the temp parameter, specifically
temp € {0,1,2}. For each of these experiments the overall sum of w values of individual attributes (}° w), rank
of the overall ¥ w of individual attributes order lowered to highest value (rank(}. w)), standard deviation
for w values of attributes (¢(}. w)), and standard deviation of ranking of attributes (¢ (rank)) was measured.
The results of this experimental evaluation are presented in Table 3 for the combination of the Sensor
dataset and causality identification task, and in Table 4 for the Graph property dataset and new relationship
identification task.

The results of the experiments conducted on the Sensor dataset in the context of the causality
identification task clearly point to the high stability of the model when the value of the parameter of temp =
0. In this case, both ¢(} w) and o(rank) are equal to 0, which is consistent with the definition of the
temperature parameter, where the higher the value is, the higher the randomness of the generated responses
of the model should be. However, this behaviour is not observed for temp = 1and temp = 2, where there are
no significant differences between the two—for temp = 1the mean of 0(}, w) = 0.412 and o(rank) = 0.982,
while for temp = 2 the mean of 6(} w) = 0.356 and o (rank) = 0.997.

When considering the Graph property dataset in the problem of identification of new relationships
in data, the behaviour of the tuning is similar for ranking values but differs slightly for w values themselves.
Analysing mean values of ranking, the o(rank) = 0.286 for temp = 0, and 1.081 and 1.254 for temp =1 and
temp = 2, respectively, confirming the previous observation. However, the ¢(} w) values point to different
results —temp = 0 produces mean o (Y, w) = 0.563, temp = 1 produces mean o (Y, w) = 0.896, and temp =2
produces mean ¢ (Y, w) = 0.56 making the temperature of 0 and 2 more similar to each other, than in the
previous case.



13

S9T1 9°0 € S ! S I S 4 S I se 3¢ ps
91 o € S I S I S 4 S S L'V oe
¥0 810 I vy I S I S I I'v (4 8¢ suoneR
9911 SCT0 (4 LY I S I S € LY 4 vy Ayisuap~apou
80 9¢°0 I ¥y I S I S (4 vy € v JBuer suen
8¥.L°0 geo 4 Ly I g I g 4 % € 'y oner 1oypue
(yuva)o (mX)o (CoX)uer Sm3 (PoX)uer w3 (fo)uer o3 (Ww)uer o3 (Im)yuer m3 7 = dudy
99T'T 6¥¥°0 I 8¢ [4 S 4 LY € vy I S e ps
Lyl o 4 S (4 S 4 Ly S S I S o
80 6v¥°0 I 8¢ I vy € 'y I 8¢ I G suoneIat
991'T €H 0 ¢ vy I vy 4 L€ i LY I s Aysusp apou
6¥°0 €S¥°0 [4 6'¢ I vy 4 Le (4 I'v 1 S JBuer suexn
80 6950 [4 6'¢ I vy I e € vy 1 S oner Ioyoue
(quva)o (m3X)o (Sw)quexr o ("wIpuer "ol (Co)uer o3 (oX)puer X (mI)yuer o3 I =dud)
0 0 4 S v S v S v S v S 3¢ ps
0 0 4 S 14 g 14 g 14 g 4 S oe
0 0 [4 Le (4 Le 4 Le 4 Le (4 Le suoneIa)I
0 0 € 6'¢ € 6'¢ € 6'¢ € 6°¢ € 6'¢ Aysuap—opou
0 0 € 6°¢ € 6¢ € 6°¢ € 6'¢ € 6'¢ oZuer suen
0 0 I €€ I €¢ I €¢ I €e I €€ oner 1oypue

(yuva)o (mX)o (SoX)quer Sm3 (Po)Muer w3 (Co)quer foX (Ww)uer o3 (Im)yuer w3 0 = dudy

Comput Mater Contin. 2026;87(2):98

se] uonedynuapl %u:.mmﬂwu Uur jasejep L0sua§ I10J anjeAa m Jo %ﬁﬁﬁmum ‘€ 9Iqe],



Comput Mater Contin. 2026;87(2):98

14

(panunuo))

. . . . . . . Toquinu
961 01T 01 79 4 14 9 €y 9 9 9 Le souapuadapur
9911 G880 4 6V S vy 4 6'C € €S S S¢ on[eAusddIsagre]
€e8’1 6860 9 g's 9 Sy [4 6'C 4 4] S g¢ Iajourerp
7680 9080 [4 Sy [4 9¢ 14 Le 4 ¥'e € I'e  ANANOIUU0> X2)19A
91 910°C I 7’8 I L0l 6 €S L €9 I LS oz1s~dnoi3
4! a19°0 S (4 L 8 8 rs S 9 L 'y s
0T 9560 ¢ 8¥ S vy ¢ ge 4 ¥'e [4 LT Ayisuap
€90 980 6 €9 8 9'¢ L Ly 8 L 8 67 snipelr
) ) ) . i ) aneAudado
€90 ¥€L0 14 67 € 4 S 'y 4 ¥'a 14 e 159816 pu0o3s
0T 9590 8 I'9 01 99 I g9 6 €L 01 €S Toqunu Surydyewr
0T 90 L LS 6 8¢ 01 LS 8 L 6 IS on[eAudSd Isaf[ews
0 IS0 I 61 1 € I €1 1 LT 1 ST SIOTLIDA JO IdquUUINU
(quva)o (mXQ)o (CoX)quer wX (Pm)uer "o (foX)uer w3 (o )yuer oX (mI)uer o I =durd)
. . . Joquinu
0 S¥eo L 9 L 9 L g's L 9 L g's souapuadapur
6¥°0 L£9°0 ¢ 8 € 8¥ 4 ge € 8¥ 4 g¢ on[eAusddIsagre
0 ¥s0 € 8 € 8¥ ¢ L'e € 87 € L€ Iajourerp
86°0 86°0 9 6'S 9 6'S 4 6'¢ 9 6'S 14 6'¢  ANADOAUUODTX9)I0A
0 620'T I 68 1T 6'8 I 89 1T 68 I 89 dz1s~dnoid
0 6¥°0 8 89 8 89 8 8¢ 8 89 8 8¢ a3
86°0 790 4 g's 4 g'q 9 9% 4 g'q 9 9% Ayisuap
6%°0 8850 6 6L 6 6L 01 L9 6 61 01 L9 snipelr
) ) ) . ) ) oneAuago—
0 LY1'0 [4 8¢ 4 8¢ [4 ge 4 8¢ [4 ge 1538 e[ pu0as
6¥°0 788°0 01 8 01 8 6 9 01 8 6 9 Tqunu3urydjew
0 ¥8L°0 S LS S LS S 'y S LS S Iy oneausdp Iso[ews
0 0 I €1 I ¢l I €1 I €1 I €1  S9OIIPA™ JO Iaquinu
(yuva)o (mX)o (So)quer wX (o )uer "o (foX)Muer w3 (o)uer o3 (mI)quer o 0 = duy

"se) uonedyrIuapt drysuorje[or mau ur Jasejep A14ada.4d ydv.io 10y anfea m Jo AN[IqeIS :F d[qel,



15

Comput Mater Contin. 2026;87(2):98

Jaqunu

€L9'T 60,0 g 'y € Le g L€ 14 e 8 Ly ssuspuadapur
9911 190 [4 €¢e 1 6’1 € €¢e 4 e ¥ Le anfeauadrojsadre|
Ga8'1 8¢L0 9 L'y i €¢ [4 re € 6C L vy Jeojouwrerp
G601 €970 € L€ 4 €¢ 4 ge € 6T 9 (S RS INSRELSLE VR SIRCTY
€491 LL60 9 LY L Sy 8 €S 8 6% 1T L az1s~dnoid
ac1 88¢°0 9 Ly 9 L¢ [4 Sy 9 6°¢ S 6'¢ a3
860 88¢°0 i4 6°¢ 4 €¢ 4 re 4 LT [4 €€ Ayrsuop
91 GaL0 6 'S 6 s L LYy S Le 6 6'S Sniper
. . . . ) ) ) aneAuagdo—
0’1 vCo € L€ S ge [4 I'e 4 I'e € ge R
01 9.9°0 8 €S 8 Ly 6 9 L Ly 01 €9 Ioqunu Surydjews
01 S¥¥0 L 6% L Sy 9 Sy 6 LS 8 s an[eAUdSIoIsI[RWS
70 ¥7e0 I 6’1 (4 € I ST 1 L1 I €1 SIJMIGA™ JO IaquInu
(quva)o (mX)o (SmI)quexr o (fm)quer o (m)quer o (wI)quer o (Im)quer oY 7 = duwdy

(ponunuod) ¥ Aqe,




16 Comput Mater Contin. 2026;87(2):98

Hence, these results show that temperature significantly influences model stability, with temp =0
yielding consistently low variability, while higher temperatures introduce greater randomness, though not
always in a consistent way. For the purposes of w value generation, the stability of the model should be
highest possible, and therefore, the temp of 0 should be used to produce a dependable causal evaluation of
the relationships.

4.3 Comparative Analysis

As the last part of the evaluation, a comparative analysis is conducted from two perspectives. Firstly,
in the context of causal relationship identification, the proposed approach is compared with the Peter-
Clark algorithm [15] and the Greedy Equivalence Search method [16]. Secondly, within the context of large
language models, the behaviour of Gemini—used as part of the proposed approach—is compared with that
of OpenAI ChatGPT [17] and Anthropic Claude [18], as the currently most popular large language models
in the area.

Both the Peter-Clark and Greedy Equivalence Search methods identify several causal relationships in the
data. However, in comparison to the proposed method, their identification remains purely binary, indicating
only the presence or absence of a relationship without providing any evaluation of its strength. On the other
hand, the proposed method not only identifies the causal relationships, but also supplements their evaluation
via causality coeflicient values, enabling the classification of relationships into multiple categories based on
their relative strength.

Figs. 8 and 9 present the results obtained using the standard Peter-Clark algorithm and the Greedy
Equivalence Search method, respectively, for the Sensor dataset. Both approaches produce similar results,
identifying a few notable causal relationships among the dataset attributes. Specifically, both methods iden-
tify the relationships ale — sd_ale, ale — iterations, ale — node_density, and sd_ale — node_density as
causal. Additionally, the Peter-Clark algorithm identifies node_density — trans_range as a causal relation-
ship of interest, while the Greedy Equivalence Search method includes sd,le — trans_range alongside the
relationships common to both approaches.

anchor _ratio - 0 0 ] 0 ] 0

o
o
o

trans_range -

o

node_density -

iterations - (o] 0 . 0
“ 0 0 .. o .
sd_ale - 0 [} 0 - 0

_range -
sd_ale -

node_density -

anchor _ratio -
trans_ran
iterations -

Figure 8: Heatmap of Peter-Clark algorithm for sensor dataset.
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Figure 9: Heatmap of greedy equivalent search approach for sensor dataset.

The method proposed in this study identifies ale —sd,le, sd,le —node_density, and ale —

node_density as strong relationships of interest, with causality coefficient values of |caus(attra, attrg)| ~
0.8. The relationships ale — iterations and node_density — trans_range can be classified as medium to
lower-medium strength, with causality coeflicients of —0.4 and —0.27, respectively. Finally, the sd_ale —
trans_range relationship exhibits a low causality coefficient of 0.044, indicating weak causal influence.

For the Graph Property dataset, the differences between the results obtained using the proposed

approach and those produced by conventional models are more pronounced. Figs. 10 and 11 present
the results of the conventional methods, both of which reveal a relatively large set of identified causal
relationships. In contrast, the proposed semantic-causal approach identifies a smaller subset of relationships,
which can be further categorized according to their inferred strength as follows:

Strong causal relationships include the relationship between number_of,ertices and
matching_number, with a causality coefficient of caus(number_of_vertices, matching_number) =
0.82, as well as the relationship between number_of _vertices and independence_number,
which exhibits a high causality coefficient of 0.94. Additionally, the relationship
between matching_number and independence_number is classified as strong, with
caus(matching_number, independence_number) = 0.76.

Medium-strength relationships can also be observed in the dataset. These include the relationship
between number_of_vertices and radius, with a causality coeflicient of 0.43, and the relation-
ship between matching number and density, which shows a moderate causal influence with
caus(matching_number, density) = —0.41. Furthermore, the second_largest_eigenvalue exhibits
medium-strength causal relationships with both vertex_connectivity and diameter, characterized
by causality coefficients of —0.39 and 0.53, respectively. Finally, the relationship between density and
independence_number can also be classified as medium strength, with a causality coefficient of —0.66.
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Figure 10: Heatmap of Peter-Clark algorithm for graph property dataset.
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Figure 11: Heatmap of greedy equivalent search approach for graph property dataset.

When comparing the results of the proposed method with those obtained using conventional
approaches, it becomes evident that the original proposed method presents more strict strategy to the
identification of causal relationships. However, besides the identification of relationships themselves, the
proposed method evaluates them quantitatively through the use of causality coefficient values, providing a
more nuanced assessment than binary causal discovery methods.
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The second aspect of comparative analysis focuses on the utilization of large language models in the
evaluatory process. Table 5 presents a comparison of w values and their corresponding rankings for semantic-
causal evaluation of attributes in the Sensor dataset obtained using OpenAl ChatGPT and Anthropic
Claude. Overall, the results and stability of the evaluated models are largely comparable across all three of
the considered large language models. Significant differences between the models are present in terms of
output consistency and suitability for automation necessary for the considered task. ChatGPT disregards the
specified output formatting in approximately 30% of cases, frequently introducing additional explanatory
text or introductory sentences. Such behaviour reduces the feasibility of automated processing, which is
a critical requirement of the proposed approach. Furthermore, Claude consistently ignores the formatting
constraints defined in the prompt, rendering full automation not possible.

Table 6 presents the corresponding comparison for the Graph_Property dataset, where more pro-
nounced differences among the models are observable. In this case, ChatGPT assigns an identical w value
of 0.5—indicating a neutral relationship—to all evaluated attribute pairs. This, combined with additional
model outputs, points to the fact, that the model is unable to perform meaningful evaluation under the given
prompt and would require additional contextual information. Conversely, Claude produces w values and
rankings that are broadly consistent with those generated by Gemini; however, it continues to disregard the
required output formatting, limiting its applicability within an automated evaluation pipeline.
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5 Conclusion

Correlation and causality are frequently examined together, as correlations often motivate deeper causal
investigation of the situation identified in data. This study introduces a visual analysis method that utilizes
large language models to assess the semantic causality of relationships initially identified through correlation
analysis. The proposed approach was experimentally evaluated from two perspectives—its visualization
design and its large language model-based causal evaluation, where both of the components produced results
deemed satisfactory, while several advantages and disadvantages of the method became evident.

The proposed approach offers several advantages, including automatic semantic causality evaluation
rooted in real-world familiarity of relationships, clear highlighting of causal or novel relationships while
suppressing weak ones, and the ability to highlight attributes where relationships are well known or largely
unexplored. The main disadvantages involve a degree of unstable behaviour of the large language model,
which is expected to diminish as future large language model generations improve, and the need for proper
labelling of attributes to ensure reliable assessment of the real-world plausibility of relationships.

In future work conducted within the studied area, the visualization of the direct and indirect semantic
causality based on large language model causal evaluation needs to be explored via graphical models—
two of such causal structures are obvious as extensions of the presented work—causal graphs and causal
chains. Secondly, the 5-tier classification of the familiarity of a relationship used in this study can be further
replaced with 7-, 9-, or more tiered approaches; the influence on semantic causal evaluation of which needs
to be examined.
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