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Abstract
This study seeks to identify an optimal asset subset by ensuring diversity through company description and price
behavior over time. We propose the Investment Universe Complex Network (InUCoN) framework, which models the
investment universe as a complex network. InUCoN consists of three components: dynamic network generation,
snapshot aggregation, and universe filtering. Experiments on S&P stocks demonstrate that InUCoN reduced risk
by selecting a more independent stock set, with our proposed portfolio yielding a 32% higher return compared to
the unfiltered universe.
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1. Introduction

In the complex and ever-evolving landscape of financial markets, investors face the significant challenge
of selecting an optimal subset of assets from a vast investment universe. Filtering this universe into
stocks from different sectors and behaviors is essential for distributing risk and diversifying the portfolio.
The primary difficulty lies in filtering assets by not only considering recent performance and correlations
but also preserving their inherent, often subtle, relationships. These relationships can be intricate
and dynamic, reflecting the deeply interconnected nature of financial markets. Overlooking these
complexities can lead to suboptimal portfolio construction, exposing investors to unforeseen risks.
Traditional methods often depend heavily on time-series correlations or simply cluster stocks by the
sectors in which they operate. This approach neglects the dynamic, emergent relationships among
assets because it fails to consider the investment universe as a complex, interdependent system. While
there have been studies modeling financial markets with complex networks [1, 2, 3] and efforts to
identify the most appropriate metrics for constructing financial market networks [4], none have yet
applied this modeling approach specifically to the challenge of stock allocation.
This study aims to identify an optimal subset of assets by ensuring diversity through company

description and price behavior over time. While recent price behaviors reflect short-term market trends
and sentiment, enduring characteristics provide a foundation for long-term decisions. We introduce the
Investment Universe Complex Network (InUCoN) framework, integrating these aspects to address previous
limitations. Our major contributions are: (i) developing a framework using complex networks for
dynamic and static modeling to diversify assets; (ii) generating a hybrid similarity metric combining both
aspects; (iii) optimizing this metric using the network’s structural consistency; and (iv) experimentally
validating the effectiveness of the filtered asset subsets.

2. Method

The main strategy of InUCoN is to treat the investment universe as a complex system, model it
with a complex network, and analyze it using this model. The framework has three components: (i)
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dynamic network generation; (ii) snapshot aggregation; and (iii) investment universe filtering. In
dynamic network generation, assets are modeled through a series of snapshots, each representing
the system’s state at a specific time interval. This approach captures the evolving nature of asset
relationships over time. While the assets are represented as fixed nodes, their relationships (links)
change dynamically, reflecting the fluid nature of financial markets where correlations can shift rapidly
due to economic factors. Constructing these relationships carefully is essential, as they directly influence
the accuracy and effectiveness of the analysis. We define a hybrid asset similarity 𝑠𝑖𝑚ℎ𝑖𝑏(𝑎𝑖, 𝑎𝑗) =
𝑤1 ⋅ 𝑠𝑖𝑚𝑡𝑥(𝑎𝑖, 𝑎𝑗) + 𝑤2 ⋅ 𝑠𝑖𝑚𝑡𝑠(𝑎𝑖, 𝑎𝑗) considering both stock description similarity 𝑠𝑖𝑚𝑡𝑥, which is calculated
using the cosine similarity of embedding vectors generated by the DistilBert [5] model using asset
descriptions, and time-series similarity 𝑠𝑖𝑚𝑡𝑠. For 𝑠𝑖𝑚𝑡𝑠, we propose four metrics: dynamic time warping,
distance correlation, Euclidean distance, and Pearson correlation. During the time-series similarity
analysis, we apply an overlapping window approach. This ensures that the relationship between two
consecutive snapshots is not entirely lost, providing a smoother transition between time intervals
and capturing ongoing trends. The weights 𝑤1 and 𝑤2 are experimentally optimized to achieve the
highest average network consistency for all snapshots, based on a “structural consistency” index from
first-order matrix perturbation [6]. Pairs of nodes with 𝑠𝑖𝑚ℎ𝑖𝑏 values above a certain 𝑡ℎ𝑟𝑒𝑠ℎ𝑜𝑙𝑑 are linked
in the snapshots. 𝑡ℎ𝑟𝑒𝑠ℎ𝑜𝑙𝑑 is obtained during experiments.
In the snapshot aggregation phase, a single market network 𝐺𝑓 𝑖𝑛𝑎𝑙 was formed to represent all

snapshots. Nodes in 𝐺𝑓 𝑖𝑛𝑎𝑙 correspond to the same nodes of snapshots. Links were established between
nodes that shared a community in at least one snapshot, with weights indicating the frequency of such
occurrences. The infomap algorithm identified communities in all snapshots. This community-based
aggregation approach allows us to capture both stable and evolving relationships between assets over
time, providing a more comprehensive view of market dynamics. In the investment universe filtering
phase, we aimed to select the most diversified stock subset using network centrality measures. We
employed a two-step process based on closeness centrality and PageRank scores, designed to identify
stocks that are both independent and influential within the network. First, we selected nodes with
lower than average closeness centrality, identifying stocks relatively disconnected from overall market
trends. From this subset, we then chose stocks with PageRank scores above a calculated threshold. A
node with a high PageRank score and low closeness centrality suggests that the stock is influential
within the network but not necessarily closely connected to other nodes. For determining the PageRank
threshold, we used the following equation:

𝑡ℎ𝑟𝑒𝑠ℎ𝑜𝑙𝑑𝑝𝑟 = 𝜇𝑃𝑎𝑔𝑒𝑅𝑎𝑛𝑘 + 0.5 ⋅ 𝜎𝑃𝑎𝑔𝑒𝑅𝑎𝑛𝑘 (1)

Where 𝜇𝑃𝑎𝑔𝑒𝑅𝑎𝑛𝑘 is the mean PageRank score of the selected nodes (those with below-average closeness
centrality), and 𝜎𝑃𝑎𝑔𝑒𝑅𝑎𝑛𝑘 is the standard deviation of these scores. This approach aims to construct a
portfolio that maximizes diversification while ensuring each selected asset contributes significantly to
overall network dynamics.

3. Experiments and Results

We selected the 200 highest average trading volume stocks from the S&P 500 for our experiments,
covering 01/06/2021 to 01/06/2024. To evaluate InUCoN’s effectiveness, we applied the Markowitz
mean-variance optimization algorithm [7] for portfolio allocation and calculated the average portfolio
return based on the allocated weights. We constructed a dynamic network using a six-month period,
with the remaining time used to measure performance, following a buy-and-hold strategy with no
rebalancing. We compared InUCoN with the baseline (the unfiltered universe) and with portfolios
using single similarity metrics instead of our proposed hybrid approach. As shown in Figure 1, the
historical cumulative returns demonstrate that InUCoN effectively reduced risk and improved portfolio
performance by selecting a more independent set of stocks.
Notably, the text-only model showed strong performance, outperforming several time-series-based

approaches. This suggests that company descriptions contain valuable information for portfolio diver-
sification that may not be fully captured by price movements alone. By incorporating static textual



Figure 1: Average Allocation Return for US Stocks After 5 Runs

information, we may have been able to avoid some of the noise inherent in price data during the filtering
process. By leveraging both quantitative price data and qualitative company information, InUCoN
appears to capture a more holistic view of each asset’s role in the investment universe. This indicates
that while both types of data provide valuable insights, integrating them allows for a more compre-
hensive understanding of a stock’s behavior and its relationships within the market network. This
comprehensive approach leads to more effective portfolio diversification and improved risk-adjusted
returns, as evidenced by the superior performance of the hybrid method in our results.

4. Conclusion

In this study, we introduced the Investment Universe Complex Network (InUCoN) framework as a novel
method to refine asset selection in dynamic financial markets. By leveraging textual and time series
similarities within a complex network model, we aimed to enhance portfolio allocation algorithms.
We demonstrated the utility of the structural consistency metric in optimizing network generation.
InUCoN significantly improved portfolio outcomes compared to both the unfiltered stock universe and
previously highlighted metrics. We outperformed the unfiltered investment universe by 32% increased
return over the time period by modeling financial markets based on Pearson correlation.
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