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Causal discovery offers a way for understanding the causal relations among data as
well as the effects of interventions, modeling hypothetical scenarios, and performing
counterfactual inferences from data. Controlled experiments are often unfeasible,
difficult to replicate, or too expensive to perform. For this reason, the scientific
community seeks innovative ways to learn causal models from observational data in
order to analyze the hidden causal relations among variables of interest. This
challenge has led to advances that combine causality with other areas such as deep
learning and reinforcement learning, generating applications across multiple domains

This edition of the CaDis proceedings includes the eight papers presented at the
workshop, that cover contributions from fundamentals and algorithms for causal
discovery, to practical applications; as well as the abstract of keynote talk by
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Foreword

This volume contains the proceedings of the 3rd Workshop
on Causal Discovery (CaDis 2025). The workshop was held at
the Instituto de Investigaciones en Inteligencia Artificial (ITA) de
la Universidad Veracruzana, in Xalapa, Veracruz, Mexico. This
edition was made possible through the collaboration of the Na-
tional Institute of Astrophysics, Optics, and Electronics of Mex-
ico (INAOE) and the Instituto de Investigaciones en Inteligencia
Artificial. We acknowledge the support the Mexican Academy of
Computing (AMexComp) and IBERAMIA.

Causal models have many advantages, including the ability to
reason about the effects of interventions, as well as the results of
different scenarios or counterfactuals. The traditional approach
for building causal models is by conducting experiments, however
these are often infeasible, unethical or too expensive. Recently
there has been a lot of interest in the scientific community to
learn causal models from observational data, but this is a great
challenge, as just from observations is not possible, in general, to
define a unique causal model.

The objective of this workshop was to present recent advances
in causal discovery, including different approaches that consider
observational and /or interventional data, and also building models
with the help of human experts. It is also of interest the combina-
tion of causal discovery with other areas of machine learning, such
as reinforcement learning and deep learning; as well as real-world
applications.

The CaDis 2025 program included an invited talk by Prof. Sisi
Ma (Assistant Professor of Medicine, Division of General Inter-
nal Medicine, University of Minnesota) and a discussion panel
on the current challenges of causal discovery. Video recordings
of these talks are available at the workshop website: https:
//cadisworkshop.com.mx/progran/ .


https://cadisworkshop.com.mx/program/.
https://cadisworkshop.com.mx/program/.

After a review by at least three members of the program com-
mittee, eight papers were accepted for publication in these pro-
ceedings. In an analogous way as the workshop, this proceedings
are divided in three parts: (i) Invited Talks abstracts, (ii) Fun-
damentals and Algorithms for Causal Discover, and (iii) Applica-
tions.

We hope that this workshop will help to increase the interest
of the academic community in causal reasoning and discovery, in
particular in the Iberoamerican region; and help to foster new
collaborations between different research groups.

Luis Enrique Sucar, Julio César Munoz-Benitez and Marcela Quiroz

Castellanos.
Workshop Chairs
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2 Invited Talk

Multiple Markov Boundaries: the Good, the Bad, and
the Ugly

Author: Prof. Sisi Ma, University of Minnesota

Abstract: The Markov boundary of a response variable T is the
minimal set of variables that renders all other variables in the
dataset statistically independent of T. While some distributions
admit a unique Markov boundary, others contain multiple distinct
Markov boundaries for the same response. In this talk, I will in-
troduce the theory of multiple Markov boundaries and explore
potential mechanisms underlying their emergence in data, with a
particular emphasis on biomedical data. I will also discuss the im-
plications of multiple Markov boundaries for predictive modeling,
causal modeling, and model translation into real-world decision
support tools.

Video recording of the invited talk is available at the workshop
website: https://cadisworkshop.com.mx/program/


https://cadisworkshop.com.mx/program/
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Fundamentals and Algorithms for Causal Discovery

Causal Interpretation of DBSCAN: Dynamic
Modeling for Epsilon Estimation

Kay Garcia-Sanchez[0009-0009=2169-1991] " Jor0e-T,uis
Perez-Ramos0000-0002-0444-9230] ' Golone Ramirez-Rosales0000—0001-6635—5427]
Luis-Antonio Diaz-Jimenez[0000-0003—1519-105X] * Ap)a_Marcela
Herrera-Navarro[0000—0001-7711-9585] ' Hy;0¢
Jimenez-Hernandez[0000—0003—0827-6645] " 51)q Daniel
Canton-Enriquez[0000—0002-6543—507]

Centro de Investigacién e Innovacién en Ciencias de la Computacién y Tecnologia
Educativa, Facultad de Informética, Universidad Auténoma de Querétaro, Avenida
de las Ciencias S/N, 76230, México
kgarcia85@alumnos.uaq.mx, daniel.canton@uaqg.mx

Abstract. One of the most widely used tools for detecting structures in
unsupervised data is the DBSCAN algorithm. However, its performance
critically depends on the proper selection of the neighborhood parame-
ter . This work offers a physical-mathematical perspective that treats
this parameter as a controllable variable within a dynamic system com-
posed of a spring, a damper, and a mass. The variation of £ is modeled
through ordinary differential equations, in which jerk and accelerations
represent structural changes in the density space. The proposal includes
a numerical simulation using the fourth-order Runge-Kutta method and
a smoothing procedure via the Savitzky-Golay filter, which enables the
determination of the critical point that optimizes cluster stability. The
structural causal model, compared to DBSCAN Kneedle, optimizes clus-
tering metrics across two synthetic datasets and the Covtype dataset
while maintaining an overall complexity of O(nlog(n)). The suggested
method not only improves the estimation of € but also provides a causal,
mechanical explanation of the clustering process, opening new perspec-
tives for interpretable unsupervised learning.

Keywords: Density-based clustering - Interpretable machine learning -
Causal DBSCAN - Causal Model - Parameter optimization

1 Introduction

In the field of unsupervised learning, clustering algorithms seek to identify hidden
structures in data; in this way, regions with similar characteristics and attributes
are identified without labeled data [1]. Among the most influential techniques,
the Density-Based Spatial Clustering of Applications with Noise (DBScan) algo-
rithm stands out for its ability to detect dense regions and distinguish noisy or
isolated elements. This helps overcome the classic limitations of methods such as
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K-means [2] and hierarchical clustering [3], which assume structures determined
by the data’s inherent geometry.

Despite its advantages, DBSCAN presents a constant challenge: its sensitivity to
the hyperparameters ¢ (neighborhood radius) and minPts (minimum number of
points in the neighborhood). While minPts tends to be stable, the ¢ parameter is
a critical variable that determines the data’s structural connectivity. In this con-
text, the variation of the ¢ parameter determines when clusters emerge, merge,
or disappear, leading to significantly different cluster formations [4,5]. This has
motivated numerous studies to develop automated methods for € selection, rang-
ing from heuristic techniques such as the k-distance plot [6] to hierarchical or
adaptive approaches [7]. However, most of these studies remain in the empiri-
cal domain, without formally explaining why a local modification in € causes a
global change in the topology of the density space [6, §].

Consequently, there are researchers seeking to combine unsupervised learning
with causal discovery. Historically, causal discovery methods, such as the PC
algorithm [9] or models based on conditional response [10, 11] are used to an-
alyze experimental data in order to identify directed acyclic graphs. However,
recent works are beginning to apply these principles to the clustering domain.
These approaches enhance the ability of unsupervised learning to detect hidden
mechanisms of causal variability, offering a more robust theoretical foundation
for interpreting structures in complex data [12]

In this work, an alternative approach is proposed where ¢ is interpreted not as
an adjustment parameter but as a causal variable within a dynamic system that
governs the topology of the clusters. From this point of view, clustering is under-
stood as an interaction between unobservable structural forces, in which small
local perturbations (variations in ¢) induce changes in the dataset’s topology.
To consolidate this concept, a physical-mathematical model using a mass-spring-
damper system is presented. Here, the k-distance curve is interpreted as a dy-
namic signal, with its acceleration and underlying energy dynamics representing
the structural change in density. Simulating the system’s behavior under ma-
nipulation in e allows identification of the critical transition point where the
curve’s slope changes abruptly. This was carried out by solving ordinary dif-
ferential equations (ODEs) using the fourth-order Runge-Kutta (RK4) method.
This point is understood as the optimal value of £, which represents the causal
boundary between dense and sparse areas.

Thus, the current work goes beyond a traditional heuristic, proposing a Struc-
tural Causal Model (SCM) to calculate parameters in density algorithms, com-
bining the physical essence of dynamic systems with the causal semantics of
interventions. The result is an interpretive framework that not only enables a
robust choice of the € parameter but also explains how the algorithm works,
thereby favoring its application in high-dimensional data scenarios.

The experimental validation of the proposal is performed across three scenar-
ios: two synthetic datasets with 10® samples and one real-world multivariate
dataset. For each scenario, the experimental process was conducted by applying
the techniques of DBSCAN as an SCM; and the Kneedle heuristic procedure,
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comparing the obtained results. Furthermore, clustering quality metrics, such as
Davies—Bouldin, Silhouette, and Calinski-Harabasz, were employed.

The remainder of the article is structured as follows: Section 2 presents the the-
oretical foundations supporting the proposal; Section 3 covers computational
complexity; Section 4 presents the experimental results and discussion; finally,
Section 5 summarizes the conclusions and proposes future work.

2 Materials and Methods

2.1 Conceptual Foundations

The proposal stems from the idea that the ¢ parameter should be reinterpreted
as a causal control variable in a dynamic system. It is assumed that e functions
as an intervention mechanism that changes the local connectivity of the points
and, consequently, the global structure of the clusters, rather than being seen as
a mere adjustable hyperparameter.

From this perspective, the data density behaves like a physical system in which
modifications to € generate a dynamic response that can be measured and is sim-
ilar to the accelerations and energy changes seen in mass-spring-damper models.
Formally, the model aims to locate the critical transition point (the elbow point)
in the k-distance curve, where a slight local variation of € generates a global
change in the system’s density. This point corresponds to the optimal value of ¢
that maximizes the clustering’s structural stability.

2.2 K-distances curve extraction

The K-distance curve characterizes the local density distribution of the data
points by quantifying the distance from each data point to its k-th nearest
neighbor [8]. In this context, the K-distance plot is obtained by calculating
the k nearest neighbors of each point using Euclidean distance and the Nearest
Neighbors algorithm.

First, Euclidean distance is defined as a metric that estimates the distance be-
tween two points within a system in R? [13], represented in (1):

dxy) = | (i — )2 (1)

i=1

Secondly, the Nearest Neighbors algorithm can be defined: given a finite dataset
S in a Euclidean space E? and a query ¢, Nearest Neighbors obtains the k nearest
neighbors R of ¢ by evaluating d(z, q) where x € S [14]. R is described according
to(2).

R= argmin Z o(z, q) (2)

RCS,|R|=kmin e iy

Analogously, in clustering, neighborhoods define which points causally influence
the local density and the subsequent formation of clusters.
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2.3 Curve Smoothing

One of the most important prerequisites for working with signals is a clean input
signal. When working with a k-distance curve, the signal is implicitly noisy, which
makes numerical analysis difficult. In this case, a Savitzky-Golay filter was used;
it is a smoothing method applied to signals to preserve local features, such as
peaks and curvatures, while reducing the effect of noise [15]. This technique is
represented by (3):

m! n
j=-n
where ygm) is the m-th smoothed derivative at point ¢, x;; are the signal values,
cgm) are the Savitzky-Golay filter coeflicients obtained by fitting a polynomial

of degree p over a window of 2n + 1 points, At is the time step of the samples,
and m is the order of the derivative to be calculated.

2.4 Mass-Spring-Damper System

A mass-spring-damper system is a dynamic system consisting of a mass m at-
tached to a spring with a stiffness constant k and a damper with coefficient b,
subjected to a force F' [16]. First, the stiffness constant k is a magnitude that
quantifies how rigid a spring is; it relates the force applied to the spring with the
displacement produced by it, following Hooke’s Law [17]. This law is detailed in
(4)

F=kx (4)

where F is the force exerted, k is the stiffness constant whose unit is N/m, and
x is the displacement generated by the spring. Secondly, the damping coefficient
b is a parameter that quantifies a system’s ability to dissipate kinetic energy
through frictional forces [18]; its value depends on the restrictive medium used.
Figure 1 depicts a classic model of the mass-spring-damper system.

. —> X

F(

[—
L

g

Fig. 1: Representation of a mass-spring-damper dynamic system. The interaction
between the mass (m), the spring stiffness constant (k), the damping coefficient
(X(t)), and the applied force (F) is illustrated. [19]
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Mathematically, the dynamics of the system are described by the second-
order differential equation represented in (5):

mi(t) + bi(t) + kx(t) = F(t) (5)

In this context, F'(t) is considered a causal intervention; that is, a change in ¢
leads to a perceptible alteration in the system’s acceleration and, consequently,
in the cluster configuration. To solve the differential equation, the fourth-order
Runge-Kutta method was used. It is a numerical method for solving differential
equations. It attempts to find a numerical solution by approximating values x;
at a finite set of points t; = to + jh, with j = {1,2,...,m} [20].The discrete
numerical integration process is expressed in (6):

ki = hi(t,, %),
ky=hf(t, + %, x, + %),
ks =hf (t, + %, x, + %), (6)
ki =hf (t, +h, x, +k3),
Xptl = Xp + % (k1 + 2ko + 2k3 + ky)

This system is an example of a causal dynamic model in which each of the
variables F', x, 2, and ¥ has a direct, predictable effect on the others. Thus,
simulating the system allows exploring how changes in the force (or in the sys-
tem parameters) cause measurable changes in the mass’s trajectory; in terms of
causality, manipulating one variable causes an observable effect in other vari-
ables of interest. Therefore, the mass’s displacements depend on external forces
and system properties, so the cause-and-effect relationship between the variables
is explicit and quantifiable.

2.5 System Parameter Identification

The proposed algorithm should be understood within the field of system identi-
fication, a field of control engineering that seeks to obtain mathematical models
of dynamic systems from measurements taken in the process, such as inputs or
control variables, outputs or controlled variables, and disturbances [21]. In this
project, the identification process follows a series of structured steps to estimate
the physical parameters that make up the system, which arise directly from the
data.

The k-distance curve must be treated as a discrete signal x(¢) in a pseudo-
time domain ¢, where t corresponds to the indices ¢ for each sorted point. From
this position signal z(t), we calculate the velocity ©(t) (first derivative) and the
acceleration #(t). These time series Tops(t), Tops(t), and Zops(t) represent the
observed dynamics of the data density.

On the other hand, the objective of system identification is to find the optimal
values of m (mass), b (damping), and k (stiffness) described in Equation 5. To
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achieve this, a least-squares optimization is performed; by rearranging (5), the
acceleration (the term to be predicted) can be isolated (see (7)).

Fyrea = —(F(t) ~ b — (1) (@)

The objective function to be minimized is the mean squared error between the
observed acceleration (Z,ps(t)) and the predicted acceleration #,¢q(t). The pro-
cess is summarized in (8):

FO) = (Fobs(t) = Eops(t)) (8)

For the force F(t), we assume a simple Newtonian force F(t) = C that acts as
an initial excitation to set the system in motion.

Finally, a parameter estimation is performed to find the parameter vector 6 =
[m, b, k]. This vector is detailed in (9):

0 = argaminf(e) 9)

More specifically, the cost function f(#) is understood as a function R — R that
measures how costly a set of parameters is. To perform this type of optimization,
a quasi-Newtonian method called Broyden-Fletcher-Goldfarb-Shanno (BFGS)
was used. This method attempts to update an approximation to the inverse
Hessian matrix. This update follows (10):

T T
ey,  Hesksy Hy,
H}C+1 - Hk; + - (10)
yl sy, s Hysy,

where sy, is Og11 — Ok, and yi is Vf(0r11) — Vf(0x). On the other hand, the
update step is described in (11):

Op+1 = O — arpH, 'V f(0) (11)

In this way, we understand that the parameters m, b, and k are estimated, and
that the model itself selects them based on the k-distance curve; this assertion
is corroborated in Section 4.

2.6 Elbow Point Estimation

The elbow point of a function f(z) is a random and spontaneous event on the
curve that marks the end of one state and the beginning of another [6]. In
DBSCAN, the elbow point represents the change from a dense region to a sparse
region (noise); the value of this point on the y-axis represents the value of the
neighborhood radius ¢.

In the proposed system, assuming a particle moves along the k-distance curve
under the action of stiffness and damping forces, the calculation of the jerk of

the particle in each iteration is of vital importance, whose formula is represented
in (12):
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di(t)
dt
The location where J(t) reaches its local maximum indicates a sharp change in

the system’s acceleration, which in turn indicates the transition between dense
and sparse areas. The € value related to this point is therefore considered optimal.

J(t) = (12)

2.7 Structural Causal Model

This section presents the SCM, which integrates the direction of dependencies,
the functional mechanisms, and the interventions required to satisfy the criteria
established in Pearl’s causal theory [10].

The total process unfolds through a set of internal variables that operate in
a hierarchy:

U: exogenous variables associated with the intrinsic variability and measure-

ment noise of the dataset.

— Xknn: k-NN distances and local density features after standardization.

— 8,4t smoothed signal achieved through the Savitzky-Golay filter.

— D;p4: dynamic trajectory generated from the equation of motion, which has
been integrated using the fourth-order Runge-Kutta method.

— J: the jerk is the result of the third numerical derivative of the path.

¢*: the final value taken by the ¢ parameter used in DBSCAN.

These variables constitute a unidirectional causal flow, which can be repre-
sented by a Directed Acyclic Graph (DAG): the dataset alters the smoothing,
which generates the dynamics, and this, in turn, establishes the internal indi-
cator that determines . The causal DAG summarizing these dependencies and
formalizing the mechanisms that structure the SCM is shown in Figure 2.

Exogenous k-NN Distances SG Smoothing RK4 Dynamics
U ann Ssg Drk4

Fig. 2: Internal causal structure of the SCM for the estimation of e.

The causal relationships specified in the DAG are formalized through the
relevant structural equations in (see (13)):
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Xinn = fi(data,Uy),
Ssg = fQ(Xk’mL; h’7p)7
Dyra = f3(S5430),
J = fa(Drra),
e* = f5(J)

where h and p are the smoothing parameters, while 6 groups the parameters of
the induced dynamic system (external force, spring constant, and damping). The
SCM formulation maintains that each node depends only on its causal parents,
upholding the factorization imposed by the DAG.

After defining the SCM’s structural equations, the manner in which internal
system alterations are expressed under controlled interventions must be deter-
mined. For this, the do(-) notation suggested by Pearl is used, where an inter-
vention directly replaces the structural equation of a node and enables the study
of how this change influences the distribution of the output variable. In this
proposal, the parameter selection is expressed as ¢* = f5(J), such that interven-
tions on any of the internal nodes generate observable changes in the final value
of ¢*. Formally, these interventions take the form: do(J = jo), do(Ssq = so),
do(6 = 6y), and allow obtaining distributions of the type: P(e*|do(J = jo)).

Finally, the causal validity of the model is examined through internal inter-
ventions that allow verifying the consistency of the causal sequence. The manip-
ulations taken into account are the following: (i) adjusting the window size via
do(h = hy); (ii) modifying the system stiffness by means of do(f = 6y); and (iii)
establishing artificial trajectories via do(D,r4s = dg). In each case, the sequence
was noted (see (13)):

ASgy = ADyja = A(J) = Ae* (13)

which confirms that the parameter calculation is causally linked with the trans-
formations generated in the SCM’s internal nodes. This determines that €* is not
the result of local correlations, but rather the consequence of an explicit causal
mechanism that organizes the SCM’s dynamics.

2.8 Evaluation Metrics

To provide an objective description of the quality of the generated clusters, three
metric categories were employed.
In the first place, it is evaluated if the data tends to cluster. For this, the Hopkins
statistic is applied as a quantitative tool to determine whether a dataset possesses
a natural clusterable structure [22]. In this context, the hypothesis shown in (14)
is applied:

Hy: H=05 (Random Distributed Data)

14
H,:H < 0.5 (Tend to be clustered Data) (14)
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In this context, the value of the Hopkins statistic is obtained from (15):

(15)

where w; are the n sampled real points and w; are the n random points.

Next, cohesion metrics are evaluated; these assess the internal compactness of
the formed clusters. In this context, we speak of inter-cluster variance (var(Cy)),
cluster diameter (Diam(Cy)), and mean cluster distance (Dist(C})). These met-
rics are described in section 2.8 respectively:

Var(Cp) = > |lp— pl? (16)
peCk
Diam(Cy) = max_ (||pi —p;)l| (17)
pi,p; €ECk
1
Dist(Cy) = i Y. llpi —pill (18)
GG —1), 2=,
(19)

Note that when more than one cluster is found, these metrics are averaged across
all K clusters.

Finally, separation metrics or internal validation indices were evaluated, which
assess the quality of the cluster partition by measuring how well separated the
clusters are from one another. In this context, we find the Silhouette coefficient
(measures how similar a point "i" is to its own cluster; this metric is known
to favor convex clusters), the Davies-Bouldin index (measures the ratio of the
worst similarity between clusters), and the Calinski-Harabasz index or variance
ratio (measures the relationship between the variance between clusters and the
variance within the clusters). Their calculations are described in section 2.8 re-
spectively:

b(i) — a(i)

T ON ) -

1 & +
DB = } kzzlmal‘l#k(skk’lsl) (21)
_ Bg/(K-1)
= e =5 =
(23)

2.9 Computational Complexity

Suppose X is a dataset, where N represents the number of observations and
d the number of variables. Let k be the number of minimum points (minPts),
representing the number of neighbors DBSCAN uses to create the k-distance
curve. The proposed SCM process is divided into four stages: (¢) preparation and
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calculation of k-distances, (i7) smoothing using Savitzky-Golay, (¢3¢) simulation
of the dynamic system (RK4) with the smoothed k-distance signal, and (iv)
determination of the optimal point via the maximum jerk to calculate €.

The step-by-step complexity of the process involves the following analysis:

1. Standardization and k-NN neighborhood: Standardization, by mean and
standard deviation per feature, has a complexity of O(Nd). However, in
practice, d is usually considered constant, so it is approximated as O(N).
Subsequently, the creation of the neighborhood structure uses the Kernel
Density Tree (KD-Tree) algorithm, which has an intermediate complexity
of O(Nlog(N)) for fitting the model and O(Nklog(N)) for the neighbor
search, where k is the minimum number of points defined by DBSCAN. Fi-
nally, sorting the k-distances uses the QuickSort algorithm with a complexity
of O(N log(N)).

2. Smoothing using the Savitzky-Golay filter: A polynomial sliding window fil-
ter is used to process the ordered distance signal. Since the polynomial degree
p and the window dimension w are fixed parameters in the implementation,
the convolution procedure has a linear behavior in relation to the number of
measurements, so its computational complexity is O(Nw). Nonetheless, in
practice, the complexity is O(N).

3. Identified dynamics and numerical solution (RK4): In this step, each mea-
surement of the smoothed signal is understood as a target position value
within a mass-spring-damper system. Where its temporal evolution is deter-
mined in integration intervals of size At. The limited-memory BFGS method
is used to optimize the dynamic system parameters, so its computational
complexity is O(N). Likewise, the RK4 algorithm performs four evaluations
of the acceleration function per iteration, which entails a constant cost per
step; therefore, the complexity is O(N).

4. Calculation of jerk, energy, and selection of e: The jerk is determined using
finite differences, and the argmax is obtained through a linear scan. There-
fore, the computational cost is O(N).

Therefore, taking into account all steps of the explicit-causal process, the com-
putational cost is determined by the search for the k-nearest neighbors, which
leads to an approximate overall complexity of O(N log(N)).

The development of the proposed explicit-causal model faces three main chal-
lenges. The first challenge was the sensitivity of the ¢ parameter to local density
variability. For example, in high-dimensional datasets, this can cause spurious
peaks in the k-distance curve. To solve this, a Savitzky-Golay filter was applied,
which preserves local curvature while reducing noise without altering the signal’s
overall trend. The second challenge was ensuring numerical stability during sim-
ulation of the mass-spring-damper system, which was achieved by using the RK4
method to maintain accuracy at each integration interval. Subsequently, deter-
mining the optimal causal transition point is complex due to the intersection
between local maxima in the system’s derivative. To ensure robust estimation
of the optimal e value, the jerk is discretized and the global maximum identi-
fied. Finally, Algorithm 1 refers to the explicit-causal process. This algorithm
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receives as input parameters: X, a dataset of dimension N x d, k, the neighbor-
hood used by DBSCAN, 6y, the proposed physical parameters of the dynamic
system (mass, damping, and stiffness), and h, the temporal step for RK4. On
the other hand, the algorithm returns the optimal values of the ¢ parameter and
C, as well as the cluster labels generated by DBSCAN, using €,p¢.

Algorithm 1 Parameter ¢ Estimation using Dynamic-Causal Modeling

1: procedure CAUSALEPSILONESTIMATION(X, k, 0, h)

2: Xstd < STANDARDIZE(X) > Normalize the dataset

3 D < CoMPUTEKNN DISTANCES(Xstd, k) > Compute k-th distances

4: Dgortea < QUICKSORT(D) > Sort distances in ascending order

5 Dsmooth < SAVITZKYGOLAY (Dsorted, window, poly) > Smooth k-distance
curve

0 <+ BFGS(6o) > Identification of dynamic system parameters

6
7 for each t € Dspooth do
8 Solve ODE RK4

9: Calculate acceleration a(t) and jerk J(t)

10: end for

11: t* + argmax;(J(t)) > Locate global maximum of the jerk
12: €opt < Dsmootn[t”] > Determine optimal e value
13: Labels + DBSCAN (X4, €opt, k) > Apply DBSCAN with optimal &
14: return £,,¢, Labels

15: end procedure

3 Results and Discussion

3.1 Experimental Design and Data Configuration

In evaluating the performance of the explicit-causal model, three experimental
scenarios were considered:

1. A high-dimensional dataset called covtype [23], which consists of 57 variables
and 581,013 records. It should be noted that only the first 10 variables were
used as they are continuous numerical variables.

2. A synthetic dataset generated through a combination of the sklearn.data
sets.make_blobs and numpy.random.uniform functions, using global seed
23. The set consists of 1,300 records and 2 variables and was designed to
simulate a scenario with multiple densities and noise.

3. A synthetic dataset generated entirely using the sklearn.datasets.make
_blobs function, using a global seed of 23. The set counsists of 5,000 two-
dimensional records and was specifically designed to create a smooth "S"-
shaped k-distance curve, which presents a challenge for elbow detection
methods. Its structure is composed of two stacked and concentric Gaussian
distributions (both centered at [0, 0]).
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First, the k-distance graph was calculated for all datasets using Nearest
Neighbors, demonstrating that the dynamics-based method (mass-spring-damper
system) allowed for the detection of the threshold. Next, Figure 3 shows these
graphs for each dataset. Demonstrating that the system’s acceleration responds
causally to the curve’s variation, revealing a critical point that determines the
optimal density in DBSCAN.

syntetic Datas

(b) Synthetic dataset 1

(c) Synthetic dataset 2

Fig. 3: k-distances graphs for the evaluated datasets.

To reinforce the algorithm’s analysis, estimates of the mass, damping, and
stiffness parameters were obtained, demonstrating the model’s adaptability across

the datasets (see Table 1).

Data Mass |Stiffness| Damping|Calculated ¢
Covtype 2561.3921| 1.0503 0.0000 2.0082
Synthetic Dataset 1{1538.9829| 3.3571 0.0000 0.3764
Synthetic Dataset 2|2235.5416| 4.1494 0.0000 0.4003

Table 1: Estimation of each Parameter from the model.
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An interesting point is the absence of the damping parameter. In these cases,
it is attenuated to zero due to the latent structure in the data where acceleration
is caused solely by position (via k) and inertia (via m), and the velocity term is
an irrelevant confounder whose causal edge was eliminated upon being identified
with a zero weight. In this way, the model is simplified to a simple harmonic
oscillator, only in these cases.

3.2 Efficiency Metrics

To objectively evaluate the quality, robustness, and significance of the clusterings
generated by the € value, two sets of metrics were applied to the two algorithms:
i) cohesion metrics and ii) inter-cluster separation metrics. For cohesion, we
measure the Intracluster Variance (IV), the Cluster’s Mean Diameter (CMD),
and the Cluster’s Mean Distance (DMD). In tables 2, 3, and 4, we can find the
results of these cohesion metrics. On the other hand, Tables 5, 6, and 7 present
the results of the inter-cluster separation metrics.

Algorithm v CMD | DMD
Physics Based Algorithm [143696.7723|8.4074|2.6890
Kneedle 13.3167 |1.0395|0.5902

Table 2: Cohesion metric results for the Covtype dataset

Algorithm IV |CMD|DMD
Physics Based Algorithm [254.9060(1.3471|0.5086
Kneedle 0.0054 {0.0528]0.0250

Table 3: Cohesion metric results for the Synthetic dataset 1

Algorithm v CMD DMD
Physics Based Algorithm|9133.5109(7.0413|1.6767
Kneedle 0.0816 |0.1199|0.0534

Table 4: Cohesion metric results for the Synthetic dataset 2

Before discussing the quality of the formed clusters, it is necessary to define
the data’s clustering tendency. For this, the Hopkins statistic was used; from
this context, values of 0.0773 for the Covtype dataset, 0.2646 for Synthetic 1,
and 0.1027 for Synthetic 2 were obtained. The low magnitude of the statistic
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in all three cases indicates a tendency to cluster, consistent with the inverse
formulation, where H — 0.

In this context, Kneedle reports extremely low diameters, indicating that this
method is fragmenting natural structures into very tiny components (87 clusters
in Covtype, 7 clusters in Synthetic 1, and 64 in Synthetic 2), which suggests
oversegmentation. On the other hand, the physics-based algorithm reports clus-
ters of greater dimension and variance; given that Hopkins ensures the data is
clustered, the method’s greater variance indicates a more faithful representation
of the clusters’ real extent (core and periphery).

Algorithm Silhouette|Davies-Bouldin|Calinski-Harabasz
Physics Based Algorithm| 0.4124 1.7303 68.6748
Kneedle -0.5104 1.4870 11.3456

Table 5: Inter-cluster separation metric results for the Covtype dataset

Algorithm Silhouette|Davies-Bouldin|Calinski-Harabasz
Physics Based Algorithm| 0.0717 2.4286 29.8945
Kneedle -0.1932 1.1303 8.7197

Table 6: Inter-cluster separation metric results for the Synthetic dataset 1

Algorithm |Silhouette|Davies-Bouldin|Calinski-Harabasz
Kneedle -0.4655 2.3219 3.2747
Table 7: Inter-cluster separation metric results for the Synthetic dataset 2

These three metrics allow evaluating the separation quality of the detected
groupings; on the one hand, the Silhouette coefficient indicates that, across the
three datasets presented, Kneedle consistently obtains negative values, mathe-
matically demonstrating that the partitions are artificial. In contrast, the pro-
posed method maintains positive values (0.4124 for the Covtype dataset and
0.0717 for Synthetic dataset 1), indicating that the data’s natural structure is
preserved.

An interesting point is the absence of separation metrics for the Physics-
Based Algorithm (in Table 7). This fact refers to the separation metrics, which
require at least two groups, which makes sense since the Synthetic 2 dataset was
generated as a concentric structure with a dense core surrounded by a diffuse
nebula, both centered at the origin, meaning there are no spatially separated
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clusters. This fact justifies the appearance of 64 clusters in Kneedle and the
negative silhouette coefficient.

3.3 Analysis and Causal Discussion

The dynamic analysis of the mass-spring-damper system showed that the jerk
peaks coincide with the structural transitions detected in the density space.
This correspondence validates the assumption that the € parameter functions as
a causal intervention variable, capable of inducing quantifiable reorganizations
in the data’s connectivity. The suggested model establishes transitions based on
the system’s physical response, which imparts a mechanistic character to the
clustering process. This contrasts with the heuristic criterion of Kneedle, which
is based on geometrically detecting the inflection point.

The findings indicate, from an interpretative perspective, that the proposed
model not only optimizes clustering quality but also provides an explanatory
framework for understanding how local density evolves in response to changes in
the e parameter. Identifying jerk as a transition descriptor provides a new tool
for defining critical points of structural transformation in complex systems.

4 Conclusion

This article presents the view that the tuning of the £ hyperparameter in the
DBSCAN algorithm should be understood as an explicit-causal process governed
by the dynamics of the distance distribution. By modeling the curve using dif-
ferential equations, we establish a link between local variations in the slope and
structural changes in data density. This reinterpretation converts the estimation
of the neighborhood radius into the identification of a causal inflection point:
a slight modification in the neighborhood triggers a significant change in the
cluster configuration.

The experimental results challenged the method with known complex scenar-
ios where DBSCAN fails by definition in the literature: high-dimensional data
(Covtype) and data with smooth density transitions (Synthetic 2). Both sce-
narios drive the emergence of variable-density algorithms such as OPTICS and
HDBSCAN.

Despite this limitation, quantitative validation demonstrates how the ¢ radius
optimized by the physics-based method produces superior quality clusterings.
First, Kneedle’s Silhouette coefficient yields negative scores, suggesting invalid
partitions. Therefore, the physics-based method represents an absolute increase
of 0.923 points in Covtype and 0.265 points in Synthetic 1. This structural
superiority is also quantified by the Calinski-Harabasz index, where the physics-
based method outperforms Kneedle by 505% on the Covtype dataset and 243%
on Synthetic 1. Finally, the Physics-based method correctly identified the unitary
topology of the Synthetic 2 dataset, demonstrating its robustness against the
oversegmentation that Kneedle failed to avoid.

As future work, the following lines of research are proposed:
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1. Developing an adaptive multi-scale analysis that allows for the local calcu-
lation of ¢ in areas with heterogeneous densities.

2. The SCM via DBSCAN can be extended to other clustering algorithms,
such as graph-based and feature-learning methods, to broaden its use to
non-Euclidean spaces.

3. It is recommended to analyze the combination of SCM with structural in-
ference techniques, such as PC, to identify relationships between clustering
parameters and unobservable variables in complex datasets.
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Abstract. Linear non-Gaussian acyclic models (LINGAMs) are a pow-
erful class of algorithms for causal discovery, but their strict assump-
tions of linearity and non-Gaussian noise are often violated by real-world
data, compromising identifiability. We propose CausalMorph, a three-
stage preconditioning algorithm that transforms a dataset to better align
with these assumptions. The method linearizes causal mechanisms using
an MDL-guided polynomial fit, replaces the original residuals with syn-
thetic non-Gaussian noise, and orthogonalizes the new noise against its
causes. On a large-scale benchmark of 17,640 synthetic datasets, apply-
ing CausalMorph reduces the mean Structural Hamming Distance (SHD)
of a downstream learner by a statistically significant 38.4%. Crucially,
CausalMorph also improves performance in ideal settings, revealing its
role as a regularizer against finite-sample artifacts. Our work establishes
data preconditioning as a practical and effective strategy to broaden the
applicability and enhance the robustness of the LINGAM framework for
real-world causal inference.

Keywords: Causal Discovery - Data Preconditioning - LINGAM, As-
sumption Violation, CausalMorph.

1 Introduction

Within the field of causal discovery, algorithms are typically classified according
to the assumptions they impose on the data-generating process, most notably the
functional form of causal relations and the statistical properties of noise. Among
these, the non-Gaussian Linear family of models, epitomized by ICALINGAM
and its widely adopted successor DirectLINGAM, stands out for its theoretical
strength [15, 16, 6]. These methods can, in principle, recover the full causal graph
from purely observational data. However, this identifiability is strictly based on
the dual assumptions of linearity and non-Gaussianity [15]. In practice, data from
domains such as neuroimaging or economics seldom conform to both, severely
constraining the real-world utility of this otherwise powerful algorithmic family.

To address these limitations, a broad spectrum of non-linear causal discovery
models has been proposed [3,17,5,9]. Although such approaches capture richer
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forms of dependence, they typically incur substantial computational costs,
require large sample sizes, or introduce their own restrictive assumptions. As a
result, practitioners often face a trade-off: employ a sophisticated but potentially
unstable non-linear model, or rely on a simpler, well-understood linear approach
that risks misspecification. In this work a third path is explored. Rather than
developing yet another discovery algorithm, the central question posed is whether
observational data can be systematically transformed to satisfy the stringent
assumptions of the non-Gaussian linear framework [15, 16].

To this end, CausalMorph is introduced as a targeted data preconditioning
algorithm for LINGAM-based learners. The procedure follows a principled three-
stage pipeline: (i) linearization of potentially non-linear relationships, (ii) syn-
thesis of non-Gaussian residuals, and (iii) enforcement of independence between
causes and residuals. An extensive evaluation across 17,640 synthetic datasets
demonstrates several contributions. First, the CausalMorph algorithm consti-
tutes a novel preconditioning method that significantly improves the accuracy
of downstream learners, yielding a statistically significant 38. 4% reduction in
the mean structural Hamming distance (SHD). Second, a pronounced regular-
ization effect is observed: CausalMorph improves discovery accuracy even under
ideal LINGAM conditions, indicating mitigation of finite-sample artifacts. Fi-
nally, these gains broaden the practical applicability of the LINGAM family,
increasing robustness and reliability across a wider range of real-world settings.

2 Theoretical Framework and Problem Formulation

2.1 Structural Equation Models and Causal Graphs

The relationships among a set of p variables V = {Xj,...,X,} can be repre-
sented by a Structural Equation Model (SEM). The causal structure of such a
model is encoded as a Directed Acyclic Graph (DAG) G = (V, E), where each
directed edge X; — X, in the set of edges E indicates that X is a direct cause of
X;. The set of direct causes of X; is denoted by pa(X;). Acyclicity implies the ex-
istence of a valid causal order, denoted by <, such that for every edge X; — Xj,
it holds j < i. The observational data are given as a matrix X € R"*P, consisting
of n independent samples of the variables in V.

2.2 The Linear Non-Gaussian Acyclic Model (LINGAM)

The preconditioning target of this work is the data-generating process assumed
by the Linear Non-Gaussian Acyclic Model (LiNGAM) framework. Algorithms
in this family, including ICALINGAM [15] and DirectLINGAM [16], are notable
for their ability to identify the complete causal structure from purely observa-
tional data. This identifiability is possible only under a set of strict assumptions.
The SEM for a LINGAM process is given by:

Xi= Y. BiX;+E, (1)

Xj€pa(X;)
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where 3;; represents the linear causal effect of X; on X, and F; is an unob-
served noise term. The four assumptions required for identifiability are:

1. Linearity: The functional relationship between each variable and its direct
causes is linear and additive, as specified in Equation 1.

2. Acyclicity: The causal graph G contains no directed cycles, ensuring a well-
defined causal ordering.

3. Non-Gaussianity: The noise terms FE; are drawn from non-Gaussian dis-
tributions. This condition enables the use of techniques such as Independent
Component Analysis (ICA) or iterative regression to resolve causal direc-
tions, which are otherwise unidentifiable under Gaussian noise using only
second-order statistics.

4. Independence: Each noise term F; is statistically independent of the direct
causes pa(X;) and also independent of all other noise terms E; for j # i.

The synthetic data generator used in this study was designed to precisely
control these conditions. By tuning parameters such as the degree of non-linearity
and the noise distribution (‘dist‘), datasets can be created that either adhere to
or systematically violate the LINGAM assumptions. This provides a controlled
environment for assessing the effectiveness of the proposed approach.

2.3 Problem Formulation

The problem considered here is the mismatch between real-world observational
data and the idealized assumptions of the LINGAM framework. In particular, it
is assumed that the observed dataset X is generated by a process that can violate
both linearity and non-Gaussianity, thus limiting the identifiability guarantees
of LINGAM-based discovery algorithms.

The objective is to define a projection operator P such that the projected
dataset X* = P(X) lies closer to the space of data distributions that satisfy the
LiINGAM assumptions. When applying a LINGAM-based discovery algorithm
to X*, the estimated causal graph G* should provide a more accurate approx-
imation of the ground truth graph G than the graph G obtained directly from
X.

The proposed solution to this problem is CausalMorph, an algorithm that
realizes P through a principled preconditioning pipeline. Its purpose is to project
data distributions into a LINGAM-compatible space in a manner that enhances
the robustness and reliability of causal discovery while preserving underlying
causal relationships.

3 Background and Related Work

The field of causal discovery has produced a diverse ecosystem of algorithms,
each defined by a distinct set of assumptions and trade-offs. To properly situate
the contribution of CausalMorph, this section reviews the LINGAM family, al-
ternative non-linear approaches, and the role of data transformations in causal
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discovery. Particular emphasis is placed on the advantages of LINGAM that
motivate its pairing with CausalMorph.

3.1 The Linear Non-Gaussian Acyclic Model (LiINGAM) Family

LiNGAM represents a cornerstone of modern causal discovery. Its foundational
principle, first established in ICALINGAM [15], is that a linear causal model
with non-Gaussian noise is equivalent to the independent component analysis
model (ICA). This property enables unique identification of the full causal struc-
ture from observational data. Subsequent refinements, such as Direct LING AM
[16], further improved efficiency by directly identifying a causal order without
requiring iterative ICA.

The key distinguishing feature of LINGAM-based methods is that they return
a fully directed causal graph, rather than a Markov equivalence class. This is
a decisive advantage for applications where edge orientation is critical, such as
neuroimaging or econometrics. Moreover, the relative computational efficiency
and interpretability of LINGAM make it a practical choice for high-dimensional
data. The limitation, however, lies in its reliance on strict assumptions of linearity
and non-Gaussianity.

3.2 Beyond Linearity: Non-Linear Causal Discovery

To relax the LINGAM assumptions, a broad class of methods has been devel-
oped. Of particular interest are direct modifications and extensions of the algo-
rithm, which preserve its linear-non-Gaussian identifiability lever while broad-
ening scope:

— GroupLiNGAM ([7]: Extends LINGAM to sets of variables. By detect-
ing and ordering groups whose internal structure may be unresolved, Grou-
pLiINGAM returns a partially ordered block DAG that remains compatible
with the non-Gaussian identifiability of LINGAM.

— VAR-LINGAM / SVAR via non-Gaussianity [4]: Brings LINGAM
ideas to time series by exploiting non-Gaussianity in structural vector au-
toregressive models. Temporal structure plus non-Gaussian shocks enable
identification of contemporaneous effects along with lagged dynamics.

— LINGAM with latent confounders [2]: Addresses hidden variables in
non-Gaussian linear models. Under appropriate constraints, parts of the
causal graph remain identifiable despite latent confounding, extending the
applicability of LINGAM beyond strictly observed DAGs.

— LiM (Linear Mixed data) [18]: Target variables mixed-type (e.g. contin-
uous and discrete) within a LINGAM-style setting, adapting estimation to
heterogeneous data while retaining non-Gaussian orientation cues.

For context, broader nonlinear lines remain relevant:

— Additive Noise Models (ANMs): Relax linearity while assuming addi-
tive, independent noise [3].
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— Neural and gradient-based methods: e.g., NOTEARS [17], which casts
structure learning as smooth optimization; flexible but computationally heav-
ier and hyperparameter sensitive.

— Score-based and representation-learning approaches: e.g., TCL /nonlinear
ICA [5], and NoGAM 9], which leverage auxiliary structure (non-stationarity)
or scores to move beyond Gaussian noise. Some return only MECs; others
provide full orientation under additional assumptions.

This spectrum highlights a persistent trade-off: flexibility and generality of-
ten increase computational and sample complexity or weaken identifiability. In
contrast, LINGAM-family methods retain exact orientation under their assump-
tions, motivating the CausalMorph projection toward that regime.

3.3 Data Transformations in Causal Discovery

The idea of transforming data prior to analysis has a long history in statistics
and machine learning. Generic preprocessing, such as whitening, is commonly
applied, but these transformations can be counterproductive in causal discovery
[6,11,10]. For example, whitening destroys the distributional structure that ICA-
based methods require [6].

What is needed is not a generic preprocessing step, but a causally aware
projection that aligns the data with the assumptions of the chosen discovery
algorithm. This is precisely the role of the pressented algorithm. By project-
ing data into a LINGAM compatible space, CausalMorph retains the unique
advantages of the LINGAM family: efficient computation, interpretability, and
recovery of a fully directed causal structure, while mitigating the vulnerability
to real-world deviations from linearity and non-Gaussianity [15, 16, §].

4 Method: CausalMorph

CausalMorph is a data preconditioning pipeline that projects observational data
toward a regime more closely aligned with LINGAM assumptions. The procedure
is applied sequentially to each variable in a preliminary causal order. For a node
Y with tentative parent set X,,, three stages are performed: (i) MDL-guided local
linearization of the conditional mechanism, (ii) synthesis of non-Gaussian resid-
uals and (iii) orthogonalization of residuals with variance matching. Method-
ological details are given below.

— Stage I: MDL-guided local linearization. Parent data X, are standard-
ized to zero mean and unit variance. The conditional relationship between
Y and X, is approximated by fitting a polynomial p(X,), with the degree
chosen by minimizing the Minimum Description Length (MDL) criterion:

MDL = nlog(MSE + €105) + Ak, (2)

where n is the sample size, MSE the mean squared error of the fit, k& the
number of polynomial terms, A a penalty parameter and €} a small constant
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for numerical stability. A first-order Taylor expansion around a robust anchor
xo (coordinate-wise median of X)) yields

Yim = p(x0) + (Vp(x0)) ' (X, — Xo), (3)

with Vp(x¢) estimated by finite differences. The residual Eoig = ¥ — Yiin
captures stochastic noise and the remaining nonlinear effects.

— Stage II: synthetic non-Gaussian residuals. Residuals E,;; are whitened
to obtain a decorrelated representation and an associated coloring matrix.
Candidate non-Gaussian distributions (Laplace, Uniform, Exponential, and
Student’s t) are sampled, recolored using the same matrix, and evaluated
with the Shapiro-Wilk test. The candidate exhibiting the strongest evidence
against normality is selected, producing the synthetic residual vector Egynen.

— Stage III: orthogonalization and variance matching. An orthonormal
basis @) for span(X,) is calculated by QR decomposition. The projection of
Egyntn onto this subspace is removed,

Eortho = Esynth - QQTEsyntha (4>

ensuring linear uncorrelatedness with the parent set. To preserve the original
signal-to-noise ratio, Eorno is rescaled to match o(Eqg), and the variable
is reconstructed as:

9 (Eorig)

U(Eortho) ’ (5)

Ynew = Yiin + Eortho .

Repeating the three stages for all variables in the specified order produces
the projected dataset X*. The resulting data better align with the LINGAM
assumptions while retaining the original causal dependencies. Numerical safe-
guards (e.g., skipping variables with near-zero variance in parents or residuals)
enhance stability. The complete specification appears in Algorithm 1.
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Algorithm 1 CausalMorph Algorithm

Require: Data matrix X € R"*?, preliminary causal order O
Ensure: Projected data matrix X* € R"*?

1: X"+ X

2: for each variable index ¢ in O do

3 Y« X,

4:  Tentative parent set X, < {X ;| j < in O}

5 if X, # 0 and min; Var(X, ;) > ¢ then

6: Stage I: MDL-Guided Local Linearization
T Xsealed o Standardize(X))
8.
9

Choose d* € {1, ..., D} minimizing MDL = nlog(MSE + €10g) + Ak
Fit polynomial p(-) of degree d*; compute Yii, via first-order Taylor expansion
around median(X57'°?)

10: Eorig — Y - 1/lin
11: Stage II: Synthetic Non-Gaussian Residuals
12: (Zwhite, C) < Whiten(Forig) (C is the coloring matriz)
13: D* + arg min SW _ pvalue(Color(Z ~ D, C))
De{Laplace,Uniform,Exponential,t}
14: Egyntn < Color(Z ~ D*,C)
15: Stage III: Orthogonalization and Variance Matching
16: Eortho — Esynth - PrOjXP (Esynth)
, 0 (Eorig)
17: Eﬁnal — Eortho . U(Eortho)
18: Ynew — Yiin + Eﬁnal
19: X7 Yaew
20: end if
21: end for

22: return X*

Remark (Preliminary causal order). The input order O is a preliminary or refer-
ence order and does not necessarily coincide with the true causal order. It may be
obtained from prior knowledge, domain heuristics, or a rough initial estimator.
CausalMorph does not attempt to learn O; it uses O only to define tentative sets
of parents during projection. Inaccuracies in O do not invalidate the procedure
but can reduce the efficacy of the projection. In practice, O can be iteratively
refined (e.g. using a downstream LINGAM estimate on X*) and the projection
can be reapplied.

5 Experimental Setup

5.1 Synthetic Data Generation

A large-scale benchmark of synthetic datasets was constructed to investigate per-
formance under controlled violations of LINGAM assumptions. For each dataset,
a ground-truth DAG on the p nodes was sampled by adding a directed edge i — j
for ¢ < 7 with probability pconn, ensuring acyclicity. Given parents pa(X;), the
node values were generated by the SEM
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Xi = fipa(Xi)) + Ei (6)

where parent effects are aggregated linearly with random weights and then
optionally passed through a nonlinearity. Specifically, letting u; = ,B;r Xpa(i); the
mechanism is:

fixpa@) = (L—a)ui + ag(u), (7)

with g and « € [0, 1] controlling the degree of nonlinearity. Additive noise E;
is drawn node-wise from one of normal, uniform, Laplace, and exponential with
scale set by opoise = deviation.

5.2 Experimental Parameters and Evaluation Protocol

Synthetic data sets are generated on a factorial grid summarized in Table 1. For
each dataset, DirectLINGAM is executed (i) on the raw data and (ii) on the
projected data X* produced by CausalMorph, using reference hyperparameter
defaults. The resulting estimates G and G* are compared with the ground truth

DAG.

Table 1. Factorial grid for synthetic data generation. Parameter names mirror the
implementation.

Parameter Values

Graph structure

Number of variables (p) {5, 25, 40}
Connection probability (pconn) {0.25, 0.5, 0.75}
Data properties

Sample size (n) {50, 500, 5000}
Noise scale (onoise) {0, 0.25, 0.5, 0.75}

Proportion of Gaussian noise sources {0%, 25%, 75%, 100%}

Mechanism nonlinearity

Mode (mode) {linear, nonlinear}

Nonlinearity weight («) {0.25, 0.5, 0.75} (only if mode=nonlinear)

Primary metrics.

— Structural Hamming Distance (SHD). Number of edge additions, dele-
tions, or reversals required to transform the estimate into the ground truth
(lower is better).

— F1 (adjacency). Harmonic mean of precision and recall of the presence of
the edge, regardless of direction.



29

CausalMorph: Preconditioning Data for Linear Non-Gaussian Acyclic Models

Statistical testing.

For each configuration, the SHD is analyzed in a paired design by comput-
ing the differences per replica A = SHD,,w — SHDcn. The normality of A is
assessed with the Shapiro-Wilk test [14]. If normality is not rejected, a paired
test ¢ is used and Cohen’s d, is reported; otherwise, the Wilcoxon signed rank
test is applied and the size of the rank-biserial effect is reported. For all effect
sizes, 95% bias corrected and accelerated bootstrap confidence intervals (BCa)
are provided. Family-wise error across configurations is controlled through the
Holm procedure. An overall summary across the full grid is also reported by
aggregating the paired differences and applying the same testing protocol.

6 Results

CausalMorph was evaluated using the synthetic benchmark described in Sec-
tion 5. Across conditions, preconditioning with CausalMorph yields substantial
and statistically significant gains in the accuracy of causal discovery. Across the
entire grid, applying CausalMorph before Direct LiNGAM reduces mean Struc-
tural Hamming Distance (SHD) from 0.396 (raw) to 0.244, a relative improve-
ment of 38.4%. Improvements occur in more than 93% configurations and are
highly significant (paired t-test, £(17279) = 141.7, p < 0.001; Cohen’s d = 1.07).
Benefits persist in LINGAM-specific regimes (purely linear mechanisms with
fully non-Gaussian errors), where SHD still decreases significantly (p < 0.001;
Cohen d = 1.32), indicating a data-level regularization effect beyond correcting
assumption violations.

Gains are highest with stronger violations of the LINGAM assumptions. As
the proportion of Gaussian noise sources increases, a known challenge to identifi-
ability, the SHD gap between CausalMorph and the baseline widens (Fig. 1, left).
Under nonlinear mechanisms, the SHD is consistently lower with CausalMorph,
with a larger margin than in the linear case (Fig. 1, right).

The advantages are robust to the characteristics of the system. SHD decreases
with sample size for both methods, while a consistent CausalMorph advantage is
maintained across all (n,p) combinations (Fig. 2). The absolute SHD increases
with the density of the graph pconn for both methods, yet the improvement from
CausalMorph persists at all densities, indicating its applicability in sparse and
dense graphs (Fig. 3).

7 Discussion

Empirical results indicate that CausalMorph functions as an effective precondi-
tioning step for LINGAM-based discovery. Gains increase as the data-generating
process departs from LINGAM assumptions (greater Gaussian noise, stronger
nonlinearity) and remain present in regimes favorable to LINGAM, consistent
with a regularization effect. The three-stage design targets key drivers of iden-
tifiability: local linearization reduces model misspecification; residual synthesis
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Fig.1. Assumption stress tests. Left: SHD vs. proportion of Gaussian noise
sources; improvements increase as errors become more Gaussian. Right: SHD under
linear vs. nonlinear mechanisms; larger gains under nonlinearity.
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strengthens the non-Gaussian signal; orthogonalization removes first-order de-
pendence between causes and errors.

The trends in Figs. 1-3 are consistent with these mechanisms. Improvements
in ideal regimes suggest mitigation of finite-sample artifacts (e.g., sampling-
induced correlations, attenuated higher-order signal), effectively regularizing the
empirical distribution toward the target SEM. Current limitations include re-
liance on a preliminary causal order and the absence of finite-sample guarantees.

7.1 Future Work

— Comparative evaluation within the LINGAM family. Perform head-
to-head studies against direct LINGAM modifications and extensions only
(e.g., ICA-/DirectLINGAM variants, GroupLiINGAM, LINGAM with latent
confounders, VAR-/SVAR-LINGAM, mixed data adaptations). Use matched
protocols and metrics to isolate where a LINGAM-targeted projection is
beneficial relative to algorithmic variants that retain the linear-non-Gaussian
identifiability lever.

— Real-world application on fNIRS data. Apply the pipeline to functional
near-infrared spectroscopy datasets, evaluating robustness under physiolog-
ical noise and hemodynamic confounding, and compare specifically against
LiNGAM family baselines using domain-relevant endpoints (e.g., task-evoked
directed connectivity).

— Mathematical validation. Establish formal properties of the projection
independent of finite-sample analysis: (i) conditions under which the projec-
tion preserves (or improves) LINGAM identifiability; (ii) invariance results
(e.g., equivariance under admissible reparameterizations and scaling); (iii)
monotonicity of a suitable risk or contrast under the projection; (iv) exis-
tence/uniqueness and stability of the three-stage mapping; and (v) conver-
gence of iterated projection-estimation schemes to fixed points consistent
with LINGAM assumptions.

8 Conclusion

CausalMorph projects observational data toward a LINGAM-compatible regime
via local linearization, synthetic non-Gaussian residuals, and orthogonalization.
In large-scale simulations, the mean SHD is reduced by 38.4% on average, with
robust gains across sample sizes, dimensionalities, and graph densities, and with
regularization effects evident even in ideal regimes. These results broaden the
practical applicability of LINGAM-style methods and motivate further theoret-
ical analysis and real-world validation.
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Abstract. Prediction based on causal models has the advantage that
the relevant variables that affect the variable of interest can be identified,
providing, in principle, better results than using traditional statistical
(associative) models. In this work, we propose an approach to time series
prediction based on causal models. Historical data from a time series is
fed to a causal discovery algorithm; and the resulting structure is used to
perform predictions on the time series, based on causal relations between
variables. We also consider the case of subsampled time series, for which
the causal structure is recovered based on imputing missing data using
adversarial neural networks, and this is used for prediction. Experiments
on synthetic time series show that the predictions based on the causal
relations for both, the model learned with the original data and the one
with imputed data, obtain a significant reduction in the mean square
error compared to predictions based only on the variable of interest, and
on predictions based on all the variables. This reflects the importance of
knowing the causal interactions to make predictions based on the most
relevant variables. Then we demonstrate the application of the proposed
method on a real-world scenario on energy markets, to predict the daily
energy demand and electricity price.

Keywords: Causal Discovery - Time Series - Subsampling - Time Series
Prediction

1 Introduction

Time series analysis and forecasting constitute a well established and contin-
ually evolving area of research and interest, motivated by their critical role in
numerous domains, including economics, business, public policy, social sciences,
environmental monitoring, medicine, and finance. The ability to accurately an-
ticipate future observations is fundamental to a wide range of strategic planning
and decision-making processes. Although traditional forecasting models are often
based on statistical patterns and correlations, these approaches may not capture
the true generative mechanisms underlying the data. In particular, when tempo-
ral resolution is limited due to subsampling, standard models may infer spurious
associations or miss critical dependencies altogether.
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In this context, causal knowledge offers a more robust mechanism for pre-
dictive analysis by enabling not only the capture of observed correlations, but
also the inference of generative mechanisms that explain how variables interact
and influence each other. Incorporating causal information into the modeling
process can enhance interpretability, improve robustness under changes in the
data distribution, and guide the selection of relevant variables for forecasting.
This perspective is particularly valuable when dealing with high-dimensional
and temporally complex data (Peters et al., 2017). Incorporating causal knowl-
edge in variable selection has gained increasing attention as a means to improve
predictive modeling. Traditional feature selection methods often rely on statisti-
cal associations, which may include spurious correlations that do not generalize
across different settings. In contrast, causal variables, those that have a direct or
indirect effect on the target variable, are more likely to maintain their predictive
relation under distributional changes or interventions.

Inferring causal relations from time series data has served as the basis for
causal discovery in various fields such as climate systems, ecological networks,
effective connectivity in the brain, and finance (Hyttinen et al., 2017). However,
one of the main challenges of causal discovery from time series is that causal in-
teractions may occur on a time scale faster than the frequency of measurement
(Hyttinen et al., 2017; Lawrence et al., 2020), this phenomena is known as sub-
sampling. This can lead to a loss of valuable information to determine the true
causal relationships between events, resulting in significant errors in the obtained
causal structure, as shown in previous work (Danks and Plis, 2014). Although
causal discovery in subsampled time series is relatively under explored, it is a
challenge that must be addressed as it is common in practical applications.

In this work, we explore the use of causal discovery techniques in time se-
ries prediction, with a focus on data affected by subsampling. We propose a
two-stage methodology: first, we reconstruct the missing data using adversarial
neural networks to approximate original time series; second, we apply a causal
discovery algorithm to recover the causal structure, which is then used to select
input variables that are not merely correlated, but causally related to the target
variable, resulting in more robust and accurate predictions.

We validate the proposed approach using both, synthetic data and a real
world energy consumption dataset. Our experiments show that the predictions
based on the causal relations obtain a significant reduction in the mean square
error compared to predictions based only on the variable of interest, and on pre-
dictions based on all the variables. Additionally, incorporating causal knowledge
not only improves prediction accuracy but also enhances model interpretability
and robustness under challenging data conditions.

The paper is organized as follows. Background is provided in Section 2. Sec-
tion 3 reviews related work. In Section 4, we describe time series prediction using
causal knowledge. Section 5 presents the experimental results obtained from a
synthetic dataset and a real world scenario. Section 6 gives the conclusions and
directions for future work.
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2 Background

Time series are a sequence of data that can be denoted as X; = (X 14, X2, ..., X ki)
where k is the number of variables measured at discrete time steps, ¢ € [1,T].
Over the past several years, several approaches have been developed for time-
series prediction. In the following subsections, we briefly describe Bayesian and
neural network methods; and then we introduce the problem of subsampling.

2.1 Dynamic Bayesian Networks

Dynamic Bayesian Networks (DBNs) are an extension of Bayesian Networks
(BNs) to model temporal processes by capturing dependencies across time steps.
In this framework, the system is represented as a two-slice temporal Bayes net,
where each time slice includes a set of random variables, and directed edges
represent conditional dependencies both within and across slices. This allows
DBNSs to represent how a system evolves over time. DBNs are particularly use-
ful when the time series presents temporal and probabilistic dependencies, and
they support both inference and learning from time series data. For prediction
tasks, once the model has been learned from observed sequences, future values of
the variables can be inferred by propagating beliefs through the network using
algorithms such as particle filtering. These models have been applied in areas
such as speech recognition, finance, and health monitoring, offering a probabilis-
tic approach to temporal prediction that incorporates uncertainty and domain
knowledge (Murphy, 2002).

2.2 Neural Networks

Neural networks have gained popularity in time series prediction due to their
ability to capture nonlinear and complex interactions among variables. Artificial
Neural Networks (ANNs) have been applied to both, univariate and multivariate
prediction tasks, and architectures like Convolutional Neural Networks (CNNs)
have been adapted to capture local temporal patterns within fixed-size windows
(Lim and Zohren, 2021).

In recent years, deep learning approaches have shown an outstanding per-
formance in time series prediction, especially in scenarios involving long-term
dependencies and nonlinear dynamics. Recurrent Neural Networks (RNNs), and
particularly their variants such as long-short-term memory (LSTM) networks,
have been widely adopted to capture temporal correlations by maintaining mem-
ory of relevant past inputs. More recently, Transformer models have emerged as
state-of-the-art approaches for modeling time series to learn long-range depen-
dencies without recurrence (Wen et al., 2023). These models typically outper-
form classical methods when trained on large datasets, but come with increased
computational demands and model complexity.

Traditional forecasting methods rely on the identification of statistical re-
lations such as correlations or temporal patterns in the data. Although these
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Fig. 1. Causal structures for a time series with variables X, Y, Z. (a) Original structure.
(b) Structure obtained from subsampled data (every two time steps).

approaches have achieved notable success in various applications, they do not ex-
plicitly model causal relationships between variables. As a result, predictions may
be based on spurious associations. Ignoring causality also limits interpretability,
making it difficult to understand the factors that influence the variable of in-
terest. In contrast, incorporating causal knowledge provides a way to identify
the true relationships among data, offering predictions that are more robust to
interventions and distributional changes. Recent work suggests that using causal
information can enhance model generalization and lead to more reliable forecast-
ing, particularly in complex or non-stationary environments (Runge, 2018).

2.3 Subsampling in Time Series

One of the main challenges of using data collected in time series is that causal in-
teractions may occur at a different resolution than the one at which observations
are made (Hyttinen et al., 2017; Lawrence et al., 2020; Solovyeva et al., 2023).
When the sampling frequency is too low relative to the causal relations, crucial
information about cause-effect relationships can be lost. This is illustrated in
Figure 1, where the original causal structure is depicted in Figure 1(a), and the
modified structure that results from observing the system every two time steps is
shown in Figure 1(b). If it is assumed that the structure of Figure 1(b) is correct,
valuable information about the true causal relationships between the variables
is lost. This may lead to believe that variable Z can be intervened to control
Y, but the true influence of Z on Y is mediated by X. Thus, an intervention
in X would be more effective. Similarly, if the structure of Figure 1(b) is used,
the predictions of the behavior of the variables can be completely different from
those obtained if the true causal structure of the time series is used (Hyttinen
et al., 2017). This loss of information due to subsampling can significantly im-
pact the analyzes and the accuracy of predictions derived from observed time
series data. Specifically, when the sampling rate is insufficient to capture the
underlying causal mechanisms this not only affects causal inference but can also
affect predictive performance, as models may miss key temporal dependencies or
infer spurious relationships, leading to biased or less accurate forecasts (Runge,
2018).
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3 Related Work

We present a summary of related work, including approaches that incorporate
causal discovery in time series prediction; and causal discovery for the case of
subsampling.

3.1 Causal Discovery in Time Series

Recent studies have explored the integration of causal knowledge in time se-
ries prediction, showing that incorporating causal relationships can improve the
precision and robustness of the forecast. Kristjanpoller et al. (2025) proposed a
framework that integrates causal relations to predict financial time series, out-
performing traditional approaches. Tierney et al. (2023) developed a multivari-
ate Bayesian dynamic model for causal prediction, enabling sequential learning
and the analyzes of intervention effects in time series data. (Li et al., 2021) ad-
dressed the challenge of domain adaptation in time series forecasting by propos-
ing a method that leverages stable causal structures across domains to improve
generalization under causal conditional changes. In (Faruque et al., 2024), a
deep learning approach is proposed to learn temporal causal relations from non-
linear, non-stationary time series data. More recently, Tang (2024) conducted
an empirical study applying time series causal discovery algorithms to equity
markets, showing that strategies informed by causal structures can lead to prof-
itable investment outcomes. However, while these approaches incorporate causal
information to improve prediction, they generally assume that the observed data
reflect causal relations in the system and do not take into account the effects of
subsampling, an issue that can affect the causal relationships in the model and
degrade predictive performance.

3.2 Causal Discovery in Subsampled Time Series

As mentioned previously, if the time series data is undersampled, the true causal
relationships can not be obtained, in general. For this, Danks and Plis (2014)
developed an algorithm that allows learning a set of causal structures even if the
level of subsampling is unknown. This is performed through a graphical repre-
sentation of the causal structure of the time series. Subsequently, all the possible
causal structures are obtained, comparing them with the initial causal structure,
which may be affected by some degree of subsampling. In this way, if the new
structures are consistent with the original structure they are considered as a
possible causal structures, obtaining an equivalence class of causal structures.

Solovyeva et al. (2023) extend the previous approach by proposing a con-
straint satisfaction procedure which is computationally more efficient, and can
also recover from conflicts due to statistical errors.

The previous developments can find the set of possible causal structures that
are consistent with the under-sampled data, but can not select among these the
correct one. Mufioz-Benitez and Sucar (2024) proposes an approach to impute
the missing data due to subsampling in order to recover a unique causal structure,
which is incorporated in this work for prediction.
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4 Time Series Prediction Using Causal Knowledge

The approach proposed in this work aims to minimize the impact of subsampling
on time series data and to incorporate causal knowledge to optimize prediction.
The method is structured into two stages: i) imputing missing data in the sub-
sampled time series to recover the true causal relationships among the variables;
and ii) include causal knowledge to identify the most relevant variables for pre-
dicting the target variables.

4.1 Data Imputation in Time Series Data

Imputation methods estimate missing values by leveraging the available data,
resulting in a more complete dataset. Mutioz-Benitez and Sucar (2024) proposed
a method to impute the missing data in a subsampled time series, based on an
adversarial neural network to generate the missing values. This work demon-
strates promising results in the context of causal discovery; in this paper we
apply this technique for time series prediction.

4.2 Prediction Based on Causal Knowledge

We propose a feedforward neural network architecture designed to incorporate
causal knowledge for predicting variables in multivariate time series data. Based
on a prior causal analysis, the model identifies which variables directly affect
the target variable. This information is used in a more focused, efficient, and
interpretable predictive model.

The model architecture consists of a dense neural network with an input layer
followed by three hidden layers, see Figure 2. The input layer includes only those
variables that have been identified as causal parents of the target variable, as
determined by the causal graph. The output layer is a dense layer with a single
unit and linear activation, producing the predicted value of the target variable.
The model learns to map combinations of causally relevant input variables to the
target variable, which reduces dimensionality and simplifies the training process.

Causal knowledge is incorporated through the selection of input variables.
Instead of using all available variables, the model receives only those that have
been identified as direct causal parents of the target variable. This selective input
reduces noise and enables more accurate predictions. Formally, the prediction of
a variable X; is modeled as:

X, = fo (Pa(X,)) (1)

where Pa(X;) denotes the set of causal parents of X;, and fy is the function
approximated by the neural network with parameters 6. This enables a more
robust architecture, guided by the causal structure of the system. Figure 2 shows
a time series with several observable variables X1, ..., X 10 but only those relevant
to the target variable are selected X5, X6, X8.
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Fig. 2. Architecture of the prediction model. The relevant variable are selected and
used as input for the model. The output is the target variable which is affected by its
parents in the causal graph.

5 Experimental Results

5.1 Synthetic Data

As an initial experiment, we generated a synthetic dataset consisting of 10,000
samples and 10 variables. Causal relationships between variables were allowed to
emerge with a minimum time lag of 2 and a maximum of 4. The probability of a
causal edge between any pair of variables was set to 10%. All variable values in
the dataset were sampled from a Gaussian distribution. The PCMCI algorithm
(Runge, 2018) was used as causal discovery algorithm in order to obtain the
causal structure used as ground truth for our approach. Figure 3(a) shows the
causal structure obtained from the time series data.

To simulate the effect of subsampling in the time series, the dataset was
modified to simulate observations every 2, 3, and 4 time lags. As can be seen
in Figure 3, the causal structure is degraded, modifying the times at which the
causal relationships are present, and even eliminating some.

The imputation approach was used to generate the missing data for the
time series. These time series with imputed data were used to learn the causal
structures for each subsampling scenario. The recovered causal structures are
shown in Figure3(e)-(g). The recovered causal structures maintain most of the
original causal relationships, although in some cases the times at which the
relationships are reflected are not the same.

Incorporating causal knowledge into time-series forecasting can help to im-
prove prediction accuracy, as only relevant variables that affect the target vari-
able are used. Furthermore, the use of time series with imputed data minimizes
the effect of subsampling on the predictions. In all experiments, a prediction
horizon of one time step was used, meaning the model predicts the value X;11
based on observations up to time t. To validate the accuracy of the prediction,
200 data points not observed by the model were used (Figure 4), which serve to
compare the predictions of variable X5 using only historical data for the same
variable (red), the predictions using all the variables (blue), and the predictions
using only the relevant variables (green). The results show a significant improve-
ment on the Mean Square Error (MSE) when using the variables of the causal
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model learned with the imputed data against the one based on the subsampled
data; and even against using all the variables. Table 1 summarizes the results
for the different levels of subsampling. Increased levels of subsampling severely
affect the accuracy of time series predictions; however, the predictions using
the models discovered with the imputed data still have a relatively low error,
significantly lower than the other models.

Level Data affected Data using Data using
of by . .
. . all variables|relevant variables
subsampling| subsampling
2 1.459 0.044 0.009
3 1.55 0.10 0.04
4 3.18 0.92 0.049

Table 1. Prediction results for a horizon of one time step, in terms of MSE, of the
data affected by different levels of sub-sampling.

(a) Original Causal Structure

(b) Subsampling 2

(c) Subsampling 3

(d) Subsampling 4

x8 x

(e) Imputed data in subsampling 2

2 Y

s .

(f) Imputed data in subsampling 3

(g) Imputed data in subsampling 4

Fig. 3. Causal structures discovered for the synthetic dataset. (a) Original causal struc-
ture. (b), (c), (d) Causal structures of the dataset affected by subsampling every 2, 3
and 4 time steps, respectively. (e), (f), (g) Causal structures learned with the imputed
data, corresponding to the same subsampling rates, 2, 3 and 4 time steps, respectively.
The causal graphs are shown using a compact representation known as rolled graph,
that indicates the causal links with a number corresponding to the time lags, and the
width the indicates the strength of the relation.
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Fig. 4. Prediction of variable X5 for a time series affected by a subsampling rate of 2.
The predictions are compared using 200 data points not seen by the model (black). If
the data set affected by subsampling is used, the predictions are inaccurate and present
the highest error (red). However, if causal information from the model learned from
the imputed data is used, the predictions resemble the original data (green), providing
the lowest MSE, even lower that using all the variables (blue). (Best seen in color.)

5.2 Real Scenario: Predicting Daily Energy Price

The proposed approach was evaluated on a real-world dataset of an energy mar-
ket. It includes data from a total of 2,016 days, covering the period from January
1, 2015 to October 6, 2020 (Kozlov, 2020), from residential users in Victoria,
Australia. The data collected reflected the total daily demand in MWh (de-
mand); the recommended retail price in AUD$ MWh (RRP); daily demand
at positive RRP in MWh (demand pos RRP) and their respectively price
(RRP_ positive)!; daily demand at negative RRP (deman neg-RRP) and their
respectively price (RRP_negative)?; and the dataset included weather data
from temperature (min temperature and max _temperature); solar exposure
(solar _exposure) and rainfall in mm (rainfall).

The causal discovery algorithm was applied to infer the causal structure
among the variables. The resulting graph, shown in Figure 5(a), highlights how
the variables influence one another within the system. From the model we can
observe some interesting relations. When the fraction of time with negative prices
(frac_at_neg RRP) increases, the overall average daily electricity price (RRP)
tends to decrease. This is, when licensed users produce more energy than re-
quired, the price tends to decrease. Electricity prices, particularly RRP and
RRP _positive, emerge as key drivers of demand patterns. This suggests that
sustained periods of oversupply lead to both lower peak prices and more fre-
quent or prolonged instances of negative pricing. The causal graph also indi-
cates that solar exposure plays a role in shaping energy demand and electricity
consumption behavior. This reflects the power of causal analysis, where causal
relationships help to explain the behavior of the observed phenomenon beyond
the correlation between variables.

! This represents the energy sold by the state.
2 This represents the energy sold to the state by licensed users.
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Fig. 5. Causal structure of the dataset on daily energy demand. (a) Original causal
structure. (b) Causal structure affected by a subsampling rate of 2. (¢) Causal structure
with imputed data.
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Fig. 6. Prediction of the recommended retail price (RRP) based on 200 data points not
seen in training (black). The use of historical data (red) is compared against using all
variables (blue) and only the related variables that affect the target variable (green).
(Best seen in color.)

Based on the causal model, the relationships obtained in the causal graph
were used for prediction, with the recommended retail price (RRP) as the target
variable. In this way, by using only the relevant variables that affect the target
variable, it was possible to obtain a prediction much closer to the real values.
As can be seen in Figure 6, using historical data for the same variable generates
an accuracy with a 6.26% MSE (red). If all the variables are used, this error is
reduced to 4.20% (blue). When using only the direct causal influences, the error
is even lower, 3.6% (green).

The original dataset was collected daily, so to evaluate the impact of sub-
sampling, we consider a scenario in which the collected data is affected by a
subsampling rate of 2. As shown in Figure 5(b), most of the causal relations are
lost and the causal relations that remain appear at incorrect time lags compared
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Fig. 7. Prediction of the recommended retail price (RRP) using the dataset affected
by subsampling. The results from the model learned from the data affected by subsam-
pling (red) are very different to the original values (black). Based on the causal model
obtained with the imputed data, taking into account all variables (blue) and only the
related variables that affect the target variable (green), a significant reduction in the
MSE is obtained. (Best seen in color.)

to the original structure. However, the causal structure obtained from the im-
puted data, Figure 5(c), is very close to the original structure. This structure
was used for selecting the relevant variables for predicting RRP. Figure 7 shows
the results using the data affected by subsampling, increasing the MSE to 23.7%
(uni-variate). However, incorporating the imputed data the error decreases to
7% using all the variables and 5% using only the causally-relevant information.
This demonstrates the advantage of the proposed approach in minimizing the
effect of subsampling, and of using causal knowledge to improve predictions in
complex, real-world scenarios.

6 Conclusions

This work proposes a novel methodology for time series prediction based on
causal discovery, particularly in contexts where the data is affected by subsam-
pling. By using adversarial neural networks for data imputation, the proposed
approach reconstructs a more complete time series, enabling accurate causal dis-
covery. The resulting causal graph is then used to focus only on the causally rele-
vant variables for prediction. The approach was validated on synthetic data and
a real-world energy market, showing that predictions based on causal knowledge
consistently outperform those based on historical data of the predicted variable,
and even those based on all the variables. The proposed method is particularly
effective in mitigating the negative impact of subsampling on causal discovery
and prediction. As future work, we will test our approach on longer term pre-
dictions, and in other application domains.
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Abstract. Causal analysis and discovery from observational data is
highly relevant for understanding how economic drivers like productivity
ones can have an effect on key indicators like financing, or viceversa.
While a single causality approach can provide important insights, there
are cases when it might be insufficient to capture the complexity of the
real effects in the economic sector. For this reason, it becomes relevant to
complement traditional models with other techniques such as Machine
Learning ones, which allow a richer and more flexible exploration of
patterns. Combining these two elements is an innovative approach to
explore, understand, contrast and challenge different existing theories, and
to provide a different perspective and interpretation of them. This paper
then integrates both perspectives by first implementing an unsupervised
analysis with a clustering methodology to segment similar countries
into groups based on their macroeconomic structures and trajectories,
followed by applying Granger causality tests to evaluate the dynamic-
causal relationship between economic growth and private sector financing
within each cluster. The results show that the dynamic-causal effect is
not universal, enriching the way that economic theory is understood and
applied.

Keywords: Economic growth - Private sector credit - Unsupervised
learning - Clustering - Granger causality

1 Introduction

The relationship between financial development and economic growth has been
widely studied and has been a subject of debate across different theorists [1,2].
Two perspectives are the most representative: while some authors argue that the
economic growth follows the levels on financing, driven by the intuition that with
more available credits, the producers of goods and services could produce more,
then the Gross Domestic Product (GDP) would be increased too; some others
defend a position which states that favorable economic conditions, including
growth, must be seen previous to see financial companies motivated to increase
their loans.

From the first approach, one of the most influential contributions come from
Schumpeter [1], who proposed that financial institutions play a crucial role by
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channeling resources into innovative projects, which in turn drive long-term
economic growth.

In contrast, Robinson [2] claimed that it is the dynamic economic environment
what drives the conditions for financial development, suggesting the causal
direction runs the other way around. Within his analysis, he emphasize that in
an evironment of sustained economic growth and certainty on future perspectives,
the creation of new companies and projects is encouraged, which increases both
the demand for and supply of credit.

Later on, empirical evidence reinforced both sides of the debate. King and
Levine [6] showed that countries with more developed financial systems tend to
experience faster growth, while Beck, Levine, and Loayza [8] found that private
credit is positively linked to productivity improvements. Still, these studies often
treat countries as a homogeneous group, which limits the ability to capture
structural differences across economies.

This paper builds on the idea that the financing and economic growth rela-
tionship is not universal but context-dependent, which means that one variable is
caused by the other depending on the type of economy that it is observed. To test
this hypothesis, we apply unsupervised learning techniques to segment countries
into groups with similar macroeconomic trajectories and structural conditions.
Within each cluster, we then analyze correlations and conduct Granger causality
tests to identify the dynamic direction of the relationship between private credit
and GDP. By combining clustering with causal testing, the study provides evi-
dence that the financing levels and economic growth nexus varies across contexts
and cannot be explained by a single theoretical framework; instead, this should
be studied differently depending on the economic context. Concretely, the con-
tribution of this paper is to enrich the economic theory analysis by providing a
novel approach that combines, for the first time, both macroeconomic-structural
conditions with clustering and causal analyses.

2 Related Work

The debate, on whether finance leads or follows economic growth, has been open
for more than a century. Schumpeter [1] saw financial systems as engines of
innovation, while Robinson [2] argued that it is growth itself that creates the
demand for finance.

Later, some early empirical works tried to measure this link more systemat-
ically. Goldsmith [3] showed that countries with deeper financial systems also
tended to grow faster. McKinnon [4] and Shaw [5] added to this view with the
“financial repression” hypothesis, suggesting that restrictive policies slow down
investment and that liberalization could instead boost economic activity.

In the 1990s, the debate gained momentum with broader cross-country evi-
dence. King and Levine [6] showed that the financial depth is strongly associated
with long-run growth. Levine [7] reviewed the literature and outlined the main
channels linking finance and growth, helping to consolidate the previous results.
Then, Beck, Levine, and Loayza [8] also showed that private credit matters for



48 Applications

Clustering-based Causality Analysis of GDP and Financing levels nexus

productivity and GDP, while recognizing at the same time that causality could
go both ways.

More recently, the perspective has moved to heterogeneity in the approaches.
Mhadhbi et al. [9] used a bootstrap panel Granger approach and found that
the direction of causality differs across countries. Abbas et al. [10] added a
time—frequency perspective, showing that results can change in the short versus
the long run. Kchikeche and Mafamane [11], looking at Morocco, confirmed that
causality can even shift depending on the horizon: short-run effects go from credit
to growth, but in the long run feedback prevails.

Although our approach shares conceptual similarities with Mhadhbi et al. [9],
our approach differs in an important way. Instead of testing heterogeneity directly
on a pooled panel, we first segment countries into groups with similar macroeco-
nomic structures and then apply Granger causality within each group. This allows
us to control explicitly for cross-country structural differences before evaluating
dynamic relationships. As a result, our findings complement and extend it by
showing that heterogeneity is not only present, but also that it follows clear
macroeconomic patterns derived from the clustering step.

Overall, these contributions reveal two key points: first, that the fi-
nance—economic growth relationship is not universal; and second, that both
the empirical method and the context are important factors in the results.
However, none of these consider an approach that combines a segmentation
of countries with causal testing inside each group. This is precisely what
our study contributes: by clustering economies with similar macroeconomic
conditions and then applying Granger causality, we show that the direction of
the finance-economic growth link depends on the type of economy, not on a
single global pattern.

3 Data and Exploratory Analysis

3.1 Data Sources

This study takes into account three widely recognized international databases.
Quarterly GDP was obtained from the IMF’s Quarterly National Accounts [12].
Quarterly Private sector credit (as a percentage of GDP) was taken from the
Bank for International Settlements (BIS) [13]. Finally, annual indicators such as
credit, GDP variation, per capita GDP, inflation and unemployment were sourced
from the World Development Indicators (World Bank) [14]. These sources ensure
consistency and comparability across countries. The last source of information
with annual data was leveraged to perform the clustering analysis, while the other
two sources with quarterly data were leveraged for the causal analysis because of
their more frequent representation. As a result, the time series leveraged for the
cluster analysis contain the annual data from 2005 to 2022, while the data for
the causality tests are represented from 1Q2005 (i.e., first quarter of 2025) to
3Q2024.
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3.2 Descriptive Statistics

Taking into account the availability of data across the three sources of information,
and driven by three main criteria: i) keep the bigger amount of countries with
consistent data; ii)capture representative periods with different economic and
financial conditions globally; and iii) maintain a sufficient number of observations
to apply statistical tests, this analysis focuses on 30 countries: Australia, Austria,
Belgium, Brazil, Chile, China, Colombia, Denmark, Finland, France, Germany,
Greece, Hong Kong, Hungary, Ireland, Israel, Italy, Japan, Luxembourg, Malaysia,
Mexico, Netherlands, Norway, Poland, Portugal, South Africa, Spain, Sweden,
United Kingdom, and United States.

3.3 Descriptive Statistics

The dataset for clustering analysis covers 30 countries between 2005 and 2022.
Table 1 reports descriptive statistics for the main variables. In addition, in
Figure 1, it is possible to note that the variables show a high heterogeneity, for
example, in the variables of private credit or inflation, where there are outliers
and large dispersions.

Table 1: Descriptive statistics of main variables

Variable Min | Mean | Max |Std. Dev.
GDP growth (%) -10.94] 2.27 | 24.62 3.64
Per capita GDP growth (%)|-11.37| 1.56 | 23.44 3.58
Inflation (%) -4.45| 2.52 | 14.61 2.27
Unemployment (%) 2.35 | 7.89 |34.01| 5.25
Private lending (% of GDP)|15.31|106.36|264.44| 47.12

Individual distribution of macroeconomic variables (2005-2022)
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Fig. 1: Distribution of macro economic variables for cluster analysis (2005-2022).
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3.4 Preprocessing

Annual data from the World Bank used in the clustering exercise were employed
as published, without additional transformations. For the causal analysis, however,
quarterly GDP and private sector credit were adjusted to obtain comparable
measures in terms of year-on-year growth rates. This required first converting
credit, originally expressed as a percentage of GDP, into local currency values
using IMF GDP series as the base. Both GDP and credit were then transformed
into annual growth rates by comparing each quarter with the same quarter of
the previous year.

After this step, additional datasets were created by including up to four
quarterly lags for each variable, ensuring that every observation contained both
the current value and its lagged terms.

3.5 Target Variables and Data Organization

For the clustering analysis, the objective was to group countries into homogeneous
clusters based on their structural macroeconomic profiles. Five annual indicators
from the World Bank were selected for this purpose: GDP growth, GDP per
capita growth, inflation, unemployment, and private sector credit, as defined
above.

In contrast, the causal analysis required explicit target variables, which for this
study are represented as Y. Quarterly GDP and private credit were transformed
into year-on-year growth rates, allowing comparability across countries of different
sizes and reducing the effect of trending levels. Two specifications were tested:

— Annual percentage change (A %) of Credit (C) at time ¢ as a function of the
lagged annual percental change of GDP at time (quarter) t-1, t-2, t-3, t-4:

A% Cy = f (A% PIB,_y, A% PIB,_s, A% PIB,_3, A% PIB,_;) (1)

— Annual percentage change (A %) of GDP at time t as a function of the
lagged annual percentage change of Credit (C) at time (quarter) -1, ¢-2, -8,
t-4:

A% PIB; = g (A% Ci—1, A% Ci_o, A% Ci_3, A% Ci_4) (2)

where f(-) and g(-) are distinct functions representing the causal relationship in
each direction. In the first case, the objective is to evaluate whether past values of
GDP growth help explain credit growth (Cy); in the second, whether past values
of credit growth help explain GDP growth (GDPFP;). This separation emphasizes
that the functional form and significance of lagged effects may differ depending
on the causal direction being tested.

The datasets were structured according to the type of analysis. For clustering,
a wide panel was created, with each row representing a country and columns
capturing annual values of the five macroeconomic indicators from 2005 to 2022.
For causal testing, longitudinal datasets were built for each cluster, where each
row represented a country—quarter observation with the annual growth rate of the
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target variable and its corresponding lags. In total, six datasets were generated
(three clusters, two directions of causality), each providing the necessary structure
for the subsequent econometric models.

4 Methodology

The methodological pipeline consists of three main steps: (i) unsupervised learning
by clustering analysis of countries into homogeneous groups, (ii) correlation
analysis between GDP and credit growth with quarterly lags; and (iii) Granger
causality tests to evaluate dynamic interactions. Figure 2 illustrates the overall
process.

Data preparation Clustering analysis
(annual & quarterly variables) (Agglomerative vs. K-means)
Y

Granger causality tests Correlation analysis
(directional dynamics) (GDP vs Credit, lags 1-4)

Fig. 2: Methodological pipeline.

4.1 Clustering analysis

Clustering algorithms were applied to group countries according to their struc-
tural macroeconomic characteristics. Two algorithms were tested: K-means and
Agglomerative Clustering [17,18]. Performance was assessed using the Silhouette
Score [19], complemented by dimensionality reduction visualizations [15,16]. The
final grouping was obtained with Agglomerative Clustering, as it provided both
statistical consistency and economic interpretability.

It’s worth to notice that countries were not clustered based on raw time-series
trajectories but on their annual macroeconomic indicators arranged as a wide
panel, where each country is represented by a vector containing its values from
2005 to 2022. Thus, each country is represented by a multi-dimensional feature
vector rather than by its full time-series sequence. For this reason, no DTW was
required; Euclidean distance on the standardized panel was used.

Then, boxplots of GDP growth, GDP per capita growth, inflation, unem-
ployment, and private credit were used to characterize each cluster, highlighting
distinctive macroeconomic patterns.

4.2 Correlation analysis

After clustering, pairwise correlations were computed between GDP and credit
growth, considering up to four quarterly lags. This step served as an initial



52 Applications

Clustering-based Causality Analysis of GDP and Financing levels nexus

exploration to detect potential dynamic associations. Heatmaps were used to
visualize correlation patterns by cluster.

4.3 Granger Causality Tests

Correlation alone cannot establish directional relationships. Therefore, Granger
causality tests [20] were performed to evaluate whether past values of one variable
improve the prediction of the other. Two competing models are estimated:

P
Restricted model (no X): Y; = ag+ Z a;Yi—i + ug, (3)
i=1

P P
Unrestricted model (with X): Y; = 5y + ZﬁlYt,Z + Z%Xt,i +ee (4)

i=1 i=1
where:

— Y;: value of the dependent series at time ¢

— X;_;: value of the explanatory series X at lag ¢ (period ¢ — )

— Yi_;: lagged value of the dependent series Y at lag ¢ (period ¢t — 7)
— o, Bo: intercept terms of each model

— a4, Bi: coefficients associated with the lagged values of Y

— ~;: coefficients capturing the effect of lagged values of X on Y

— uy, € stochastic error terms of each model

p: number of lags considered in the specification

t: time index of the series, with t =1,2,...,T

The null hypothesis of no Granger causality from X to Y is:
Hoz’yl:"yzz---:’ypzo

against the alternative that at least one ~; # 0. The test is conducted using an
F-statistic comparing restricted and unrestricted models.

The procedure was applied in both directions (GDP — credit and credit —
GDP) within each cluster, allowing the analysis to capture whether the dynamic
relationship depends on the type of economy.

It is important to note that Granger causality evaluates whether past values
of X improve the prediction of Y relative to a restricted model that includes only
lagged values of Y. In our context, this corresponds to comparing the unrestricted
specification in Equation (4) with the restricted model in Equation (3). Thus,
the test captures predictive direction based on temporal precedence, but not
structural or mechanistic causality.



53

Flores-Nava and Roman-Rangel

5 Results

5.1 Clustering analysis

We evaluated two algorithms: K-means and Agglomerative (both with & = 2
to k = 5), on the five annual macro indicators (GDP growth, GDP per capita
growth, inflation, unemployment, private credit). Both techniques achieved close
Silhouette scores for each k, as shown in Table 2.

Table 2: Silhouette scores by clustering technique (k = 2-5).

k Agglomerative KMeans

2 0.4506 0.4237
3 0.4081 0.4048
4 0.3274 0.3622
) 0.3522 0.3667

Although the highest Silhouette score values were obtained for k = 2, having
only two clusters was considered too restrictive to capture the heterogeneity, and
difficult to describe intuitively. In comparison, for k = 3, the Silhouette scores
remained reasonably high while the country distribution across clusters reflected
clearer and more interpretable macroeconomic profiles. Therefore, k = 3 was
selected as the most appropriate parameter.

Regarding the choice of algorithm, K-means provided acceptable results but
showed less well-defined boundaries between groups. In contrast, the Agglom-
erative produced clusters that were more coherent and aligned with expected
macroeconomic behavior, as confirmed both numerically and visually. The hierar-
chical structure highlighted in the Ward-linkage dendrogram (Figure 3) supported
the robustness of the solution with three clusters; in addition, the PCA projection
showed in Figure 4 confirms a good segmentation. Consequently, Agglomerative
clustering was chosen as the preferred technique.

Figure 5 highlights the economic interpretation of each group: Private credit
represents the most discriminative variable with more dispersion between clusters:
Cluster 2 shows very high levels (aprox. 180% of GDP, on average), Cluster 3
the lowest, and Cluster 1 an intermediate between the other two. Inflation and
unemployment are lowest in Cluster 2 and highest in Cluster 3, while economic
growth indicators (total and per capita) remain less dispersed across groups.
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The clustering allowed to then identify three groups of coutries with similar
patterns inside each group but with differences between each other. The cluster
1, that we named “Developed and in transition economically stable” gathers
economies mostly developed with others which are in advanced transition, which
are characterized by a moderate growth, contained levels of inflation and un-
employment, and an intermediate financial deepening. The cluster 2, “Highly
developed, competitive and stable”, groups the most consolidated economies,
with a low inflation and unemployment, and high credit access. Finally, the
cluster 3, “Emerging and dynamic intermediate markets with macroeconomic
risk”, represents economies with a major growth dynamism, but with high levels
of inflation and unemployment at the same time with lower levels of financing.
This segmentation provides the structural backdrop for the dynamic analysis.

5.2 Correlation analysis (GDP vs. Credit)

Pearson correlations between year-on-year GDP growth and credit growth with
lags 1-4 in both directions (lagged GDP with current credit; lagged credit with
current GDP) were computed. Figure 6 shows heatmaps by cluster.
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The previous evidence shows that correlation magnitudes differ across clusters
and tend to be stronger at shorter lags (1-2 quarters). This motivates formal
directional tests. However, simple correlations suggest dynamic association but
cannot establish direction nor control for own-lag persistence, hence the move to
Granger tests.

5.3 Granger Causality Tests

For each country, we performed Granger tests in both directions using quarterly
lags p € {1,2,3,4}, based on the models defined in equations (3) and (4), and
tested Hy : 1 = -+ =, = 0 with a F-test at the 5% significance level [20].

The results were summarized by cluster using the following rules: (i) Uni-
directional if Hy is rejected in o = 0.05 in one direction only (at least one
significant lag in one direction by the F' test and none in the opposite direction);
(ii) Bidirectional if Hy is rejected at o = 0.05 in both directions (at least one
significant lag in both directions); and (iii) No evidence if Hy is not rejected at
a = 0.05 in either direction.

Table 3: Granger causality outcomes by cluster (number of countries).

Cluster Bidirectional Credit - GDP GDP — Credit No evidence
Develop»ed and in transition 3 1 9 1
economically stable

Highly developed, 4 1 0 0

competitive and stable

Emerging and dynamic
intermediate markets with 3 2 0 2
macroeconomic risk
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According to the Table 3, it is clear that cluster of “Developed and in transition
economically stable” concentrates bidirectional causality, with this both variables
can cause the other. The cluster of “Highly developed, competitive and stable”
countries is mostly Credit — GDP. While, finally, cluster “Emerging and dynamic
intermediate markets with macroeconomic risk” exhibits mixed patterns with
frequent bidirectionality, for which it is more difficult to reach a sigle direction or
rule of causality.

6 Conclusions

The paper addresses the complex and context-dependent relationship between eco-
nomic growth and private credit. While much of the literature assumes a universal
or unidirectional causality, this study examines whether this causality depends
on country heterogeneity by grouping economies with similar macroeconomic
characteristics.

Our contribution lies in combining unsupervised clustering with Granger
causality tests. Countries were first segmented by five macroeconomic indicators,
and then, causal dynamics between GDP and credit growth were analyzed using
quarterly data. At the dynamic level, we find that causality patterns vary by
cluster: in advanced economies, credit frequently precedes growth; in intermediate
or emerging economies, the relationship is more often bidirectional, reflecting
feedback loops; while in some cases in the less advanced economies, no causal
evidence was found, which might imply that economic growth and financing are
complex variables, difficult to determine one with the other.

These findings suggest that the finance—growth nexus cannot be generalized
but must be interpreted in each structural context. For policymakers, financial
deepening should be tailored to local conditions, while researchers can benefit
from combining machine learning and causal inference, to generate new insights
into long-standing debates in economics. Future research could expand the
dataset, explore alternative clustering methods or structural causality methods,
or incorporate additional macro-financial variables.
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Abstract. This work presents the development of an intelligent system based on
causal inference to optimize the insulin bolus calculation for patients with type 1
diabetes. The GRaSP (Greedy Relaxations of the Sparsest Permutation) algo-
rithm was applied to the HUPA-UCM 2024 dataset to identify causal relation-
ships between physiological and behavioral variables. Different data transfor-
mations were tested, and medical knowledge constraints were integrated to im-
prove the consistency of the inferred graphs. Preliminary results show structural
improvements with the applied constraints, although inconsistencies due to un-
observed confounders and non-normality in the data persist. This study demon-
strates the potential of causal models to support personalized insulin calculation
and glycemic control.

Keywords: Artificial Intelligence, Causal Inference, GRaSP, Health Technol-
ogy, Insulin Bolus Calculation, Type 1 Diabetes.

1 Introduction

Type 1 diabetes mellitus (T1DM) is a chronic, non-preventable, and incurable disease
that requires strict control of blood glucose levels [1]. Insulin bolus calculation is one
of the pillars of treatment; however, current methods rely on empirical or predictive
approximations that do not account for causal relationships among the variables in-
volved. Accurate insulin bolus calculation in patients with type 1 diabetes mellitus
(T1DM) is one of the most complex challenges in glycemic control. Applying a higher-
than-necessary bolus can lead to hypoglycemia with fatal consequences, while using an
insufficient bolus can lead to hyperglycemia, which, if persistent, will cause long-term
complications such as diabetic retinopathy, kidney failure, heart disease or stroke, dia-
betic neuropathy, limb loss, and others [2]. This implies high costs for patients and their
families, the public health system, and the patient's economically active life [3]. Tradi-
tionally, dose adjustment has been based on empirical equations that consider the
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carbohydrate-insulin ratio, patient sensitivity, and pre-meal glucose levels. However,
these approaches lack adaptability to daily physiological variability and the multiple
external factors that influence glycemic response.

Over the past decade, several studies have incorporated artificial intelligence (Al)
techniques to automate and personalize bolus calculation. Among them, Noaro, Capon
et al used quadratic LASSO regression (LASSO\(_Q\)) to improve dose estimation,
reducing the frequency of hypoglycemia in simulations [4]; Zhu, Taiyu et al, imple-
mented deep reinforcement learning (DRL) to optimize prandial dosing, increasing
time in range (TIR) in adults and adolescents [5]; and Kalita et al. [6] developed
InsNET, a deep neural network capable of predicting basal and bolus doses with high
accuracy. Although these systems have shown promising results, they share a funda-
mental limitation: they are black boxes. These correlational models prioritize predictive
accuracy over interpretability, understanding of underlying physiological mechanisms,
and identification of the causes of post-pandemic glucose, which depend on the patient's
context and the insulin bolus administered.

In this context, the GRaSP (Greedy Relaxations of the Sparsest Permutation) al-
gorithm [7] emerges as an alternative based on causal inference capable of identifying
structural relationships between clinical, behavioral, and metabolic variables. Unlike
traditional Al methods, GRaSP not only predicts but also uncovers direct causal de-
pendencies between factors such as preprandial glucose, carbohydrate intake, exercise,
basal and bolus insulin doses, providing a solid theoretical basis for clinical decision-
making.

The GRaSP algorithm is a causal discovery method that seeks to identify the most
parsimonious directed acyclic graph (DAG) structure from observational data. Unlike
other conditional-independence-based algorithms, GRaSP uses a permutation search
strategy and a tuck operation, thereby relaxing faithfulness assumptions [7].

In healthcare settings, this algorithm facilitates the identification of underlying
mechanisms between physiological and behavioral variables. Causal models can out-
perform correlational approaches in interpreting complex clinical processes [8], and
glucose behavior in a patient with type 1 diabetes is particularly complex, involving
many variables. Unfortunately, not all of them can be monitored, but the more variables
that are considered, the more accurate the calculation of the insulin bolus required by
the patient will be.

In biomedical contexts, where data are high-dimensional and dependencies are com-
plex, GRaSP is an interesting candidate for causal network inference (omics, EHRs,
physiological signals). However, its use must be accompanied by robust validation and
caution regarding unobserved confounders and sample limitations. Available imple-
mentations facilitate their empirical evaluation on clinical datasets [9].

The application of the GRaSP algorithm to insulin bolus calculation offers several
contributions:

e Clinical interpretability, because the generated directed acyclic graphs (DAGs) al-
low visualization of how each variable influences postprandial glucose levels, mak-
ing it easier to understand the model in a clinical setting.
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e Physiological personalization: By modeling individual relationships, the system can
adjust the dose according to the patient's specific sensitivity or insulin ratio, and daily
context, as in the dataset used with the variables: date, time, exercise (steps), carbo-
hydrates, preprandial glucose, insulin bolus, postprandial glucose, heart rate, and
other tracking variables.

e Hybrid integration: The causal structure can be combined with predictive models
like XGBoost or neural networks to improve robustness and reduce errors due to
spurious correlations.

e Causal effect estimation: In this work, we are using libraries such as DoWhy or
EconML, with average treatment effects (ATE) and conditional effects (CATE) for
the bolus, then the future glucose can be calculated, contributing to more rational
and safer optimization.

e Clinical potential: The causal-interpretive approach could be integrated into auto-
mated (closed-loop) insulin infusion systems to strengthen the transparency, tracea-
bility, and medical oversight of the algorithmic decision-making process.

This work seeks to apply the GRaSP algorithm within a causal artificial intelligence
framework to generate personalized, clinically consistent insulin dosing recommenda-
tions.

2 Theoretical framework

GRaSP is a family of causal discovery algorithms that explore the space of variable
permutations to construct parsimonious DAGs and use local operations: tuck to iterate
toward more parsimonious solutions. GRaSP introduces a hierarchy of relaxations:
GRaSP 0, 1, 2. This offer point-consistency guarantees under progressively weaker as-
sumptions than faithfulness, and benchmarks demonstrate good accuracy and scalabil-
ity compared to other AI methods [7].

GRaSP explores the permutation space of variables; given a permutation, it con-
structs a "sparse" DAG consistent with that ordering and uses local operations —tucks
and swaps — to traverse the permutation space, searching for permutations that yield
more parsimonious DAGs. This combines the advantages of ordering-based and score-
based methods, GRaSP comes with point consistency guarantees under the assumptions
established by the authors; furthermore, in simulations, the algorithm demonstrated
competitive performance against contemporary methods in terms of accuracy and scala-
bility for more than 100 variables, GRaSP is designed to be computationally efficient
compared to exact graph searches; practical implementations and utilities have also
been published (official repository and documentation in benchmarking tools and
causal discovery libraries), [7] [9].
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2.1 Comparison with other causal discovery approaches

Against methods based on independence tests (e.g., Peter Clark algorithm, Fast Causal
Inference): GRaSP is score- or ordering-based, so it is generally more robust to Causal
Inference test errors in high-dimensional or complex dependency scenarios. However,
this depends on the choice of score and the conditional family model [7]

Compared with other score-based methods like Fast Greedy Search (FGES), Gener-
alized Sequential Pattern (GSP), or NOTEARS algorithms. In benchmarks, the more
relaxed version of GRaSP was competitive or superior in several scenarios, especially
when the graph was dense; however, relative performance can vary depending on sam-
ple size, noise, and the presence of deterministic or nonlinear correlations. Additional
evaluations show that methods such as Greedy Fast Causal Inference (GFCI), FGES,
or GRaSP can produce dense graphs in specific temporal or autocorrelated scenarios.

[7]

2.2 Healthcare Applications — Where is GRaSP useful?

Although GRaSP was proposed in the general context of causal discovery, its applica-
bility to healthcare is promising in several domains:

¢ Biomedical/omics network inference (genes, metabolites, proteins): The need to
identify causal relationships in high-dimensional data makes permutation-based
search attractive, and variants of the GRaSP/GRASP appear in biological network
inference work. Furthermore, GRaSP may be part of the set of algorithms evaluated
for constructing causal/functional graphs in omics [9] [10].

¢ EHR and clinical observational studies: GRaSP is a candidate for uncovering causal
dependencies between treatments, biomarkers, and clinical outcomes in large elec-
tronic databases (due to its scalability compared to dense graphs); its use has been
reported or included in causal discovery pipelines in recent studies applying algo-
rithms to complex data (e.g., studies from 2024-2025 that integrate GRaSP into
comparative analyses or analysis workflows) [11].

e Analysis of biomedical time series and physiological signals: Although GRaSP was
designed for contemporaneous variables, some extensions and comparisons include
it to estimate contemporaneous relationships (e.g., in temporal causal discovery /
contemporary edges studies), but there are caveats — specialized temporal methods
can outperform GRaSP if the variables or scoring are not tailored [12].

e Published cases and preprints: There are preprints and recent works (2024-2025)
that already employ GRaSP as part of their causal discovery pipeline for applied
problems (e.g., papers from 2025 that use it in interaction analysis contexts and in
works combining causal discovery and counterfactual reasoning). These examples
show that the method is entering practical applications, including domains close to
medicine and digital health [11].
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2.3 Practical recommendations for applying GRaSP to health problems

e Preprocessing: imputation and treatment of categorical and continuous variables,
standardization and transformation of non-Gaussian variables, if the score assumes
normality. Control and labeling of times and lagged variables.

e Selection of GRaSP variants: Test the variants of the algorithm GraSP 0,1,2 and
compare them with FGES and GSP; the more relaxed variant is usually more robust
if you suspect faithfulness violations [7].

e Evaluation and Validation: Use simulations with plausible structures to assess sen-
sitivity/specificity. Contrast findings with expert knowledge and with interventions
in this case; we expected to be able to conduct a trial with real patients and validation
by endocrinology doctors.

e Software and reproducibility: Implementations and materials from the paper are
available in the repository and code, and GRaSP integrates into benchmark frame-
works, facilitating reproducible testing [9].

3 Methodology

In this work, we apply the Tetrad library, developed by Carnegie Mellon University for
causal analysis, to clinical data from patients with type 1 diabetes. Tetrad supports mul-
tiple algorithms, integrates with Python, and provides a graph-based analysis interface.
Figure 1 shows the project's progress to date.

o State of the art ®GRaSP Algorithm e Library selection: ¢ Unit Testing and
eResearch and Establishment TETRAD and Py- Bootstrapping
testing e Theoretical Tetrad with Knowledge
Framework e Testing between e Benchmarking
GRASP, BOSS, PC, DAGs
FCl, etc.

e Parameterization

Fig. 1. Phases of the methodology that were realized to date.

The HUPA-UCM Diabetes 2024 dataset was selected, which includes the following
information: date, time, preprandial glucose, bolus insulin delivered, carbohydrates,
calories, exercise or steps, and heart rate. We calculated postprandial glucose and other
relevant factors [13]. After cleaning and normalization, three versions of the dataset
were generated: original, log-transformed, and Yeo-Johnson-transformed. The GRaSP
algorithm was implemented with the SEM-BIC score and the Fisher Z test of independ-
ence. To improve causal validity, knowledge constraints were applied to prohibit illog-
ical relationships between variables. The generated structures were visualized with
Graphviz and validated using bootstrapping methods, and causal effect estimates were
obtained with DoWhy and EconML.
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4 Results and discussion

Preliminary results show that incorporating knowledge-based constraints significantly
improves the structural consistency of the generated causal graphs. However, violations
of the Markov principle and the non-Gaussian distribution of some variables limit the
stability of the inferences. Graphs with medical constraints were found to reflect better
the dependencies among glucose, insulin, and exercise, although the parameterization
still needs to be fine-tuned to improve consistency. A comparative analysis with tradi-
tional predictive models (such as XGBoost) is underway and aims to evaluate the com-
plementarity between statistical and causal prediction. Figure 2 shows DAG output by
standard GRaSP run (22 total relationships):
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Fig. 2. DAG output by standard GRaSP

Figure 3 shows the DAG output by a Bootstrap Run of 1000-folds with knowledge
(13 total relationships):
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Fig. 3. DAG output by a Bootstrap Run of 1000 folds with knowledge
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4.1 Future work
It is still pending:

The justified definition of the optimal parameterization for the GRaSP algorithm.
Validation of the final causal DAG.

Specify the weights for each variable and their noise (error) coefficients.

Obtain the causal structure and the linear equation that represent the probability dis-
tribution of all variables based on the target variable (postprandial glucose), given
the treatment variable (postprandial insulin bolus), in the context of data from pa-
tients with diabetes. This equation models how the postprandial insulin bolus, along
with other relevant variables (such as carbohydrate consumption, pre-meal glucose,
etc.), causally influences postprandial glucose.

Final Part: Causal Inference:

e Use of the expression of causal relationships for counterfactual (intervention) test-
ing.
o Create a causal predictive model for the postprandial insulin bolus.

5 Conclusions

GRaSP constitutes a modern, theoretically grounded alternative to the arsenal of causal
discovery methods. Its features (permutation search, tuck operation, relaxation hierar-
chy) make it particularly well-suited to high-dimensional problems and dense graphs,
which are common in biomedicine and digital health. However, its practical application
in healthcare must be framed within pipelines that include simulation validation, meth-
odological comparison, and triangulation with external evidence to mitigate risks asso-
ciated with unobserved confounding and model assumptions.
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Abstract. In this paper, we compare two types of probabilistic logic
twin networks (PLTNs) learned with and without edge constraints for
the selection of “safe” counterfactual driving actions in autonomous ve-
hicles. The PLTN models are constructed from causal Bayesian network
(¢BN) hypotheses learned from data: (a) using edge-constrained learn-
ing of the directed acyclic graph (DAG), where specific causal relations
are forbidden via an edge blacklist, and (b) learning a DAG with no edge
constraints. Our results indicate that PLTNs learned without edge con-
straints always identify a unique action closely aligned with the training
data, but one that is often judged as “unsafe” according to expert knowl-
edge. In contrast, PLTNs learned with edge constraints produce both a
broader variety of safe actions and several ties for the safest action, but
never recommend unsafe ones. These findings highlight the relevance of
edge constraints in safety-critical decision-making for autonomous driv-
ing.

Keywords: Counterfactual reasoning - Probabilistic logic - Autonomous
driving.



68 Applications

2 Avilés et al.

1 Introduction

Collision avoidance through the evaluation of alternative, “safer” courses of ac-
tion is a critical requirement for achieving fully autonomous driving capabil-
ity. In [1,16], it was shown that Pearl’s counterfactual reasoning, implemented
through probabilistic logic twin networks (PLTNs) [2,11], is a promising frame-
work for preventing collisions in autonomous vehicles. PLTNs are twin networks
built on causal Bayesian networks (¢BNs) [13] encoded as probabilistic logic
programs [15]. Probabilistic logic is a paradigm well-suited for modeling causal
relationships due to its clear and flexible rule-based representation and the avail-
ability of sophisticated probabilistic inference procedures [3,7]. This framework
helps answer questions about prospective, hypothetical situations such as:

“What is the probability that a potential collision could occur, given that the
current action and the system state are known, if a different action were
chosen?”.

This type of “ What-if” question enables self-driving cars to evaluate the conve-
nience of alternative driving actions as safer maneuvers under hazardous situa-
tions [17].

In this work, we compare probabilistic logic twin networks (PLTNs) built on
causal Bayesian network (¢BN) hypotheses learned with and without imposing
edge constraints for the construction of their directed acyclic graph (DAG). The
overall goal is to identify safe driving actions in self-driving cars facing potential
collisions. In the first case, DAGs are optimized from an empty edge set but
subject to specific blacklisted edges. These constraints take into account expert
judgment about implausible causal associations in our setting. In the second
case, a DAG is fully learned from data without any constraints. Inference is car-
ried out through the Counterfactuals package [9], an efficient and effective tool
recently developed to solve probabilistic counterfactual queries in PLTNs. Our
preliminary results indicate that PLTNs with fully learned ¢BNs consistently
recommend a single safest action that aligns with the training data. However,
this action often corresponds to the same maneuver that currently leads to a
potential collision. In contrast, PLTNs with edge constraints offer greater action
diversity, with up to five actions tied as safest, but no unsafe actions. Our em-
pirical findings suggest that edge constraints greatly influence the selection of
safe driving actions, posing a significant concern for safety-critical autonomous
driving.

2 Methodology

2.1 Testbed and datasets

Our testbed consists of a self-driving car simulated in a race-like environment
(see Figure 1).° The self-driving car travels on a two-lane road with straight seg-

9 The source code of our self-driving vehicle and some videos of the self-driving system
running are available at: https://github.com /hector-aviles/self-driving-car-2025.
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Fig. 2. Predefined locations for other vehicles around the self-driving car (dashed red
lines indicate the space the self-driving car occupies on each lane). When the vehicle is
on the left (respectively, right) lane, only the locations Northwest, Northeast, East and
Southeast (respectively, Northeast, Northwest, West and Southwest) are meaningful.

ments and curves and up to 10 obstacle vehicles distributed over the road, either
static or in motion. The maximum tested speed of the self-driving car is near
50 km/h. The architecture of the self-driving car includes modules for percep-
tion, motor control, decision-making, and collision detection based on radar and
laser readings. State variables are curr_lane, which identifies the lane in which
the self-driving car travels, and 6 occupancy variables called free_E, free_NE,
free_NW, free_SE, free_SW and free_W which indicate whether there is a vehi-
cle or not in the location indicated in the name of each variable, relative to the
self-driving car. Figure 2 depicts the locations represented by the occupancy va-
riables on each lane. These state variables form a 7-tuple, hereinafter referred to
as state. In addition, a multi-valued variable action identifies one of 6 driving
maneuvers for the self-driving car: change to left and change to right
used for changing to the left lane and changing to the right lane, respectively,
cruise to reach a steady (maximum) speed, keep (distance) to maintain a steady
distance to a vehicle ahead, and swerve right and swerve left to veer to the
side of the lane while reducing speed. These two latter are reserved for poten-
tial collision scenarios, and together with keep, they are considered the safest
actions.

We have recorded a dataset with data from either autonomous control or
human control of the autonomous car using a human-friendly interface!®. Each
possible instance from the complete state-action space of size 27 x 6 = 768
was manually labeled as leading to a collision when: (a) the self-driving car

10 These datasets are available at: https://www.kaggle.com/autonomousvehicle/
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Table 1. Total number of state-action pairs labeled as potential and non-potential
collisions in the integrated dataset, categorized by action.

# of non-potential  # of potential

Action collisions collisions Total:

change to_left 40,308 289,809 330,117

change to_right 39,814 294,459 334,273

cruise 617,930 175,429 793,359

keep 496,558 0 496,558
swerve left 2,883 0 2,883
swerve _right 1,681 0 1,681

Total: 1,199,174 759,695 1,958,869

performs action cruise and there is a vehicle close ahead traveling in the same
or opposite direction (rear-end or head-on collision, respectively), and (b) when
there is a car either next to or ahead in the lane the self-driving car merges
into (sideswipe and rear-end crash, respectively). This procedure resulted in 288
state-action pairs as leading to a potential collision. All “unsafe” pairs involve
the actions change to left, change to right, and cruise only. With the
new list of “safe” and unsafe potential instances as reference, we found that
the automated and human control databases contain only a small number of
potential crash examples (39,695 state-action pairs, all of which are repetitions
of 132 unique pairs). To introduce more examples of potential crashes into the
original dataset, the 288 unique state-action pairs were replicated 2,500 times
to generate a synthetic dataset of 720,000 potential crashes, a number selected
arbitrarily to achieve a balance between safe and unsafe examples in the dataset.
All examples were labeled either as potential collision or not using the variable
latent_collision, thus leading to state-action-latent_collision triplets.

Table 1 summarizes the total number of state-action pairs labeled as po-
tential collisions or non-potential collisions in the integrated dataset, arranged
by action.

2.2 Learning causal Bayesian networks

We implement structural and parameter learning of ¢cBNs with the bnlearn
package [18] in R [14]. Structural DAG learning is performed via hill-climbing
greedy search with the decomposable and score-equivalent Bayesian Informa-
tion Criterion (BIC). Hill-climbing is a score-based algorithm that iteratively
modifies DAG edges to maximize the BIC score. This score is equal to the log-
likelihood of the data given the DAG, penalized by the number of parameters.
In our setting, DAG learning starts with an empty structure (i.e., no edges,
which is the default in many bnlearn settings) and no restarts (i.e., only a sin-
gle search path). Although this procedure typically reaches local optima only, it
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latent_collision

Fig. 3. Admissible edges in causal Bayesian networks with edge constraints.

is nevertheless helpful to identify persistent!! statistical correlations observable
from resampling. In addition, we believe this learning setting is also enough to
isolate the effects of edge constraints in counterfactual estimations. We estimate
parameters using the maximum likelihood estimation criterion (MLE) [12] ap-
plying uniform smoothing to the child probabilities when parent configurations
are unobserved.

The admissible edges in the DAG with edge constraints are shown in Fig. 3.
They are allowed since we assume that the observed state of the environment
causally influences the driving decisions that the car makes, which, in turn,
affect the probability of collisions with other vehicles. We consider the variable
action as a treatment variable, latent_collision as the outcome variable, and
the state variables as a set of Boolean confounders. Undesirable edges between
variables (e.g., those between state variables or from action to state variables)
were blacklisted. The hill-climbing algorithm then selects the final subset of edges
from the admissible edges based on the training dataset.

To construct the cBN models without structure constraints, we let the hill-
climbing algorithm decide the edges between variables. In both cases, as in the
vast majority of the unconstrained cBNs, we observed that some associations
are consistent. For example, action is always the root node of the DAG and is
often also the parent of all the other variables. Some relationships are reasonable
from a causal perspective. One example is the edge from action to curr_lane,
which could describe how an action affects the lane in which the car is trav-
eling (e.g., during lane changes). These two variables, along with free_NE and
free_NW, consistently had direct edges to latent_collision, indicating plau-
sible relevance in rear-end collision risk. Other associations are less justifiable,
such as edges between state variables (e.g., it is unclear how the occupancy in the
West location could cause the occupancy in the East location). Another common
example is the presence of edges from latent_collision to state variables.

We interpret the observed structural consistencies as evidence of reliable
statistical associations observed in our dataset. However, we emphasize that the
DAGs learned are tenable causal hypotheses inferred from data and not validated
causal truths.

11 Persistence is a necessary, although not a sufficient indicator of causality.
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free_SW

Fig. 4. Examples of DAGs without edge constraints learned with 19,514 examples (left)
and with 1,756,232 samples (right).

2.3 Modeling and querying probabilistic logic twin networks

The Counterfactuals package requires a cBN encoded as a probabilistic logic
program in ProbLog!?. The ProbLog program must be extended with ezoge-
nous,'® unobserved error terms. These error terms account for unobserved fac-
tors that introduce variability into the deterministic cause-effect relationships in
the model, as described in the next paragraphs. To syntactically translate cBNs
from bnlearn into ProbLog, we developed a dedicated R script.

For illustration, consider a simple example of an autonomous vehicle traveling
on the right lane only. Thus, its cBN only needs to retain the variables free_NE,
action and latent_collision, and the actions cruise and keep. The simplified
cBN, derived from the cBN presented in Figure 3, is shown on the left side of
Figure 5. It was learned using a small data sample.

The corresponding ProbLog program is described in Listing 1.1. Lines 3-9 de-
clare error terms. The terms u2, u3 are binary and defined over {cruise, keep}.
Unlike our previous work, we introduce annotated disjunctions (ADs) [19] to
specify the values and probabilities for multi-valued variables in the causal
model. ADs ensure that exactly one value of the variable is true at any time.
In this example, we define error terms with ADs in lines 4-5. The other error
terms ul, u4-u7 are Boolean, and for each, only its probability of being true
is required. Lines 15-16 declare deterministic causal-effect rules from free_NE
to action. For example, line 15 states that the probability of executing cruise
is &~ 0.33, while performing keep is ~ 0.67 when Northeast location is not
empty (i.e., \+ free_NE). From line 16, it can be deduced that the preferred
action is cruise, with a probability of ~ 0.93 whenever free_NE is true (i.e., the
space ahead is clear). Lines 18-21 describe the effect of action and free_NE on
latent_collision. In 18, according to data, a potential crash is slightly more
likely than not (= 0.57) whenever cruise is executed and there is a car ahead.
Lines 19-21 and the error terms u5-u7 declared in lines 7-9 account for the low

!2 For an introduction to ProbLog syntax see [8].
13 An exogenous variable is one that is not influenced by any other variable.
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Fig. 5. Example of a simple causal Bayesian Network (left) and its corresponding twin
networks model (right).

probability of a potential collision either when the action keep is applied or
when there is no vehicle ahead.

© 00 3O Ui W
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16

18
19
20
21

Listing 1.1. ProbLog encoding of the simple causal Bayesian network.

A4% Error terms

0.4618446::ul.

0.3314485::u2(cruise); 0.6685515::u2(keep).
0.9371515::u3(cruise); 0.0628485::u3(keep).
0.5765529::u4.

0.0009990: :u5b.

0.0838291::u6.

0.0009990: :u7.

XX/ Rules

free_NE :- ul.

action(V) :- u2(V), \+ free_NE.

action(V) :- u3(V), free_NE.

latent_collision :- u4, action(cruise), \+ free_NE.
latent_collision :- ub, action(keep), \+ free_NE.
latent_collision :- u6, action(cruise), free_NE.
latent_collision :- u7, action(keep), free_NE.

A twin networks model consists of two copies of the ¢cBN, including its orig-
inal structure and parameters of the endogenous variables'* free_NE, action,
and latent_collision. The first copy represents the variables in the evidence
world, while the second copy stands for the intervention world. The right side of
Figure 5 depicts the DAG of the twin networks model. The suffix “ €” identifies

' An endogenous variable is one that is influenced by other variables.
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endogenous variables in the evidence world, whereas “ i’ identifies those in the
intervention world. The two copies are linked through error terms ul-u?7.
Here, we want to query conditional probabilities such as:

p(latent_collision_i‘latent_collision_e, free_NE_e,

(1)

action_e, do(action_i))

where p(-|-) is a conditional probability function, latent_collision_e, free_-
NE_e and action_e are all evidence, and do(-) is the do-operator [13], which intro-
duces an intervention over action_i. The objective is to identify a hypothetical
action action_i, that minimizes the probability of latent_collision_i given
the current state and action. For inference, conditional distribution over error
terms given the evidence influences the intervention world.

The package Counterfactuals applies the following probabilistic logic pro-
gramming pipeline to answer counterfactual queries:

1. assert the interventional action,

2. construct a new program with the logical atoms relevant to the query and
the evidence by using an and/or graph,

3. ground facts and rules (in our example, all atoms are already grounded),

4. perform Clark’s completion to handle negation as failure [4],

5. produce a propositional formula, in conjunctive normal form (CNF),

6. use sharpsat-td [10] to compile the CNF formula into a smooth determin-

istic decomposable negation normal form (sd-DNNF') [5], and
7. solve the conditional probability query via weighted model counting [20]
through the aspmc package [6].

3 Evaluation and results

This evaluation qualitatively assesses how well alternative driving actions se-
lected via PLTNs help avoid potential crashes for our self-driving car. For evalu-
ation, a leave-one-out cross-validation (LOOCYV') design was implemented. First,
a unique pair from the state-action space is selected and separated for testing.
Denote this pair as (state e,action_e). Second, remove all examples whose
state component matches the selected state e from the integrated dataset A
to avoid data leakage. This yields a smaller dataset, denoted Ayqin, used for trai-
ning and containing triplets (state, action, latent_collision), where state #
state e, for all the triplets in Ayp.q4,,. Third, two ¢BNs with and without edge
constraints are trained using Ayq;n and their corresponding PLTNs constructed,
as described in Sections 2.2 and 2.3. Fourth, append latent_collision e =T
to (state e,action e) to obtain the triplet

(state e ,action e,latent_collision e=T).!

15 The assignment latent_collision e = T simulates a potential crash in the ob-
served state-action scenario as alerted by the forward collision warning submodule.
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Fifth, extend the previous triplet with each of the six available actions as inter-
ventions, producing six quartets:

(state e,action e,latent_collision e = T, action i),
where action i each takes a value in the set

{change to_left,change to_ right,cruise,
keep, swerve right,swerve left}.

At this stage, each quartet in the query group shares the same state e, action e,
and latent_collision e components, but incorporates a distinct interven-
tional action. Sixth, these six quartets form a unique query group for testing
from which the alternative actions will be evaluated. The final step involves mi-
nimizing the probability of collision by performing counterfactual querying on
each quartet within the query group in the two PLTNs models created. Mini-
mization is formalized as:

AY i = arg Mil,eeson | p(latent_collision_i|la‘cent_collision_e7

(2)

state_e,action_e, do(action_i))

where A? . denotes the set of one or more interventional actions action_i that
minimize the probability of a potential collision within the group and a given
PLTNs model. The previous process is repeated for each of the 768 state-action
pairs in the sample space and for random samples of size 1%, 50%, and 90% of
Atrain, stratified by action e.

Results are summarized in Tables 2, 3 and 4. Table 2 presents a first glimpse
of the performance of both PLTNs with and without edge constraints. It shows
the total number of safe and unsafe actions suggested with respect to our man-
ual labeling of the sample space. PLTNs with edge constraints never suggested
unsafe actions, while PLTNs without edge constraints frequently proposed un-
safe actions. Table 3 shows the number of actions tied as optimal within each
six-quartet group. The PLTNs with edge constraints show ties ranging from one
to five actions, whereas those without constraints exhibit no ties. Finally, Table
4 reports how often each action was selected. It is observed that PLTNs with
edge constraints select a broader set of actions, whereas PLTNs without edge
constraints primarily suggest keep, swerve left, and swerve right. Recall
from Table 1 that these actions were originally labeled as safe in the dataset A.
However, these actions are considered dangerous alternatives when they corre-
spond to the action observed in the original (state e,action e) pair. All such
mismatches arise from pairs originally labeled as safe (latent_collision = F)
in the dataset A, but designated as unsafe (latent_collision = T) during
testing for collision-risk simulation.

To summarize, Table 5 presents a comparison between the two models with
the main characteristics observed in this evaluation. Our initial empirical ev-
idence suggests that in our setting, PLTNs learned without edge constraints
have a negative impact on the counterfactual decisions, making them aligned to
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Table 2. Number of safe and unsafe actions suggested by the PLTNs, accordingly to
our initial labeling of the sample space.

PLTNs with edge constraints

PLTNs without edge constraints

Action label 1% 50% 90% 1%  50% 90%
Safe 1661 1753 1772 538 470 406
Unsafe 0 0 0 230 298 362
Total: 1661 1753 1772 768 768 768

Table 3. Distribution of ties in best-ranked interventions: total number of tied actions’
and the total number of query groups that generated them.

# of ties PLTNs with edge constraints PLTNs without edge constraints
(1°* place) 1% 50% 90% 1% 50% 90%

1 249/249  199/199  188/188 768/768 768/768 768/768

2 468/234  502/251  508/254 0/0 0/0 0/0

3 609/203  681/227  705/235 0/0 0/0 0/0

4 300/75 336/84 336,/84 0/0 0/0 0/0

5 35/7 35/7 35/7 0/0 0/0 0/0

6 0/0 0/0 0/0 0/0 0/0 0/0
Total: 1,661/768 1,753/768 1,772/768 T768/768 768/768 768/768

TThe total number of actions is equal to the # of ties in the 15% place times the
total number of groups.

Table 4. Frequency of action selection.

PLTNs with edge constraints PLTNs without edge constraints

Action 1%  50% 90% 1% 50% 90%
change to_left 80 80 80 0 0 0
change to_ right 0 80 80 0 0 0
cruise 320 320 320 0 0 0
keep 558 524 536 354 223 187
swerve _left 353 421 431 307 218 294
swerve _right 350 328 325 107 327 287
Total: 1661 1753 1772 768 768 768

training data, but potentially introducing dangerous maneuvers without offering
safe alternatives. In contrast, incorporating edge constraints expands the array of
possibilities, without introducing dangerous maneuvers. The downside of having
multiple, equally probable alternatives at hand is that it requires the incorpo-
ration of posterior tie-breaking strategies. Despite this extra step, alternatives
might help generalize to rare or difficult driving situations, which could lead
to effective avoidance if the current chosen action fails. However, these results
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should be taken with a grain of salt, since practical validation during deployment
of our simulated self-driving car is still required.

Table 5. Comparison of PLTN models.

. PLTNs with PLTNs without
Characteristics . .
edge constraints edge constraints
Unsafe recommendations No Yes
Presence of ties Yes No
Action diversity Yes Limited (data-driven)

4 Conclusions and future work

We presented ongoing work on developing models for counterfactual reasoning in
collision avoidance using probabilistic logic twin networks (PLTNs). We compare
counterfactual results from PLTNs based on two types of causal Bayesian net-
works (¢BNs): one learned with edge constraints and the other entirely learned
from data without edge constraints. Our preliminary evaluation shows that
PLTNs with edge constraints generate several equally plausible actions to avoid
crashes, and their action selection and safer choices are consistently aligned with
our criteria about safe actions, compared to those without edge constraints.
These findings highlight the importance of structural constraints such as edge
restrictions, particularly in safety-critical decision-making domains such as au-
tonomous driving.

As future work, we plan to: (i) evaluate constraint-based strategies such as
Peter-Clark or Fast Causal Inference to identify cause-and-effect relationships,
(ii) conduct evaluations with additional training-set percentages and repetitions,
as well as (iii) testing decision-making in our simulated environment and in the
AutoMiny V4, a real scaled autonomous vehicle developed at the Free University
of Berlin. The primary goal of this latter test will be to better understand the
practical implications of the models developed in this work for safe and efficient
autonomous driving.
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Abstract. Urban mobility involves intertwined social, infrastructural,
and environmental factors. Understanding how policy actions propagate
through these relationships is essential for sustainable planning. This
work presents a hybrid causal modeling and optimization framework that
combines Fuzzy Cognitive Maps (FCMs) with Multi-objective Evolution-
ary Algorithms (MOEAS) to explore intervention scenarios in the city of
Meérida, Yucatan, Mexico. Through a participatory process, stakeholders
built an FCM describing 25 urban mobility variables, five of which were
treated as controllable interventions. Using the non-dominated sorting
genetic algorithm IT (NSGA-II), the framework identified Pareto-optimal
combinations of actions that jointly improve well-being, access to public
transport, and temperature mitigation. Preliminary results indicate that
multi-variable interventions, which involve governance, vegetation cover,
and transport infrastructure revealed trade-offs and synergies. The study
advances on the feasibility of linking expert-based causal models with Al-
driven optimization for interpretable, data-informed decision support.

Keywords: Fuzzy Cognitive Maps - Evolutionary Algorithms - Opti-
mization - Urban Mobility.

1 Introducciéon

Currently, 55% of people live in cities, and the United Nations projects that this
figure will rise to 68% by 2050 [4]. In this context, the design and planning of
urban public spaces to ensure a good quality of life for their inhabitants is one
of the most critical challenges of our time. One of these challenges is associated
with good mobility in the city and the adequate design of the public transport
system, considering that cities will continue to grow.

Our work focuses on access to public transport in the city of Mérida, Yucatan.
For several years, Mérida has been the fastest-growing city in Mexico, which has
put significant pressure on improving the public transport system. The efforts of
the authorities have been considerable, but much remains to be done, especially
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regarding accessibility and the condition of bus stops. Such areas of opportunity
result from the city’s lack of sound planning and infrastructure necessary to cope
with the stress experienced by its users, which climate change exacerbates. For
much of the year, daytime temperatures are extreme (33 °C to 45 °C), and the
torrential rainy season lasts from May to November.

Based on our case study, this summary presents the methodological approach
for scenario optimisation through the coordinated use of FCMs [2] and MOEAs
[1] in the context of a participatory process surrounding access to public trans-
port and urban mobility in general in Mérida. The main results were the group
identification of the system variables on which it would be preferable to act to
improve access and urban mobility in general, as well as the generation of dif-
ferent scenarios prioritizing some variables over others from the set of selected
variables to reflect these preferences.

The remainder of this paper is organized as follows: Section 2 introduces the
proposed framework that integrates FCMs and MOEAs for causal intervention
analysis. Section 3 presents the application of this framework to the case of
urban mobility in Mérida, Yucatan, including the experimental setup and main
optimization results. Finally, Section 4 summarizes the key findings and outlines
future research directions aimed at extending the approach to more dynamic
and participatory causal models.

2 Fuzzy Cognitive Maps and Multi-Objective
Evolutionary Algorithms

FCMs represent causal knowledge as a signed, directed graph G = (C, E) where
each concept C; denotes a variable of the system and each weighted edge w;; €
[—1, 1] encodes the influence of C; on C;. The activation state A®) of all concepts
evolves according to AT = f(ADW), where W is the weight matrix and f(-)
a bounded nonlinear activation function (sigmoid or hyperbolic tangent). Once
the system reaches a steady state A*, it represents the predicted outcome of a
given intervention.

An intervention is defined by externally fixing the activation of selected vari-
ables (analogous to Pearl’s do-operator) and simulating its propagation through
the causal network. Let x be the vector of controllable variables and F(x) =
[F1(x), Fa(x), F3(x)] the steady-state values of key outcomes such as well-being,
access to transport, and temperature. The optimization problem seeks the set
of non-dominated solutions that minimize F(x) under the system dynamics, re-
vealing trade-offs among objectives.

To approximate the Pareto front, we employ NSGA-II [1] implemented in py-
moo. Each encodes an intervention vector x € [0, 1]?; fitness evaluation uses iter-
ative FCM simulation in pyfcm. The algorithm uses Simulated Binary Crossover
(SBX), Polynomial Mutation (PM), population size 40, and 50 generations with
an external archive to preserve diversity [3]. The resulting set of Pareto-optimal
interventions provides interpretable, causally grounded scenarios for participa-
tory analysis and decision support.
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(a) Causal cognitive map (FCM). (b) Pareto-front found by NSGA-II.

Fig. 1: Fuzzy cognitive map and evolutionary optimization results.

3 Results

The proposed framework was applied to a causal model of urban mobility in
Meérida, Yucatian, developed through a participatory process with local stake-
holders. In this case Education, vegetation cover, urbanization, governance, and
preferential public transport infrastructure were selected as decision variables,
while well-being, access to public transport, and temperature served as optimiza-
tion objectives.

Fig. 1 summarizes the algorithmic behavior: (a) shows the collective FCM
while (b) presents the final Pareto front compared with the initial state of the
system. The front reveals clear trade-offs between well-being and access to pub-
lic transport, where improved accessibility may slightly increase temperature,
emphasizing the nature of the problem.

A representative Pareto-optimal scenario is depicted in Fig. 2. (a-b) illustrate
changes in decision and objective variables, while (c—d) show the resulting inter-
vention levels and steady-state activations. Simultaneous improvements in gov-
ernance, education, and transport infrastructure generated the most favorable
outcomes across objectives. Together, Fig. 2 shows how the FCM-MOEA frame-
work uncovers interpretable causal interactions and synergistic multi-variable
strategies for sustainable urban mobility planning.

4 Conclusions and Future Work

This extended abstract presented a proof of concept integrating Fuzzy Cogni-
tive Maps (FCMs) and Multi-Objective Evolutionary Algorithms (MOEAs) to
explore causal intervention scenarios in urban mobility. Applied to the city of
Mérida, the approach linked participatory causal modeling with Al-based opti-
mization, revealing interpretable trade-offs between well-being, accessibility, and
temperature. The results highlight that multi-variable interventions exploiting
causal synergies outperform isolated actions, demonstrating the potential of hy-
brid causal modeling for sustainable planning.
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Optimized FCM Scenario: Changes and Final Values
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Fig. 2: Representative Pareto-optimal scenario.

Future work will incorporate resource and policy constraints into the opti-
mization process, extend the framework to dynamic or data-driven causal mod-
els, and develop interactive visualization tools that allow stakeholders to co-
explore Pareto-optimal scenarios, fostering participatory and informed decision-
making in complex socio-environmental systems.
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Abstract. Standard causal discovery methods are rarely applied to {NIRS
(functional near-infrared spectroscopy) because their sensitivity to data
statistical properties is easily disrupted by preprocessing. We present a
study to track how standard fNIRS preprocessing affects key statistical
characteristics for causal inference. Using resting-state fNIRS data, we
found that preprocessing systematically transforms signal structure, en-
hancing stationarity but increasing slow temporal dependencies. These
preliminary results underscore the need for preprocessing-aware causal
analysis and algorithms tailored to the statistical profile of {NIRS data.
Final work will integrate additional data and metrics to advance effective
connectivity estimation in fNIRS.

Keywords: brain connectivity - causal discovery - fNIRS.

1 Introduction

1.1 From Associations to Causal Graphs

Connectivity analysis in neuroimaging is typically framed in terms of functional
connectivity (FC) and effective connectivity (EC). FC quantifies statistical de-
pendencies between signals, whereas EC aims to recover directed relations that
are interpretable as causal influences [1]. The distinction is central: FC provides
associative structure, while EC offers a model of information flow. Consequently,
EC moves beyond correlation to identify directed dependencies consistent with
underlying mechanisms [1, 2, 3].

Graphical models provide a natural framework for representing connectiv-
ity [4, 5]. Methods such as LINGAM or DirectLINGAM aim to recover a single
directed graph by leveraging stronger assumptions—linearity, non-Gaussian er-
rors, and acyclicity [6]. These assumptions facilitate identifiability, but verifying
their validity in neuroimaging data such as fNIRS is challenging, as the signals
are noisy, affected by systemic unobserved confounders, and sensitive to prepro-
cessing choices [7].

1.2 fNIRS in Brain Connectivity Research

Effective connectivity has been extensively investigated using fMRI, where causal
graphical models and related methods have provided insights into large-scale
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brain networks [2]. However, fMRI imposes significant constraints on exper-
imental design. Functional near-infrared spectroscopy (fNIRS) is an alternative
modality that measures the hemodynamic responses from populations and
settings where fMRI is impractical [8]. While most fNIRS connectivity research
focuses on functional connectivity (FC), which uses statistical dependencies like
correlations to find undirected associations [9], it cannot determine the direction
of information flow [10, 11]. Consequently, the use of causal discovery methods
to establish EC in {NIRS remains largely unexplored.

1.3 Signal preprocessing challenges

The adoption of effective connectivity analysis in fNIRS has been slow due to
several challenges. Causal discovery methods are sensitive to the statistical prop-
erties of the fNIRS input signals.In addition, preprocessing pipelines can sub-
stantially alter the statistical characteristics of the signals, impacting both the
identifiability and robustness of causal inference. These factors make it diffi-
cult to meet the assumptions of causal discovery methods highlighting the need
for systematic evaluation of preprocessing choices. Preprocessing steps, such as
band-pass filtering, motion artefact correction, or physiological noise regression,
can alter the statistical properties of fNIRS signals and consequently affect the
discovery of causal relationships [12]. The track of these changes facilitates the
development of new algorithms tailored to the statistical characteristics of {NIRS
data, improving interpretability of effective connectivity networks.

In this work, we investigate how preprocessing pipelines affect effective con-
nectivity analysis of fNIRS signals in the resting-state paradigm. We focus on
quantifying the impact of different preprocessing steps on the statistical prop-
erties of the signals and on the structure of the inferred causal networks. This
allows to identify opportunities for developing algorithms tailored to the fNIRS
characteristics.

2 Methods

Data and Participants FNIRS data were acquired from 12 subjects using
a NIRSport device (NIRx Medical Technologies, USA), with 48 channels (760
nm and 850 nm) at 5.09 Hz. Channels covered the frontal, parietal, motor,
and temporal regions bilaterally. Measurements corresponded to a resting-state
paradigm during 12 minutes of recording.

Preprocessing Pipeline The preprocessing pipeline included standard proce-
dures in fNIRS analysis. First, raw intensities were converted to optical density.
Next, motion artefacts were corrected using temporal derivative distribution
repair (TDDR) [13], followed by band-pass filtering to retain slow oscillations
(0.01-0.2 Hz) and reduce systemic noise. Finally, signals were converted to oxy-
and deoxy-haemoglobin concentrations using a differential pathlength factor of
6. Each preprocessing step was treated as a transformation stage to assess how
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the statistical structure of the signals evolved along the pipeline. All the prepro-
cessing steps were implemented in Python using the Cedalion framework [14].

Statistical Characterisation of Preprocessing Stages To quantify the im-
pact of each preprocessing operation, we computed a set of statistical descriptors
for every channel and wavelength at each stage. These descriptors capture prop-
erties directly linked to common assumptions of causal discovery algorithms.
Distributional properties were evaluated through the Shapiro-Wilk test for nor-
mality, skewness, and kurtosis [15]. Temporal structure was examined using the
Augmented Dickey—Fuller test for stationarity and the autocorrelation coefficient
at lag 1 [16]. All metrics were computed separately per wavelength and tracked
through each preprocessing stage. For this proof-of-concept, only one participant
was analysed, allowing an exploratory view of within-subject transformations.
Preliminary comparisons were based on visual and descriptive trends—for in-
stance, examining whether normality or stationarity improved after filtering or
motion correction.

3 Preliminary results

The effects of preprocessing on the distributional and temporal characteristics
of fNIRS signals were evaluated in raw intensity, optical density conversion,
motion artefact correction, band-pass filtering, and haemoglobin concentration
computations. Results are presented in Figure 1.

Regarding distributional characteristics, the Shapiro-Wilk test yielded ex-
tremely low p-values (logio(p) < 107%) for the raw signals, confirming pro-
nounced deviations from normality. Across preprocessing stages, kurtosis values
initially fluctuated above and below a value of three and gradually converged to-
wards zero, suggesting a reduction in heavy-tailed behaviour and a trend toward
more symmetric distributions. Skewness exhibited oscillatory patterns between
positive and negative values across stages, further reflecting evolving asymmetry
in the signal amplitude distributions. Temporal characteristics revealed a clear
transition toward greater stationarity and reduced autocorrelation. As shown
in the ADF test results (Fig. 1), p-values below the 0.01 significance threshold
(logyg(p) < —2) indicate that the signals progressively transitioned from non-
stationary to stationary, particularly after band-pass filtering and haemoglobin
concentration computation. Additionally, lag-1 autocorrelation values tended to
increase after these stages, indicating an increase in slow temporal dependencies.

4 Conclusion

This proof-of-concept analysis demonstrates the feasibility of tracking the evolu-
tion of statistical properties of fNIRS signals throughout preprocessing. The re-
sults highlight that both distributional and temporal characteristics are system-
atically altered by standard preprocessing steps, with notable effects on normal-
ity, stationarity, and temporal dependency. However, exploration of additional
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Fig. 1. Distributional and temporal evolution of fNIRS signals through preprocess-
ing. Normality and shape metrics; Shapiro-Wilk test p-value (Normality p), Skewness
(Skew), and Kurtosis. Temporal structure metrics; Augmented Dickey-Fuller station-
ary test p-value (Adf p), autocorrelation functional at lag 1 (Autocorr lagl). X-axis
indicates the signal preprocessing steps explored. (raw signals= amp, optical densi-
ties = optical density, motion artefacts correction = od_tddr, band-pass filtering =
filtered, and haemoglobin concentration calculation = concs.) Grey and red lines rep-
resent individual channels and median values.

metrics such as cross-channels dependencies, linearity, and homoscedasticity, and
methods to correct the potential deviations from key statistical assumptions, as
well as data from remaining participants will be incorporated in the final version
of the paper to strengthen these findings and extend the analysis toward effective
connectivity estimation.
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