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Preface

It is our great pleasure to present this collection of research papers from the 12th Inter-
national Conference on Computational Science and Computational Intelligence (CSCI
2025). This volume, titled “Emerging Trends in Data Science and Cyber Warfare”, com-
prises selected papers accepted in the Research Tracks on Big Data and Data Science
(CSCI-RTBD); and Cyber Warfare, Cyber Defense, & Cyber Security (CSCI-RTCW).
The conference was held in Las Vegas, Nevada, USA, from December 3 to December
5, 2025.

The CSCI 2025 International Conference brought together papers from a diverse
array of communities, including researchers from universities, corporations, and govern-
ment agencies. Accepted papers are published by Springer Nature, and the proceedings
showcase solutions to key challenges in various critical areas of Computational Science
and Computational Intelligence.

Computational Science (CS) is the study of addressing problems that are impossible
to solve (or difficult to solve) without computers. CS can be considered to be the bridge
between computer science and other sciences. The field is interdisciplinary by nature and
includes the use of advanced computing capabilities to understand and solve complex
problems. In short, CS is the science of using computers to do science. Computational
Intelligence (CI) is the study of computational methods that exhibit intelligence. These
methods adapt to changing environments and changing goals. There is a significant
overlap between the fields of CI and Artificial Intelligence (AIl). However, there is also
a difference: Al techniques often involve top-to-bottom methods (i.e., methods to reach
solutions are imposed from the top) whereas CI techniques often involve bottom-up
methods (i.e., solutions emerge from unstructured beginnings). An important part of CI
includes a set of Nature-inspired computational approaches to address complex problems
for which traditional methods are infeasible. Computational Science and Computational
Intelligence both share the same objective: finding solutions to difficult problems. How-
ever, the methods to reach the solutions are different. The main objective of the CSCI
Conference is to facilitate increased opportunities for cross-fertilization across CS and
CIL

Considering the above broad outline, the CSCI 2025 International Conference was
composed of the following focused Research Tracks:

Artificial Intelligence (CSCI-RTAI); Big Data and Data Science (CSCI-RTBD);
Computational Science (CSCI-RTCS); Computational Intelligence (CSCI-RTCI); Com-
putational Biology (CSCI-RTCB); Cyber Warfare, Cyber Defense, & Cyber Security
(CSCI-RTCW); Signal & Image Processing, Computer Vision & Pattern Recognition
(CSCI-RTPC); Smart Cities and Smart Mobility (CSCI-RTSC); Education - CS & CE
(CSCI-RTED); Health Informatics and Medical Systems (CSCI-RTHI); Mobile Com-
puting, Wireless Networks, & Security (CSCI-RTMC); Software Engineering (CSCI-
RTSE); Internet of Things & Internet of Everything (CSCI-RTOT); Social Network
Analysis, Social Media, & Mining (CSCI-RTNA); Cloud Computing and Data Centers
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(CSCI-RTCC); Parallel & Distributed Computing (CSCI-RTPD); and Large Language
Models (LLM). The scope of each track can be found at: https://www.american-cse.org/
csci2025/topics and https://www.american-cse.org/LLM2025/topics

An important objective of the CSCI 2025 International Conference and its associated
Research Tracks was to foster opportunities for cross-fertilization between the fields
of Computational Science and Computational Intelligence. The CSCI Conference is
deeply committed to promoting diversity and eliminating discrimination, both in its role
as a conference organizer and as a service provider. Our goal is to create an inclusive
culture that respects and values differences, promotes dignity, equality, and diversity,
and encourages individuals to reach their full potential. We are also dedicated, wherever
possible, to organizing a conference that represents the global community. We sincerely
hope that we have succeeded in achieving these important objectives.

The Steering Committee and the Program Committee would like to extend their
gratitude to all the authors who submitted papers for consideration. CSCI 2025 received
submissions from 48 countries, with approximately 48 % of them coming from outside the
United States. Each submitted paper underwent a rigorous peer-review process, with at
least two experts (an average of 2.5 referees per paper) evaluating the submissions based
on originality, significance, clarity, impact, and soundness. In cases where reviewers’
recommendations were contradictory, a program committee member was tasked with
making the final decision, often consulting additional referees for further guidance. The
CSCI Conference followed the guidelines of COPE (Committee on Publication Ethics):

e Typical submissions underwent a single-blind peer review process, in which the
authors remain unaware of the identities of the reviewers, while the reviewers are
informed of the authors’ identities.

e Papers authored by one or more members of the program committee, including co-
chairs, were subjected to a double-blind peer review process, ensuring that neither
the authors nor the reviewers were aware of each other’s identities or affiliations.

The Research Track on Big Data and Data Science (CSCI-RTBD) received 98 sub-
missions, of which 19 papers were accepted, resulting in a paper acceptance rate of
19%; we selected only 13 papers for this volume. The Research Track on Cyber War-
fare, Cyber Defense, & Cyber Security (CSCI-RTCW) received 184 submissions, of
which 39 papers were accepted, resulting in a paper acceptance rate of 21%; we selected
only 27 papers for this volume. A total of 40 papers are included in this volume.

We are deeply grateful to the many colleagues who contributed their time and effort
to organizing the CSCI 2025 Conference. In particular, we extend our thanks to the
members of the Program Committee, the Steering Committee, and the referees. We
would also like to express our appreciation to the primary sponsor of the conference,
the American Council on Science & Education. The list of members of the Program
Committee for each track can be found at: https://www.american-cse.org/csci2025/com
mittees

We extend our heartfelt gratitude to all the speakers and authors for their valuable
contributions. We would also like to thank the following individuals and organizations
for their support: the staff at the Luxor Hotel (an MGM property, conference/meeting
department) and the staff of Springer for their assistance in various aspects of the event.
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Preface vii

We are pleased to present the proceedings of CSCI 2025 (selected papers of CSCI-
RTBD and CSCI-RTCW Research Tracks). These proceedings represent a collection of
outstanding research contributions that reflect the diversity and depth of work in Data
Science and Cyber Warfare.

December 2025 Hamid R. Arabnia
Leonidas Deligiannidis

Farzan Shenavarmasouleh

Farid Ghareh Mohammadi

Soheyla Amirian
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Q-Gini: A Multidimensional Inequality Index
with Isolation of Its Causal Drivers

Ray Hashemi!®_ Omid M. Ardakani?, Rushmila Shabneen!, and Azita G. Bahrami®

1 Department of Computer Science, Georgia Southern University, Savannah, GA, USA
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Abstract. The univariate Gini (U-Gini) index is the gold standard for quantify-
ing the inequality for a population in reference to a socioeconomic factor such as
income, wealth, health, education, etc. However, the U-Gini’s focus on a single
factor (dimension) does not fully capture inequality in a population. We introduce
anew Gini index (Q-Gini) delivering the inequality for multi-socioeconomic fac-
tors. The Minimum Squared error approach is used to validate the Q-Gini index by
establishing its performance superiority over the U-Gini index. A Modified Neigh-
borhood Clustering is introduced to reduce the multidimensions of the dataset into
a set of neighborhoods and then validate the new Q-Gini for the neighborhoods.
We also isolate the causal impacts of socioeconomic factors on the Q-Gini. Such
isolation is essential because the causal drivers represent targets for intervention by
policymakers. The results revealed the performance superiority of Q-Gini over U-
Gini in both cases of the non-reduced and reduced dimensions of the dataset. Also,
the isolated causal impacts validated the Q-Gini’s sensitivity to these fundamental
socioeconomic forces.

Keywords: Gini Index - Multidimension Gini Index - Causal impact

1 Introduction

The use of the Gini index (to be precise, univariate Gini—U-Gini) is common for quan-
tifying the inequality for a given attribute (dimension), A, of a population. The U-Gini
index for A is calculated using formula (1),

U — Giniga = 1 —L/E (1)

where L is the shaded area under the distribution of the attribute A (Lorenza curve), and
E is the area under the equality line for the attribute A (triangle of abc) [1]. This line has
a 45-degree angle with both the X-axis and the Y-axis to represent the equality of (x, y)
coordinates for every point on this line, Fig. 1.

The U-Gini index is the gold standard for quantifying the inequality within a popu-
lation in reference to a socioeconomic factor such as income, wealth, health, education,

© The Author(s), under exclusive license to Springer Nature Switzerland AG 2027
H. R. Arabnia et al. (Eds.): CSCI 2025, CCIS 2969, pp. 109-121, 2027.
https://doi.org/10.1007/978-3-032-28460-0_9
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Fig. 1. Equality Income Line and Distribution Curve for Attribute A.

etc. [2, 3]. However, the U-Gini’s focus on a single factor (dimension) does not fully
capture inequality in a population, because inequality manifests across several intercon-
nected socioeconomic attributes [4, 5]. In this paper, we propose a Gini index capable of
delivering the inequality in reference to multi-socioeconomic factors—a comprehensive
Gini (Q-Gini) index.

We also investigate the dimensions’ reduction effect on Q-Gini. In addition, we
isolate the causal impacts of socioeconomic factors on the Q-Gini because (a) these
factors exhibit high correlations among themselves, which can lead to spurious inference,
and (b) causal drivers represent targets for intervention by policymakers.

The goal of this research effort has four prongs: (i) Introducing the Q-Gini index as
a representative of inequality for a multidimensional dataset, (ii) Validating the Q-Gini
by comparing its performance with U-Gini, (iii) investigating and validating the effect
of the dimension reduction on Q-Gini, and (iv) Delivering the causal drivers of Q-Gini
in the dataset.

The rest of the paper is organized as follows: The previous works are the subject of
Sect. 2. The Methodology is introduced in Sect. 3. The Empirical results are presented
in Sect. 4. The Conclusion and future research are covered in Sect. 5.

2 Previous Works

Inequality measurement is foundational in socioeconomic analysis. It is a known fact
that the U-Gini index is used to quantify the inequality for a given socioeconomic index.
This is also another known fact that inequality is influenced by more than one socioe-
conomic index. Therefore, one can claim that the U-Gini index does not fully capture
inequality. There is a need for multidimensional extensions of the Gini index. Although
such extensions exist [6, 7], their computational validation remains underdeveloped. In
particular, challenges remain in aligning composite indices with univariate benchmarks.

The Gini index [1] measures single-attribute Seminal extensions to multiple dimen-
sions include Normative Multidimensional Ginis [6], which generalized the Gini to
multiple attributes but omitted computational validation. Distance-Based Approaches
[7] proposed Euclidean aggregation yet relied on arbitrary weights. Clustering-Aware
Indices [8] advocated attribute grouping but offered no empirical validation protocol.
Self-Organizing Map (SOM) for Socioeconomic Clustering [9] established SOMs as
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topology-preserving tools for high-dimensional data reduction. Applications show effi-
cacy in inequality contexts (e.g., Deboeck for wealth segmentation [10]). Validation
of Composite Indices pioneered Monte Carlo sensitivity analysis [11], while Maggino
emphasized predictive accuracy as a validation criterion, both of which are underutilized
in Gini literature [12].

We propose a comprehensive inequality measure through hierarchical clustering. A
novel Mean Squared Error (MSE)-driven comparison of the proposed measure against
traditional univariate Gini is employed.

3 Methodology

The details for the four prongs of the goal are presented in the following four subsections.

3.1 Q-Gini Index for a Multidimensional Dataset

To calculate the Q-Gini index for a multidimensional dataset, we build a tree structure out
of the dimensions of the dataset in such a way that the root of the tree, as a dimension, be
the representative of all dimensions of the dataset. The Gini index for the root dimension
is considered the Q-Gini index for the multidimensional dataset.

The tree is a dendrogram [13] that is built using the algorithm Dendrogram, Fig. 2.
We explain the algorithm through an example.

Let us assume that we have five attributes of Al,..., AS in a dataset, and the goal is
to calculate the Q-Gini index for the dataset. By applying the algorithm Dendrogram,
we generate a tree out of the attributes. A possible instance of such a tree is shown in
Fig. 3

Each node of the dendrogram (not leaves) represents a new attribute that is made
up of its two children. To decide which two attributes to merged], the total Euclidean
distances’ square between every pair of attributes is calculated. The pair with the smallest
distance is the winner. The reader needs to know that values for the pair of attributes
must be of the same scale.

Therefore, all attributes of the dataset D, are normalized to the same scale of 1 to 9,
prior to distance calculation using formula (2).

v; — min(Aj)

Wi = 14 8 ) — min(A)) @

where Nv; is the normalized value of v; in attribute Aj.

Let us assume that a pair of attributes (A1, A2) is the one with the smallest dis-
tance. The new attribute of B is generated, and the values for B are the average of the
corresponding values in A1 and A2. Attribute B replaces Al and A2 in the dataset.

The process of finding a pair of attributes with the minimum distance, averaging
them into a new attribute, and replacing the pair with the new attribute continues until
the multidimensional dataset is converted into a one-dimensional dataset. This dimension
is the root of the tree (E), and it represents all dimensions of the dataset.
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Algorithm DENDROGRAM
Input : n-dimensional dataset D, with attributes of A1, .. ., An
Output: Dendrogram of D
Method:
1- Normalize every attribute in D
2- Trans= Transposition (D);
3- Min =10;
4- While (|Trans| >1)
5- | Fori=1 to |Trans|-1
For j =i+1 to |Trans|
If Min > Euclidean distance(row;, row;);
Then Min=Euclidean distance(row;, row;);
Pair = (row;, row;)
End;
End;
New_row = Average of corresponding values of rows in the Pair.
Remove from Trans the rows kept in the Pair;
Insert New_row into the Trans;
Min=10;
End;
6-End of Method;

Fig. 2. Algorithm DENDROGRAM

| =

Al A2 A3 A4 AS

Fig. 3. A Possible Dendrogram for the Five Attributes of Al,..., AS.

3.2 Validation of the Q-Gini

File D is given with n + 1 attributes. One attribute (y) in D carries the U-Gini value
obtained for the population, in reference to one attribute, A, where A is not y. We
remove the attribute y from the file D and make a new file for y called D’. Now, D’ and
D have 1 and n attributes, respectively, and both have the same number of records.

Let TR and TS be a training set and a test set created out of the file (D). The ITRI and
ITSI are equal to ul and u2, respectively such that ul > u2 and (ul + u2) = IDI. Both
files have n attributes. We calculate the U-Gini index for the attribute Ai (fori =1 to n)
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of the TR. As a result, we have n U-Gini indices of (G"1,..., G"n) —one per attribute.
We also calculate Q-Gini for the TR file using the Dendrogram algorithm. The outcome
is a Q-Gini index (Q') for the entire attributes of TR file. The Information Gain (IG) for
each attribute of TR is (IGY; = Q- G;) (fori = 1 to n).

We select the same ul records from D’ and calculate the Q-Gini (QY) and information
gain for the selected ul records of D’, (IG"; = Q'- G'}) (fori = 1 to n).

For file TS, we repeat the calculation of U-Gini for each attribute (G®,..., G®)),
Q-Gini for the entire TS file (Q%)), and information gain for each attribute (IG%; =
QB-G®) (fori =1ton).

The minimum squared errors in reference to TS are obtained using formulas (3) and
).

1 n
MSETR-Q—Gini = ;[Z(IG? - IG§S)2] 3)
i=1
1 n
MSEy-q-aini = ~[)_(IG; — 1G] @

i=

The Min (MSETR-Q-Gini> MSE;.Q-Gini) determines the superiority of one index over
the other one. If the minimum squared error belongs to MSETR-Q-Gini» then the validity
of Q-Gini is established.

3.3 Investigating and Validating the Effect of the Dimensions’ Reduction
of Q-Gini

The main question is whether a reduced version of an n-dimensional dataset of TR can
be used, and if so, how the Q-Gini of the reduced dataset is comparable with Q" and
Q. To answer this question, we reduce the n-dimensional dataset into an m-dimensional
dataset, where m < n. The reduction is done by using a selected clustering method
that satisfies two conditions of natural clustering and inclusion. The natural clustering
condition says that the clustering must take place naturally and not by force.Therefore,
those clustering techniques for which the number of final set of clusters, C, must be
announced prior to the actual clustering process, perform a forced clustering because
each record of the dataset has no choice but to be in one of the C clusters and the natural
number of clusters (based on the hidden patterns) within the dataset may be higher, or
lower than C.

The inclusion condition says that the centroid of cluster, c;, must not be used for
deciding on inclusion of a new record into c¢; because the similarity is not established
between two individual records of D, but between a record of D and the centroid of a
cluster (a fabricated record).

A neighborhood system [ 14—17] with some modifications satisfies both conditions of
natural clustering and inclusion. The modified version (Modified-Neighborhood cluster-
ing) This clustering has two parts: Neighborhood building and Neighborhood merging
that are presented in the following two subsections.
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Neighborhood Building. The dataset H, whichis a copy of the TR file, has n dimensions
(At1,..., Ap) and ul records (Ry,..., Ry1). Each attribute of this file has a representative
that is kept separately from H. The representative is a binary string with a length of n,
and each bit is a position holder for attributes of A to Ay. Initially, the binary string
for attribute A; contains one “1” value in the bit i of its string. We also need the dataset
Shadow-H, which is a duplication of H. Attribute A; in Shadow-H is considered a shadow

of the attribute A; in H, and it has ul values of (vii,..., Vuii)-

Two attributes of A; (v1j,..., Vu1i) and A;j (vij,. .., vu1j) of H are considered neighbors,
if they satisfy the following conditions:

Fork=1ton:

1. 0 <I(vk - vig)l < 6, where 8 > 1 and
2. ) |k —vi)| >0

The real variable & determines the closeness level of two attributes [14, 15]. The
neighboring is established based on the closeness of the two attributes and not by close-
ness of A; or Aj to a fabricated attribute (centroid of the cluster). However, we replace
the shadow of A; (in Shadow-H) with the averaging of the corresponding attribute values
of Aj and A;. (The shadow of A; is a centroid of the two neighbors and is kept for later
use. This centroid does not play any role in the formation of the final clusters.

We start finding neighbors for A; of D (fori = 1 to ul). If the attribute A; (where j =
i+ 1) of D is the neighbor of A;, then A; is in the neighborhood of Aj;, and it is denoted
as N(A;) = {A;j}. The N(A;) is recorded by setting bit j to one in the bitstring of A;.
The bitstring of attribute A;j does not change. Therefore, each attribute in D has its own
neighborhood, and all these neighborhoods are created using the same closeness level.
All the neighborhoods are established prior to neighborhood merging.

For N(A;) the shadow of A; is the centroid of this neighborhood. However, inclusion
of attribute Ay, for example, in N(A;) is not influenced by the shadow of Ai_but by the
closeness of the two attributes of Aj and Ay in H.

Neighborhood Merging. Two neighborhoods of N(A;) and N(Ap) may merge if the
following condition is satisfied:

Bitstring(Ai)(;Bitstring(Ab)3d

The integer variable d represents a threshold for the number of common attributes
between N(A;) and N(Ayp). If a merge happens between N(A;) and N(Ayp), then.

a. N(Aj) = N(Aj) U N(Ayp),

b. Bitstring(A;) = Bitstring(A;) U Bitstring(Ayp),

c. Bitstring(Ap) = 0, and

d. Shadow(A;) = Averaging corresponding values for Shadows of A; and Ayp.

Upon completion of possible merges for all neighborhoods, those neighborhoods
with at least one “1” in their Bitstrings are considered a cluster, and there is one shadow
attribute for each one of these neighborhoods that can represent the centroid of the
neighborhood.

The outcome for applying the Modified Neighborhood clustering on the n-
dimensional TR file is an m-dimensional dataset (named file Z). The number of attributes
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for Z is m and |ZI = ITRI. We repeat the calculation of the U-Gini index for each attribute
Aj (forj=1tom)inZ, generating (Gy,..., Gy, ) —one per attribute. One can easily assign
the new U-Gini values of (Gy,..., Gn) to the n attributes of the file TR by assigning the
same G; value to those attributes of TR that belong to the cluster, Cj. We also use the
Dendrogram algorithm to calculate Q-Gini for Z— Q?Z. In addition, the information gain
for Z can be calculated and it is IG*; = Q*-G;) (for i = 1 to n). Furthermore, the MSEz
is calculated using formula 5.

1 (e .
MSE, = ;[i:Z](IG,- - 16)?) 5)

The Min(MSEtr, MSE,, MSE,) determines the most superior Gini index and its
validation.

3.4 Delivering the Causal Drivers of Q-Gini in the Dataset

To determine whether the relationship between dimensions and the Q-Gini is causal or
merely correlational, we use the Instrumental Variable (IV). The IV method addresses
endogeneity in models, which occurs when an explanatory variable is correlated with
the error term. This correlation can bias the estimation of causal relationships. The IV
method solves this by introducing an instrument. The IV is a variable that is correlated
with the endogenous variable and uncorrelated with the error term.

Instrumental Variables Estimation. To examine potential causal effects of covari-
ates on inequality, we specify a series of exactly identified Instrumental Variables (IV)
models. The main challenge is the endogeneity of a regressor X, where E[Xe] # 0,
which violates the standard linear model assumption and leads to biased Ordinary Least
Squares (OLS) estimates. For each endogenous regressor X and a chosen instrument W,
we estimate a Two-Stage Least Squares (2SLS) model for each outcome G € Q™R, Q%
as First Stage: X = 70 + n1W + v, Second Stage: G = B0 + f1Xp + €, where X}, are
the fitted values from the first-stage regression. The key identifying assumption is the
exclusion restriction: the instrument W affects the outcome G only through its effect on
the endogenous variable X [18].

To guard against heteroskedasticity, which is common in cross-sectional economic
data, we use heteroskedasticity-robust standard errors using the HC1 estimator [19]. The
covariance matrix is given by,

Varuc: (Basts) = (X7%) (Zé%lﬂ)( )71,

where X is the matrix of second-stage regressors (including the constant and the fitted
values X ), and “g; are the 2SLS residuals.

For each model, we report several diagnostics. The null hypothesis of a weak instru-
ment is tested using the first-stage F-statistic on the excluded instrument Z. While a
common rule-of-thumb suggests F > 10 indicates sufficient strength [20], this test is
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technically undefined under exact identification, as the standard error of the 2SLS esti-
mate is a function of the first-stage error and becomes infinite if the instrument is irrel-
evant. Results are reported where calculable. A Wu-Hausman test [21, 22] is conducted
to test for endogeneity. It tests the null hypothesis that the OLS estimator is consistent
and efficient against the alternative that the IV estimator is consistent. A low p-value
suggests significant endogeneity, justifying the use of I'V.

4 Empirical Results

In our empirical study, we employ an n-dimensional dataset from the U.S. Census Bureau,
specifically the 2022 American Community Survey (ACS 5-year estimates). This dataset
provides a granular view of socioeconomic variables at the county level across the United
States. The variables include Median Household Income (MHI), Per Capita Income
(PCI), Total Earnings (TE), Poverty Levels (POV), U-Gini Index of Income Inequal-
ity (U-GINI), Unemployment Rate (UR), Educational Attainment (EA), Median Gross
Rent (MGR), Median Housing Value (MHV), Internet Access (INT), Health Insurance
Coverage (HIC), and demographic breakdowns by race and ethnicity: Percentage of
White Population (WP), Percentage of Black or African American Population(BP), and
Percentage of Hispanic or Latino Population (HP).

After normalizing the data using formula (2), we calculated the minimum error
differences using formulas (3), (4), and (5). The winner was the use of Q-Gini produced
for TR produced from the dendrogram. The Q-Gini for the reduced dataset Z obtained
by applying the Modified Neighborhood clustering was the second winner.

We employ Instrumental Variable (IV) regression to estimate the causal relationships
between socioeconomic factors and the U-Gini. This addresses the endogeneity of key
variables. Instead of ordinary linear models, which may provide biased estimates due to
endogeneity, IV regression uses external instruments to isolate the exogenous variation
in each independent variable. For each socioeconomic variable X;, we selected a corre-
sponding instrument Y; that is correlated with X; but not with the error term €;, in the
Gini model. The IV regression model for each socioeconomic variable is given by

G; = Bo + B1Xi+ €, (6)

where G; is the U-Gini index for population i, B is the intercept, §; is the coefficient
of X;, and €; is the error term. The coefficients obtained from these models indicate
the direction and magnitude of the relationship between each independent variable and
income inequality.

Our objective is to determine whether the relationship between regressors and the
Comprehensive Gini is causal or merely correlational. The IV method addresses endo-
geneity in models, which occurs when an explanatory variable is correlated with the error
term. This correlation can bias the estimation of causal relationships. The IV method
solves this by introducing an instrument. The IV is a variable that is correlated with the
endogenous variable and uncorrelated with the error term.

This approach provides a framework to find a causal relationship between variables
and the Comprehensive Gini. Each defines an endogenous variable and its corresponding
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instrument, chosen based on their correlations from the correlation matrix (Table 1). For
example, MHI is instrumented by PCI due to their strong correlation (r = 0.88) and
PCTI’s relatively low correlation with the Gini coefficient (r = —0.09), making PCI a
valid instrument that meets the relevance and exogeneity conditions. Similarly, TE is
instrumented by UR, given their high correlation (r = 0.98), ensuring that UR strongly
predicts TE but has a weak direct association with Gini (r = 0.13), addressing concerns
of endogeneity. POV is instrumented by TE, as their correlation (r = 0.95) allows TE to
serve as a strong predictor of POV while mitigating the risk of bias in the Gini model.
In a similar vein, UR is instrumented by EA, and MGR is instrumented by MHV, both
selected for their high correlations with the endogenous variables and minimal direct
impact on the Gini coefficient. This method reduces the potential for omitted variable
bias and reverse causality. The map of endogenous variables to their instruments is
pre-specified based on theoretical considerations and observed correlations.

Table 1. Mapping of Endogenous Regressors to Instrument

Endogenous variable (X) | Instrument (W)

Median household income | Per capita income Total

earnings Unemployment rate
Poverty rate Total earnings
Unemployment rate Educational attainment
Median gross rent Median home value
Road infrastructure Educational attainment
Black population % Hispanic population %

Health insurance coverage | Educational attainment

Hispanic population % Hispanic population %

The IV regression results indicate the causal impact of various socioeconomic factors
on the U-Gini, Table 2. Each coefficient reflects the magnitude and direction of the
causal effect of the respective variable on Gini. MHI exhibits a significant negative
effect (—0.07, p-value < 0.001), implying that higher median incomes reduce income
inequality, confirming the causal relationship between household income and inequality.
In contrast, TE and UR have strong positive effects (0.34, p-value < 0.001), suggesting
that increased earnings and unemployment rates exacerbate income inequality. Similarly,
POV and INT also show significant positive impacts on Gini, indicating their role in
widening inequality. BP and HP have large negative coefficients (—1.17 and —1.79,
respectively), with highly significant p-values, pointing to the potential disparities in
income distribution across different racial demographics.

The following table (Table 3) presents the results of IV regressions for factors,
providing estimates of causal relationships between these variables. Each dependent
variable (MHI, TE, POV, UR, INT, BP, HIC, HP) is instrumented using other related
variables. The rows with zero estimates or not statistically significant estimates are
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Table 2. Causal Impacts on Gini

Variable Estimate Std. Error Variable Estimate Std. Error
MHI —0.07 0.01 INT 0.28 0.04
TE 0.34 0.04 BP —-1.17 0.32
POV 0.31 0.04 HIC 0.30 0.04
UR 0.34 0.05 HP —-1.79 0.43

removed. PCI has a strong positive effect on MHI (estimate: 0.89), indicating that higher
per capita income leads to a higher median household income. POV, UR, and INT
negatively affect MHI, suggesting that as poverty, unemployment, and lack of internet
access rise, household income tends to fall. HIC shows a significant positive impact on
MHI (estimate: 7.06), indicating that access to health insurance correlates with higher
household income, likely reflecting better job quality and benefits in higher-income
households.

POV has significant negative impact on TE (estimate: -0.14). Both HIC and INT
show strong positive effects on total earnings. MHI and TE have strong negative effects
on poverty (estimates: —0.01 and —2.27), confirming the expected causal relationship
where increases in income and earnings reduce poverty levels. UR, INT, and HIC all
have positive effects on POV, suggesting that higher unemployment and lack of ser-
vices exacerbate poverty. POV and TE have significant positive effects on UR, with TE
indicating that higher earnings can also reflect higher participation in the labor force,
thus increasing unemployment in some cases due to labor market friction. INT and HIC
reduce unemployment.

TE significantly increases INT (estimate: 1.04). UR has a negative impact on INT
(estimate: —0.16), indicating that as unemployment rises, access to internet infrastructure
diminishes, potentially due to affordability issues. POV and INT have significant positive
impacts on BP, which may indicate higher vulnerability of this demographic to poverty
and technological exclusion. MHI has a negative effect on BP (estimate: —0.46). TE and
UR both have positive effects on HIC. POV and HIC have large positive effects on HP.
UR and INT show negative effects.

Table 3 says that the variables that have a causal effect on UR, for example, are TE,
POV, UR, and HIC. The table also says that the variables that have a causal effect on
TE are UR, POV, and INT. Clearly, we have a loop between UR and TE. This is a big
problem because the graph that will represent the causality among the variables must be
an acyclic directed graph.
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Table 3. Causal Estimates of Socioeconomic Variables

Dependent Variable |IV Estimate | Std. Error
MHI PCI 0.89 0.01
MHI POV | —-1.25 0.17
MHI UR | -0.76 0.2
MHI INT | —4.27 0.34
MHI BP —0.03 0.01
MHI HIC 7.06 0.68
MHI HP 0.01 0.001
TE POV | —0.14 0.001
TE UR 0.04 0.01
TE INT 0.25 0.01
TE HIC 0.84 0.01
POV MHI | -0.01 0.001
POV TE —2.27 0.06
POV UR 0.63 0.02
POV INT 0.82 0.03
POV HIC 1.8 0.06
UR TE 042 0.06
UR POV 0.44 0.01
UR INT | —-045 0.03
UR HIC 0.53 0.06
INT TE 1.04 0.03
INT POV 0.21 0.01
INT UR | -0.16 0.01
INT HIC |—-0.03 0.04
BP MHI | —-0.46 0.03
BP TE 2.67 2.13
BP POV 0.78 0.53
BP UR | -06 0.63
BP INT 3.42 1.05
BP HIC |-5.65 2.11
BP HP —0.14 0.01
HIC TE 0.85 0.01

(continued)
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Table 3. (continued)

Dependent Variable |IV Estimate | Std. Error
HIC UR 0.05 0.01
HP MHI | —-045 0.03
HP POV 3.23 0.62
HP UR | —-3.38 0.74
HP INT |-5.77 1.23
HP BP —0.19 0.02
HP HIC 6.73 2.48

5 Conclusion and Future Research

We introduced the Q-Gini index to quantify inequality across multiple socioeconomic
dimensions. The Q-Gini provides a comprehensive evaluation by hierarchically aggregat-
ing all dimensions of a dataset into a single inequality dimension. This aspect is missing
in the univariate U-Gini. Validation of the Q-Gini used an MSE protocol, demonstrating
its superior performance over the conventional U-Gini index.

We also studied effect of dimensionality reduction on inequality measurement. By
introducing modified-neighborhood system that satisfies natural clustering and inclusion
conditions, we reduced the multidimensional data to representative neighborhoods. Q-
Gini calculated on this reduced dataset ranked second among the most accurate measures
in our validation framework.

The isolation of causal drivers of the Q-Gini index recognized high correlations
among socioeconomic factors, which can lead to spurious inferences. We used IV models
to distinguish correlation from causal impact and identify effective policy targets. The
IV results confirm that variables such as median household income, total earnings, and
poverty levels not only associate with but cause changes in multidimensional inequality.
This validates the Q-Gini’s sensitivity to these fundamental socioeconomic forces.

For future research, we are considering developing a belief network. This would
model the probabilistic relationships between socioeconomic variables and inequality.

Acknowledgments. Our special thanks go to our graduate students, Ms. Noushin Gauhar and
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