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In this talk I will briefly give you a broad overview of the state of the art in Econophysics [1]: a discipline
that has already a rich history and even controversial trends and I will discuss how tools used within
Econophysics might be useful for data scientists at large.

I will discuss the two main elements that define the complexity of economic and financial time series:
the first is multifractality [2-4], which is associated to the behaviour of each single variable and the way
it scales in time; the second is the structure of dependency between time series, associated with the
collective behaviour of the whole set of variables [5]. I will highlight achievements, major challenges and
open problems [6].

In particular, I will show results on the application of the Generalized Hurst exponent tool to dif-
ferent financial time-series, and I will show the powerfulness of such tool to detect changes in markets’
behaviours, to differentiate markets accordingly to their degree of development, to asses risk and to pro-
vide a new tool for forecasting. I will also show results to assess the interplay between price multiscaling
and volatility roughness, defined as the (low) Hurst exponent of the volatility process [7,8].

I will also introduce correlation-based information filtering networks tools and I will show that these
are powerful tools to study complex datasets, valuable tools for risk management and portfolio optimiza-
tion too [9-10] and they allow to construct probabilistic sparse modeling for financial systems that can be
used for forecasting, stress testing and risk allocation [11]. Next, I will present a newly developed method,
the Best-Path Algorithm Sparse Graphical Model (BPASGM) [12]. This machine-learning framework for
portfolio construction combines sparse graphical modeling with portfolio theory, offering a statistically
grounded and computationally efficient approach for dependence-aware asset selection. Applications to
real financial datasets demonstrate the BPASGM’s practical utility.
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