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Abstract: Traditional portfolio optimization methods, primarily grounded in the classical mean–

variance paradigm, often fail to deliver reliable performance in volatile and structurally uncertain 

markets such as cryptocurrencies. These markets challenge key assumptions of normality, stability, 

and linear asset correlations, rendering conventional models inadequate. In response, this study 

proposes a robust optimization framework based on entropy—a versatile measure of statistical and 

structural uncertainty. We explore three distinct entropy-based models: the Maximum Shannon 

Entropy model, which promotes uniform diversification; the Tsallis Entropy model, which 

incorporates nonextensive statistical behavior to penalize concentration more strongly; and the 

Maximum Weighted Shannon Entropy model, which embeds investor-specific informational 

priorities. All models are derived through Lagrangian optimization and validated empirically using 

weekly data for four major cryptocurrencies—Bitcoin, Ethereum, Solana, and Binance Coin—

spanning January to March 2025. Results indicate that entropy-based models outperform traditional 

approaches by fostering more resilient allocations, mitigating estimation errors, and enhancing 

adaptability in high-volatility contexts. The proposed framework elevates entropy from a theoretical 

metric to a practical tool for robust portfolio construction under uncertainty 

Keywords: Shannon entropy; Tsallis entropy; weighted entropy; entropy-based portfolio 

optimization; cryptocurrency assets; mean–variance–entropy framework; nonlinear asset allocation 
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1. Introduction 

Portfolio optimization is a foundational problem in modern finance, focused on the allocation of 

an investor’s wealth across a selection of assets in order to balance expected returns against risk 

exposure. The classical solution is encapsulated in the mean–variance framework proposed by 

Markowi� [1], which relies on historical returns, along with the variances and covariances of asset 

returns, to construct efficient portfolios based on first- and second-order moments. Typically, the 

objective is to maximize expected return for a given level of risk or, conversely, to minimize risk for 

a target level of return. 

In response to the limitations of this framework—most notably its reliance on normally 

distributed returns and its sensitivity to estimation errors—numerous alternative models have been 

proposed. These include refinements of the risk measure itself. For example, Speranza [2] introduced 

a linear programming model based on semi-absolute deviation, focusing on downside fluctuations, 

while semi variance-based approaches were advanced by King [3] and King and Jensen [4] to more 

accurately capture downside risk. Other researchers have explored substituting variance with 

alternative risk metrics, such as Value-at-Risk (VaR). Alexander and Baptista [5] examined a mean–

VaR portfolio selection model, highlighting its conceptual differences from the mean–variance 

framework and its consistency with mean–CVaR results [6]. Hamza and Janssen [7] expanded the 

scope of optimization by incorporating transaction costs using an asymmetric risk function and 
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separable programming.Earlier studies by Pogue [8], Rudd and Rosenberg [9], and Yoshimoto [10] 

addressed real-world frictions—such as taxes, short selling, and transaction costs—through 

nonlinear cost functions and other advanced optimization techniques. Despite these advances, 

empirical evidence shows that even sophisticated models often do not outperform naive 

diversification strategies such as the equally weighted 1/N portfolio, especially under conditions of 

estimation uncertainty and limited data availability [11,12]. 

Within this broader context, diversification remains a key determinant of portfolio performance. 

In recent years, entropy has emerged as a powerful tool for enhancing and measuring diversification. 

As a quantitative measure of uncertainty or disorder, entropy offers a flexible, distribution-free 

alternative to variance as a risk proxy. Shannon’s seminal work in information theory [13] laid the 

mathematical foundation for entropy as a measure of information content. This concept has since 

been adapted to financial modeling by Yager [14], Wang and Parkan [15], and Philippatos and Wilson 

[16,17], who introduced entropy-based methods for decision-making and portfolio optimization. 

These studies highlight entropy’s capacity to capture risk dispersion and diversification effects that 

may be overlooked by variance-based metrics, particularly in markets characterized by heavy tails, 

asymmetric distributions, or noisy data.  

Empirical applications have further reinforced entropy’s relevance. Simonelli [18] showed that 

entropy-based models outperform traditional deviation-based approaches in capturing portfolio 

uncertainty. Jiang et al. [19] and Ke and Zhang [20] extended these insights to high-dimensional asset 

universes, incorporating entropy into robust optimization frameworks. Zhou [21] emphasized the 

growing importance of entropy in finance, noting its applications in areas ranging from energy 

procurement to digital asset management. In the cryptocurrency domain, recent studies have applied 

entropy-based techniques to manage risk under extreme volatility [22]. For instance, Rodriguez-

Rodriguez and Miramontes [23] used Shannon entropy in an econophysical framework to evaluate 

diversification in crypto portfolios. 

Building on this extensive body of research, the present paper introduces three entropy-

enhanced models for portfolio optimization: the maximum Shannon entropy model, the Tsallis 

entropy model with nonextensivity parameter q = 2, and the maximum weighted Shannon entropy 

model. These approaches extend the mean–variance paradigm by embedding nonlinear, 

information-theoretic measures of uncertainty into the allocation process. Analytical solutions are 

derived using the method of Lagrange multipliers, ensuring mathematical rigor and interpretability. 

To assess their practical effectiveness, we implement a series of empirical case studies involving 

four major cryptocurrencies—Bitcoin (BTC), Ethereum (ETH), Solana (SOL), and Binance Coin 

(BNB)—using weekly return data from January to March 2025. The findings demonstrate that 

entropy-based optimization promotes improved diversification, reduces concentration risk, and 

yields more robust allocations—particularly within high-volatility environments such as the 

cryptocurrency market. 

The remainder of the paper is structured as follows: Section 2 introduces the theoretical 

formulation of the proposed entropy-based portfolio models. Section 3 presents and interprets the 

numerical results. Section 4 concludes with a summary of findings and future research directions. 

2. Materials and Methods 

2.1. Fundamentals of Portfolio Entropy 

Entropy in Portfolio Theory and Information Science 

Entropy is a foundational concept that quantifies the degree of randomness, uncertainty, or 

disorder within a system. Initially developed in thermodynamics and later formalized in information 

theory by Shannon [13], entropy has since evolved into a central quantitative tool with widespread 

applications, including in economics and finance [24]. In the context of dynamical systems, zero 

entropy indicates a perfectly deterministic state, while higher entropy values reflect increasing 

uncertainty and structural complexity [12]. 
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The theoretical underpinnings of entropy have been shaped by several landmark contributions. 

Bol�mann was the first to relate entropy to molecular disorder, providing the physical interpretation 

still used today. Shannon then defined entropy in the information-theoretic sense—as the expected 

information content of a message—thereby establishing a direct connection between statistical 

uncertainty and informational efficiency. These ideas were extended by scholars such as Wiener, 

Khinchin, Faddeev, Rényi, Tsallis, Guiasu, and Onicescu [25], who developed mathematical 

generalizations of entropy applicable across diverse scientific domains, including finance. 

A major theoretical advancement came from Jaynes [26], who introduced the principle of 

maximum entropy. This principle asserts that, under conditions of incomplete information, the 

probability distribution that maximizes entropy is the most objective and unbiased estimate, avoiding 

the introduction of artificial assumptions. Jaynes's formulation has since become a cornerstone of 

modern probabilistic inference and decision-making under uncertainty. 

In contemporary portfolio management, entropy has gained increasing recognition as a robust 

and flexible alternative to variance-based risk metrics. Unlike variance, which relies on second-order 

moments and normality assumptions, entropy provides a more general and nonlinear measure of 

dispersion and uncertainty, particularly useful when return distributions are skewed, heavy-tailed, 

or incomplete. 

Empirical and theoretical contributions to this field underscore the versatility of entropy. Yager 

[14] applied the maximum entropy principle in multi-criteria decision frameworks, illustrating its 

capacity to guide choices under uncertainty. Wang and Parkan [15] introduced entropy weighting 

into performance evaluation via a minimax disparity model. Philippatos and Wilson [16,17] were 

pioneers in proposing entropy as a substitute for variance in portfolio theory, especially under non-

normal return distributions. 

Recent developments further confirm entropy's utility in large-scale and high-volatility se�ings. 

Jiang et al. [19] developed entropy-constrained portfolio optimization strategies tailored for high-

dimensional investment spaces. Ke and Zhang [20] extended the classical mean–variance model by 

integrating Shannon entropy as an additional constraint. Elsheikh and Egret [27] combined entropy 

with higher-order return moments to be�er capture distributional asymmetries, while Li et al. [22] 

proposed a multi-objective portfolio framework that incorporates entropy-based dispersion control. 

Moreover, Zhou et al. [28] demonstrated that portfolios optimized using entropy criteria exhibit 

enhanced balance and resilience compared to those built on variance alone, highlighting entropy's 

potential as a cornerstone of modern risk management in uncertain and turbulent financial 

environments 

Collectively, these developments reinforce entropy's role as a generalizable, mathematically 

grounded methodology for quantifying uncertainty, enhancing diversification, and guiding portfolio 

construction. 

Empirical Interpretation of Portfolio Entropy 

In the context of portfolio optimization, entropy offers a quantitative measure of both 

diversification and uncertainty in capital allocation. Consider a portfolio composed of n assets, where 

each asset iii is assigned a non-negative weight ��  ≥ 0 and the weights collectively satisfy the 

constraint  ∑ �� = 1�
��� . The resulting weight vector  x = (x�, x�, … , x�) can therefore be interpreted as 

a discrete probability distribution over the investment        universe. Under this probabilistic 

interpretation, the Shannon entropy of the portfolio is given by: �(�)  =  − ∑ �� �� �
��� �� . This 

function quantifies the degree of balance or dispersion in the allocation: 

- When the portfolio is entirely concentrated in a single asset (e.g., �� = 1, all others zero),then 

entropy reaches its minimum value, H(x) = 0, indicating no diversification. 

- When capital is equally distributed across all assets (i.e. x� =
�

�
 for all � ), entropy a�ain its        

maximum value, H(x) = ln n , reflecting maximal diversification. 

As such, Shannon entropy ( �(�) =  − ∑ �� �� �
��� ��  ) functions  as a proxy for portfolio  

robustness. It penalizes  concentrated positions while favoring balanced allocations, thereby 
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promoting structural resilience—particularly important in high-volatility environments such as 

cryptocurrency markets, where return distributions deviate from normality and informational 

completeness is limited. 

Axiomatic Approach to Portfolio Entropy 

Shannon entropy is uniquely defined by a set of three fundamental axioms, which can be 

naturally adapted to the context of portfolio theory: 

1. Continuity: Small variations in portfolio weights result in small changes in entropy. This ensures 

that the entropy function behaves smoothly and does not produce abrupt discontinuities in 

response to marginal rebalancing. 

2. Symmetry: The entropy of a portfolio is invariant under any reordering of assets. In other words, 

asset labels do not influence the entropy value—only their relative weights ma�er. 

3. Additivity under Composition: For two sub-portfolios A and B, selected with respective 

probabilities �� ��� ��   , the total entropy of the combined portfolio satisfies: (� ∪ �) =

�(��, ��) + ���(�) + ���(�)  .This axiom, sometimes referred to as "recursivity" or 

"compositional additivity," formalizes how diversification across mixed strategies aggregates 

into total portfolio uncertainty. 

Together, these axioms uniquely lead to the Shannon entropy formula: �(�)  =  − ∑ �� �� �
��� �� 

Alternative entropy measures like Tsallis and Rényi do not satisfy all these axioms, especially 

the third (additivity). As a result, Shannon entropy remains the only entropy function that preserves 

full axiomatic coherence under classical assumptions of diversification logic. This property justifies 

its central role in both information theory and portfolio optimization. 

2.2. Maximum entropy models to portfolio optimization 

2.2.A. Maximum Shannon Entropy Portfolio Model 

The maximum entropy principle, initially proposed by Jaynes (1957), suggests that among all 

possible distributions consistent with known constraints, the one that maximizes entropy represents 

the least biased estimate. In portfolio selection, this principle translates into finding the allocation that 

maximizes diversification, as measured by entropy, while satisfying risk-related constraints. 

Let the portfolio be represented by the weight vector x = (x�, x�, … , x�)  with ��  ≥ 0 and 

∑ �� = 1�
��� . The Shannon entropy of the portfolio is: �(�)  =  − ∑ �� �� �

��� �� 

To reflect the investor’s risk tolerance, we introduce a variance constraint expressed using the 

covariance matrix Ω = [ ��� ]. The optimization problem becomes: 

Maximize �(�)  =  − ∑ �� �� �
��� �� 

subject to ∑ �� = 1�
���  

�� Ω x = ��
� 

�� ≥ 0 ∀� 

Using the method of Lagrange multipliers (Zheng et al. [27]), the Lagrangian is: 

Using the Lagrange multipliers method, we obtain: 

�(��, �� , …, xₙ , λ, γ)=  − ∑ �� ���� + � (1 − ∑ ��)�
���  �

��� + 

+ � (��
� − ∑ ∑ ��

�
���  �� ���) �

���   

Taking the partial derivative with respect to ��, we obtain the first-order condition:  
��

���
= − (���� + 1) − � −  2 � ∑ �� ���

�
���   =  0  or 

����  = − 1 − � −  2 � ∑ �� ���
�
���  , i= 1, 2,…n  or  

�� = �� ���� � � ∑ �� ���
�
���  

This expression highlights how the optimal allocation depends nonlinearly on the weighted sum 

of covariances between each asset and the rest of the portfolio. 

Solving this system under the constraints yields the entropy-maximizing portfolio. The result is 

a distribution-free solution that balances maximum diversification with controlled risk exposure, 

making it highly suitable for volatile and information-sparse markets such as cryptocurrencies. 
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2.2.B. Maximum Second-Order Entropy Portfolio Model (Tsallis, q = 2) 

The Tsallis entropy is a generalized entropy measure introduced by Constantino Tsallis as an 

extension of the classical Shannon entropy to accommodate non-extensive systems. In financial 

optimization, Tsallis entropy provides a nonlinear diversification criterion that penalizes 

concentration more aggressively than the Shannon formulation. This feature is particularly useful in 

markets characterized by heavy tails, strong correlations, and nonlinear dependencies, such as 

cryptocurrency assets. 

The general form of the Tsallis entropy is given by: ��(�) =
��∑ ��

��
���

���
, � > 0, � ≠ 1 

For q = 2 the expression simplifies to: ��(x) = 1 − ∑ ��
��

���  

This function reaches its maximum when the allocation is uniform (i.e., � � = 1/n) and declines 

as weights become more concentrated. The Tsallis entropy is concave for 0 < q<2  and quasi-concave 

for q > 1, making it suitable for optimization. 

The portfolio optimization problem under Tsallis entropy is formulated as: 

Maximize ��(x) = 1 − ∑ ��
��

���  

subject to ∑ �� = 1�
���  

�� Ω x = ��
� 

�� ≥ 0 ∀� 

Using the method of Lagrange multipliers the Lagrangian is: 

�(��, �� , …, xₙ , λ, γ)= 1 − ∑ ��
��

���  +  � (1 − ∑ ��) �
��� + 

+ � (��
� − ∑ ∑ ��

�
���  �� ���) �

���   

Taking the partial derivative with respect to ��, we obtain the first-order condition:  

 
��

���
= − 2 �� − � −  2 � ∑ �� ���

�
���   =  0  or 

�� = −
�

�
( � +  2 � ∑ �� ���

�
���  )  =  0  , i= 1,2,…n 

This formulation shows that each optimal weight xix_ixi depends nonlinearly on its covariance-

weighted interaction with other assets. The Tsallis entropy model imposes a stronger penalty on 

dominant weights than Shannon entropy, encouraging more balanced allocations—especially useful 

in markets with tail risk, asymmetry, or hidden correlations, such as cryptocurrencies. 

2.2.C. Maximum Weighted Shannon Entropy Portfolio Model 

The classical Shannon entropy assumes equal informational significance for each component of 

the distribution. However, in financial contexts, different assets may carry distinct levels of 

importance due to factors such as investor preferences, market influence, ESG scores (a standardized 

ratings that assess a company’s performance across environmental, social, and governance 

dimensions). These metrics are increasingly integrated into investment decisions, as they reflect long-

term sustainability, ethical responsibility, and risk exposure related to non-financial factors, or 

liquidity. To capture this asymmetry, Guiasu introduced a weighted entropy formulation [15], 

allowing each asset to be assigned a weight �� > 0 � hat reflects its informational or strategic 

relevance. The weighted            Shannon entropy is defined as: ��(�)  =  − ∑ �� �� �� �
��� �� 

The optimization problem becomes: 

Maximize ��(�)  =  − ∑ �� �� �� �
��� �� 

subject to ∑ �� = 1�
���  

�� Ω x = ��
� 

�� ≥ 0 ∀� 

Using the method of Lagrange multipliers, the Lagrangian is:: 

�(��, �� , …, xₙ , λ, γ)=  − ∑ ���� ���� + � (1 − ∑ ��)
�
���  �

��� + 

+ � (��
� − ∑ ∑ ��

�
���  �� ���) �

���   

Taking the partial derivative with respect to ��, we obtain the first-order condition:  
��

���
= −�� (���� + 1) − � −  2 � ∑ �� ���

�
���   =  0  or 
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����   =  − 1 −
�

��
(� +  2 � ∑ �� ���

�
���  ),  i= 1, 2,…n  or                        �� =

�
� ��

�

��
(�� � � ∑ �� ���

�
���  )

 

This nonlinear expression indicates that optimal allocations are influenced not only by the 

covariance structure, but also by the informational relevance wkw_kwk. Assets with higher weights 

are penalized more heavily for concentrated exposure, thereby encouraging capital reallocation 

toward structurally less dominant components. 

In our empirical analysis, we consider the case �� = 1   for all i, representing uniform 

importance. However, this model is highly flexible and can integrate data-driven or subjective 

prioritization strategies. As such, it provides a rigorous yet customizable framework for entropy-

based optimization, particularly suitable when investor confidence or strategic relevance varies 

across assets. 

2.3. Case Studies 

To assess the practical performance of the proposed entropy-based portfolio models, we conduct 

a comparative analysis using real-world market data. The portfolio includes four major 

cryptocurrencies—Bitcoin (BTC), Ethereum (ETH), Solana (SOL), and Binance Coin (BNB)—selected 

for their market capitalization, liquidity, and strategic relevance. 

Following recent findings that support entropy-based approaches under high volatility [28,29], 

we evaluate three models: Maximum Shannon Entropy, Maximum Tsallis Entropy (q = 2), and 

Maximum Weighted Shannon Entropy.  

The dataset spans from January 5 to March 29, 2025, and consists of 13 weekly observations for 

each asset. This time frame was selected deliberately as a stress-test window, reflecting heightened 

volatility in the cryptocurrency market and offering a realistic   scenario for assessing the structural 

stability of entropy-based models. 

Methodology Summary 

 Extraction of weekly return data from public sources (CoinMarketCap, Binance) 

 Computation of the expected return vector and covariance matrix 

 Implementation in MATLAB using fmincon nonlinear solver 

 Imposition of a fixed portfolio variance constraint: ��
� = 0.0015.  

The variance constraint was set to 0.0015 to reflect a conservative risk tolerance aligned with 

typical levels of volatility observed in balanced cryptocurrency portfolios  

Each model yields: 

 Optimal asset weights �� 

 Entropy value specific to the model 

 Confirmed variance 

 Visualized diversification pa�erns 

This empirical setup enables a structural comparison of how different entropy formulations 

influence portfolio composition under identical constraints, offering insights into their robustness 

and suitability for high-volatility assets. 

2.3.1. Maximum Shannon Entropy Model 

This model determines the most diversified portfolio allocation under a variance constraint. The 

problem is formulated as: 

Maximize �(�) =  − ∑ �� �� �
��� �� 

subject to ∑ �� = 1�
���  

�� Ω x = 0.0015 

�� ≥ 0 ∀� 

Results: 

Asset Weight (%) 

BTC 24.13 
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Asset Weight (%) 

ETH 6.68 

SOL 23.59 

BNB 24.60 

 Entropy achieved: �(�∗) = 1.3869 ≈ ln4 

 Variance constraint satisfied: �� Ω x = 0.0015 

Interpretation: The allocation is near-uniform, as expected from the Shannon criterion. ETH 

receives a lower weight due to its higher volatility. This model promotes structural balance and is 

robust under volatility, offering diversified exposure regardless of expected returns. 

2.3.2. Maximum Tsallis Entropy Model 

This model incorporates non-extensivity via the Tsallis entropy with q = 2 

The problem is formulated as: 

Maximize ��(x) = 1 − ∑ ��
��

���  

subject to ∑ �� = 1�
���  

�� Ω x = 0.0015 

�� ≥ 0 ∀� 

Results: 

Asset Weight (%) 

BTC 18.77 

ETH 19.22 

SOL 33.42 

BNB 28.59 

 Entropy achieved: ��  (�∗) = 0.7414 

 Variance constraint satisfied: �� Ω x = 0.0015 

Interpretation: Compared to Shannon, the Tsallis model yields a more asymmetric allocation, 

favoring assets like SOL and BNB. The higher sensitivity to concentration leads to reduced exposure 

in BTC and ETH. This model is ideal for markets with nonlinear     dependencies and tail risks. 

2.3.3. Maximum Weighted Shannon Entropy Model 

This model integrates asset-specific informational weights:  

��(�)  =  − � �� �� �� 

�

���

�� 

Weights used: 

Asset �� 

BTC 0.30 

ETH 0.25 

SOL 0.20 

BNB 0.25 

The optimization problem is formulated as: 

maximize ��(�) 

subject to ∑ �� = 1�
���  

�� Ω x = 0.0015 

�� ≥ 0 ∀� 

Results: 

Asset Weight (%) 

BTC 30.12 
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Asset Weight (%) 

ETH 26.34 

SOL 19.17 

BNB 24.37 

 Entropy achieved: ��  (�∗) = 1.3125 

 Variance constraint satisfied: �� Ω x = 0.0015 

Interpretation: The allocation reflects embedded preferences: BTC receives a higher share due 

to its importance, while SOL is penalized.  

3. Results and Discussions 

This section presents and interprets the empirical results obtained by applying the three entropy-

based portfolio optimization models to a cryptocurrency portfolio composed of Bitcoin (BTC), 

Ethereum (ETH), Solana (SOL), and Binance Coin (BNB). All models were implemented under 

identical constraints, including a fixed variance threshold (��
� = 0.0015.) and a target return of 0.4, to 

allow for direct comparison of their diversification behavior and allocation structure. Table 1 

summarizes the optimal weights and entropy values resulting from each model. Notably, all 

configurations satisfy the imposed risk constraint and produce distinct diversification profiles. The 

Shannon entropy model yields a nearly uniform allocation, promoting structural balance. The Tsallis 

model produces a more asymmetrical structure, penalizing dominant weights and favoring assets 

with complementary statistical properties. The Weighted Shannon model reflects informational 

priorities by assigning higher weights to BTC and ETH, in line with their presumed strategic 

importance. 

Table 1. Optimal portfolio allocations under different entropy-based strategies. 

Strategy BTC ETH SOL BNB 

Shannon 

Entropy 

0.2413 0.0668 0.2359 0.2460 

Tsallis Entropy 

(q = 2) 

0.1877 0.1922 0.3342 0.2859 

Weighted 

Shannon 

Entropy 

0.3012 0.2634 0.1917 0.2437 

Figure 1 illustrates these allocations graphically, providing a clear visual comparison of capital 

distribution across the three models. 
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Figure 1. Portfolio allocations under entropy-based optimization models. 

From a theoretical perspective, entropy-based portfolio optimization diverges significantly from 

traditional mean–variance approaches. While variance minimization focuses on the statistical 

dispersion of returns through the expression �� Ω x entropy maximization operates on the principle 

of distributional balance, formalized as               �(�)  =  − ∑ �� �� �
��� �� . These objectives, 

though distinct, are complementary: the former targets risk concentration, while the la�er promotes 

structural diversification. In high-uncertainty environments, entropy serves as a regularization 

mechanism—stabilizing allocations even in the absence of precise return estimates. This conceptual 

distinction highlights the added value of entropy within the broader landscape of portfolio theory, 

particularly when classical assumptions regarding return predictability or normality are violated 

3.1. Maximum Shannon Entropy Model 

The Maximum Shannon Entropy model generates a near-uniform allocation across the portfolio, 

as shown in Table 1 and Figure 1. This behavior is consistent with the model’s objective of maximizing 

diversification by treating all assets as equally informative and structurally equivalent. In the 

observed results, each asset receives approximately 24–25% of the total capital, with the exception of 

ETH, which is assigned a notably lower weight (6.68%). This deviation is likely due to its higher 

volatility, which increases the marginal cost of including it under the imposed variance constraint. 

The resulting entropy value of 1.3869 closely approximates the theoretical maximum 

ln⁡4≈1.3863, confirming that the allocation achieves full diversification under the entropy criterion. 

This outcome validates Shannon entropy as a suitable measure of portfolio            balance, 

especially when the investment environment is characterized by distributional uncertainty and the 

absence of strong informational priors. The model performs particularly well in high-volatility 

se�ings by diffusing capital away from dominant risk                concentrations. 

3.2. Maximum Tsallis Entropy Model 

The Maximum Tsallis Entropy model introduces a nonextensive statistical framework by using 

a generalized entropy function with q=2q = 2q=2. Compared to the Shannon model, Tsallis entropy 

imposes a stronger penalization on concentrated allocations, which results in a more asymmetric 

portfolio distribution. As presented in Table 1, the model shifts significant capital toward SOL 

(33.42%) and BNB (28.59%), while BTC and ETH receive more modest shares—18.77% and 19.22%, 

respectively. 
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This behavior reflects the model’s increased sensitivity to dominant weights, which are more 

heavily penalized as their magnitude grows. The entropy value of 0.7414 is substantially lower than 

that of the Shannon model, indicating a more selective form of diversification. Rather than aiming for 

uniformity, Tsallis entropy prioritizes structural balance through concentration avoidance, which 

makes it particularly well-suited for environments with tail risks, fat-tailed return distributions, and 

nonlinear inter-asset dependencies—characteristics often found in cryptocurrency markets. 

By discouraging overexposure to any single asset, the model enhances robustness in highly 

unstable environments and favors allocations that hedge against extreme downside scenarios. This 

quality makes the Tsallis entropy model a compelling alternative for risk-aware investors operating 

in data-sparse, volatile markets. 

3.3. Maximum Weighted Shannon Entropy Model 

The Maximum Weighted Shannon Entropy model extends the classical Shannon  formulation 

by incorporating asset-specific informational weights, allowing the allocation process to reflect 

subjective preferences, strategic relevance, or external criteria such as ESG ratings or market 

influence. In this study, the weights were assigned as follows: BTC (0.30), ETH (0.25), BNB (0.25), and 

SOL (0.20), simulating a scenario where BTC and ETH are considered more significant from an 

informational or strategic perspective. 

As seen in Table 1, the resulting allocation favors BTC (30.12%) and ETH (26.34%) over SOL 

(19.17%), despite the la�er having received a larger share under the Tsallis entropy model. The 

entropy value achieved (1.3125) remains close to the maximum observed in the uniform case 

(Shannon model), indicating that the portfolio retains a high degree of diversification while 

integrating preferential structure. 

This hybrid behavior—balancing diversification with informational priority—makes the 

weighted entropy model highly adaptable to real-world investment scenarios, where decisions are 

rarely based solely on statistical distribution but often influenced by qualitative insights or investor 

confidence. The framework’s flexibility also allows for dynamic updates as new data or strategic 

objectives emerge. 

Overall, the weighted model offers a powerful compromise: it maintains entropy's mathematical 

rigor while enhancing interpretability and customization in portfolio construction. This makes it 

especially a�ractive in institutional se�ings or algorithmic strategies that require both diversification 

and the incorporation of expert judgment. 

4. Conclusions 

This study proposed a unified and theoretically rigorous framework for entropy-based portfolio 

optimization, offering a viable alternative to the traditional mean–variance paradigm. By addressing 

well-documented shortcomings—such as the sensitivity of variance-based models to distributional 

assumptions and the inability to accommodate systemic uncertainty—this research contributes a 

more generalizable and robust methodology for diversification and risk management. 

Three distinct entropy-based formulations were analyzed and implemented: 

1. The Maximum Shannon Entropy Model, which promotes uniform diversification through an 

information-theoretic lens; 

2. The Second-Order (Tsallis) Entropy Model, which captures nonlinear interdependencies and 

offers flexibility in managing heavy-tailed return distributions; 

3. The Maximum Weighted Shannon Entropy Model, which integrates structural beliefs and asset-

specific informational weights into the optimization process. 

All models were derived using Lagrangian optimization techniques, ensuring full compliance 

with risk-return constraints and enabling implementation in both static and algorithmic investment 

se�ings. Empirical validation was conducted through multiple case studies using weekly return data 

from Q1 2025 for four major cryptocurrencies (BTC, ETH, SOL, and BNB). The results confirmed the 
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enhanced diversification, reduction of concentration risk, and robustness to volatility achieved by 

entropy-based methods—particularly within the challenging environment of digital asset markets. 

Table 2 summarizes the entropy values and confirmed variance levels across the three models, 

reinforcing their structural distinctions and empirical consistency. 

Table 2. Summary of entropy values and confirmed variance under each model. 

Strategy Entropy Value Portfolio Variance 

Shannon Entropy 1.3869 0.0015 

Tsallis Entropy (q = 2) 0.7414 0.0015 

Weighted Shannon Entropy 1.3125 0.0015 

Among the findings: 

 The Shannon model achieved near-maximum entropy under tight risk controls; 

 The Tsallis model produced distinct allocations by strongly penalizing large weights.; 

•  The weighted model enabled customized allocation via informational weights. 

These mechanisms enabled a strategic trade-off between maximizing return potential, 

minimizing systemic concentration, and preserving allocation flexibility. This combination offers a 

compelling enhancement to traditional portfolio theory. In conclusion, this study elevates entropy 

from a theoretical abstraction to a core structural element in modern portfolio design. Thanks to its 

distribution-free nature, axiomatic consistency, and computational viability, entropy-based modeling 

proves particularly advantageous in contexts with non-normal returns, incomplete data, and 

unstable market regimes. 

Future research directions may explore: 

 Dynamic entropy optimization in multi-period se�ings; 

 The inclusion of real-world frictions (e.g., transaction costs or taxation); 

 Validation of entropy-based strategies across broader asset classes, emerging markets 

By doing so, the operational scope and practical relevance of entropy-based portfolio 

construction in quantitative finance will continue to expand. 
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