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Abstract

Network Reconstruction and Edge Probability
Prediction Based on Complex System Dynamics

Wang HanKun
Probability Theory and Mathematical Statistics
Directed by Shi Lei

There are many complex dynamic systems in nature, which can be modeled as a
complex network. Through in-depth research on network topology, it has been found
that various external observation data generated by dynamic systems have a wide cor-
relation with specific topology information. This has provided a reasonable mathemat-
ical explanation for many data that could only be obtained from external observations
in the past, and thus raises an important scientific question: what should be the network
topology structure that produces a certain external observation data? The development
of complex network reconstruction has achieved some achievements, such as dynamic
network reconstruction, multi-layer network reconstruction, time-varying network re-
construction, and so on.

Starting from analyzing and studying dynamic data, revealing the network struc-
ture is extremely important for us to understand, predict, and control the actual system
functions. There has been a lot of research on network reconstruction based on com-
plete data, but one of the most common difficulties in real life is the lack of effective
data, which means that the obtained data is incomplete and only marginal data can be
observed. For example, due to the privacy of banks and trade systemes, it is impossible to
obtain specific transaction volumes between banks or trade information between coun-
tries. Only the total transaction volume of banks and the total trade volume of coun-
tries can be obtained.To solve such problems, we consider using Adaptive Signal Lasso
and logistic regression models to make network predictions on marginal data (which
does not satisfy the assumption of complete data). In addition, the impact of noise on
data observed in continuous time steps far exceeds that of discrete data. Therefore, for
such observation data, we hope to reconstruct the network through a logistic regression

model by discretizing the response variables.
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Abstract

The main content of this article is as follows: 1. Study the ability of Adap-
tive Signal Lasso and logistic regression models to reconstruct the World Trade Net-
work (WTW) with only the total import and export trade volume of each country (i.e.
marginal data), and compare the application capabilities of the two methods. 2. Study
the application ability of Adaptive Signal Lasso and logistic regression models in real
networks: social and biological networks. 3. Generate dynamic data through Kuro-
moto synchronization dynamics and evolutionary games, and study the reconstruction
ability of Adaptive Signal Lasso and the predictive ability of logistic regression mod-
els after discretizing response variables when the assumption of data completeness is
not met.Research has found that in the case of only marginal data, Adaptive Signal
Lasso and logistic regression models have higher accuracy in reconstructing the World
Trade Network (WTW). Moreover, Adaptive Signal Lasso has the best performance
and strongest application ability compared to three Lasso type methods: Lasso, Adap-
tive Lasso, and Signal Lasso, as well as four existing probability based edge prediction
methods: CL, DBCM, DECM, and CREM. In two simulation experiments of Kuro-
moto synchronous dynamics and evolutionary game theory, the reconstruction effect
of Adaptive Signal Lasso is still good, and after discretizing the response variables, the
logistic regression model has a high accuracy in reconstructing the network. In addition,
research has found that whether it is the world trade network or simulation experiments
and empirical networks, the Adaptive Signal Lasso method performs better than the
logistic regression model in the case of only marginal data.

Key words: Network reconstruction; Marginal data; Dynamic system; Adaptive

Signal Lasso; logistic regression;
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