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Abstract 
The Kelly strategy is renowned for its theoretically optimal long-term growth, 
however, its practical application in financial markets is constrained by several 
limitations, including high-risk exposure and the absence of clearly defined profit-
loss ratios. These challenges make it difficult to widely adopt the Kelly strategy, 
especially in market characterized by high volatility. To address these issues, this 
paper integrates contraction estimation and ridge regression techniques into the 
Kelly framework. By quantifying portfolio unit risk and incorporating it as a 
penalty term in the optimization model, we refine the asset allocation process. 
Additionally, machine learning methods are employed to enhance portfolio con-
struction, where clustering is used for asset selection, and neural networks are 
applied to predict return performance. Empirical analysis using data from the 
A-share stock market demonstrates that the proposed approach not only pre-
serves the high return potential of the Kelly strategy, but also effectively mitigates 
the risks associated with market volatility, delivering superior performance in 
medium-term to long-term investments. 
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1. Introduction 

To diversify risk and enhance returns, constructing a financial investment portfo-
lio is of considerable theoretical and practical significance. Determining the opti-
mal asset allocation ratio is a crucial step in this process. Markowitz [1] proposed 
the mean-variance framework, in which the core principle is to balance the risk and 
return of assets. Because the mean-variance portfolio fails to fully account for the 
risks associated with extreme market events and assumes constant returns, a port-
folio constructed solely on the mean-variance theory is likely to go bankrupt [2]. 
In contrast, the Kelly portfolio proposed by Kelly [3] and Latane [4] avoids bank-
ruptcy when implemented repeatedly, assuming asset returns are independent 
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and identically distributed [5]. In other words, the Kelly model enhances and ex-
tends the mean-variance framework by focusing on long-term asset management. 
Moreover, due to its objective of maximizing logarithmic return, the Kelly portfolio 
consistently outperforms other portfolios over the long term with probability one 
[6] [7]. 

However, since the Kelly formula aims to maximize the expected geometric mean 
return of the portfolio without considering risk factors, this strategy is very aggres-
sive [8]. Secondly, maximizing the geometric mean rate of return also requires a 
precise estimate of the expected rate of return. This sensitivity to errors in param-
eter estimation leads to various problems, many of which are similarly encountered 
in mean-variance models. Such challenges encompass sensitivity to input data [9] 
[10], inadequate diversification [11] [12], and poor out-of-sample performance 
[13] [14]. Furthermore, some assumptions of the Kelly formula are often imprac-
tical in reality. For instance, investors are required to not only accurately estimate 
the returns and risks of each asset, but also accurately define the probability of ob-
taining profits and the associated odds. Computational evidence indicates that it 
would take at least 4700 years for the Kelly portfolio to consistently outperform 
other portfolios with a 95% confidence level. In summary, using the traditional 
Kelly model presents challenges in achieving the dual objectives of maximizing 
long-term wealth while minimizing risks in short-to-medium-term in practical ap-
plications. 

In view of the issues with parameter sensitivity and practicability, many scholars 
suggest using shrinkage estimation methods to improve its robustness and stability 
within practical portfolio construction. The fundamental principle of shrinkage 
estimation is to adjust sample estimates towards target estimates [15] [16], aiming 
to balance the low bias of sample estimates against the low variance of target esti-
mates, thereby reducing estimation errors. Empirical studies demonstrate that in-
corporating shrinkage estimation into mean-variance optimization methods makes 
them more robust and effective in real portfolio selection, particularly in balancing 
risk and return across different market conditions [17] [18]. 

This paper first addresses the high-risk nature of the Kelly formula by introducing 
a risk term through shrinkage estimation. Traditional shrinkage estimation balances 
sample estimates and target estimates through weighting. To achieve the objective 
of minimizing risk while maximizing returns under the Kelly criterion, we incorpo-
rate the concept of ridge regression, adding risk as a penalty function to the original 
formula. Specifically, we introduce a term representing the distance between sam-
ple estimates and risk estimates, wherein a greater risk imposes a higher penalty on 
the sample estimates. To determine the shrinkage intensity parameter, we construct 
and solve a bi-level optimization problem. By incorporating risk as a penalty term 
and utilizing shrinkage estimation, the proposed portfolio aims to maximize asset 
growth while minimizing risk. 

After obtaining the optimization model, we use machine learning methods to 
construct the investment portfolio. First, for asset selection, based on Markowitz’s 
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mean-variance theory, to diversify risk, the assets in the same portfolio should have 
low correlations. We use an unsupervised clustering algorithm to categorize A-share 
assets based on the correlation between their return sequences. By data-driven meth-
ods, we aim to achieve low intra-cluster correlation and high inter-cluster corre-
lation. Then, one stock is selected from each cluster to form the investment port-
folio. Secondly, to predict the return sequences required in the target optimization 
function, we choose the Long- and Short-Term Memory (LSTM) neural network 
algorithm, achieving a 70% similarity in predicting returns over the ensuing 180 
days. Finally, in solving the optimization objective, we select the Simulated Anneal-
ing algorithm, which is effective in solving complex optimization problems by sim-
ulating the gradual lowering of temperature to find the global optimum, thus avoid-
ing the pitfalls of local optima [19]. 

This paper makes several significant contributions to the existing literature. First, 
to address the high-risk issue inherent in Kelly portfolios, we deviate from the shrink-
age estimation methods that set target weights. Instead, we incorporate ridge re-
gression into the objective function to achieve the dual goals of maximizing returns 
and minimizing risk from a model properties perspective. Second, regarding the 
selection of the shrinkage coefficient, we formulate a bi-level optimization problem 
to determine its optimal value, rather than merely discussing its impact on portfo-
lio weights. Third, we employ clustering algorithms for asset selection, setting our-
selves apart from traditional industry-based classifications by utilizing actual data 
correlations. Additionally, we integrate machine learning algorithms at various stages, 
leveraging data-driven methods to avoid the parameter definition issues and unre-
alistic assumptions inherent in the full Kelly formula. This approach ensures that 
the constructed investment portfolio is more aligned with real-world conditions and 
suitable for practical investment. Therefore, this study is of both theoretical and 
practical significance. 

This paper proceeds as follows. Section 2 introduces the methodology, including 
a review of the Kelly model, a brief introduction to the shrinkage estimation method, 
and the proposal of an improved Kelly portfolio objective function. Section 3 pre-
sents an empirical analysis based on market data, highlighting the machine learning 
algorithms employed at each step, supported by real data. Finally, Section 4 concludes 
the paper. 

2. Model Setup 
2.1. Kelly Portfolio Optimization Theory 

The Kelly criterion states that in a repetitive gambling or investment scenario with 
positive expected returns, the optimal proportion to bet each period should be de-
termined [3]. Unlike Markowitz’s mean-variance model, which focuses on both risk 
and return, the Kelly strategy emphasizes the long-term growth of portfolio wealth. 
Assuming the gambler has perfectly accurate information, the optimal choice in this 
case is to bet all the funds, using the indicator G  to measure the geometric growth 
rate of the funds: 
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1lim log ,
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 
= = 
 

                    (1) 

where the initial wealth of the investor is 0V , the investor’s final wealth is TV , 
and 1,2, ,t T=  . 

Subsequent scholars extended Kelly’s ideas to fields similar to gambling, includ-
ing stock investment, futures, and other financial areas [20] [21], because investors 
in the financial industry also have the need to maximize returns. For the asset allo-
cation of a single position, each position adjustment can be regarded as a bet, and 
determining the optimal asset allocation ratio for each adjustment can be seen as 
the optimal bet ratio in a gamble. 

In the context of a multi-asset investment portfolio, assuming there are n  as-
sets available for investment in the market, let ( )1 2, , ,t t t tnr r r r=   represent the 

vector of asset returns during investment period t . Denote ( )1 2, , ,t t t tnw w w w=   
as the asset weight vector. After period T , the final wealth TV  is given by: 

( )T
0

1
1 .

T

T t t
t

V w r V
=

= +∏  

Substituting this into the previous Equation (1), we get: 

( )
1

T

1
1 ,

T T

t t
t

G w r
=

 
= + 
 
∏                       (2) 

We take the natural logarithm of Equation (2), which is a monotonic transfor-
mation, and denote the wealth growth rate as rG : 

( ) ( )
1

T T

1 1

1log 1 log 1 ,
T TTr

t t t t
t t

G w r w r
T= =

 
= + = + 

 
∏ ∑  

Assuming that the asset returns are independent and identically distributed over 
the entire investment period, by the law of large numbers, we get: 

( )lim log 1 .r

T
G E w r

∞→
 → + 

  

According to Samuelson [22], asset prices exhibit minimal fluctuations in the short 
term; consequently, the associated returns are relatively low, close to zero. For cases 
where short-term returns are near zero, the lower-order terms of the Taylor expan-
sion provide a good approximation without the need to compute higher-order com-
plex terms. In practical applications, the error from using the Taylor expansion for 
approximation is negligible. Subsequent empirical studies have also confirmed this 
conclusion [23]. Therefore, we can obtain: 

( )

( ) ( ) ( ) ( )

21log 1
2
1 Var .
2

E w r E w r E w r

w E r w r E r E r w

     + ≈ −    

 = − + 

  

 

      (3) 

Based on the above, the Kelly portfolio aiming to maximize logarithmic asset re-
turns can be formulated as the following optimization problem: 

https://doi.org/10.4236/eng.2025.173014


X. Y. Xing et al. 
 

 

DOI: 10.4236/eng.2025.173014 226 Engineering 
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           (4) 

2.2. Shrinkage Estimates 

Due to the sensitivity of the Kelly formula to input parameters (such as returns), 
which can lead to instability, enhancing its robustness and stability has been a key 
focus of research. Shrinkage estimation methods have been employed to adjust the 
Kelly formula because they can improve estimation stability by accounting for the 
uncertainty in parameter estimates [24]. In portfolio selection, Bayesian shrinkage 
is a commonly used approach. By incorporating prior knowledge into the model, 
it improves the reliability of estimates and the generalization ability of the model, 
especially in situations with limited data or high noise [25]. The basic form of shrink-
age estimation can be expressed as: 

( )* * *
sample target1 ,w w wφ φ= − +  

where *
samplew  denotes sample weights, *

targetw  represents weights derived from the 
target for shrinking sample values, and φ  signifies the shrinkage intensity. Three 
forms of shrinkage estimation parameters exist: asset return vectors, covariance ma-
trices, and portfolio weights [18]. If φ  is accurately computed, the out-of-sample 
performance of the portfolio will significantly improve. 

However, adjusting the optimal weights derived from the modified Kelly for-
mula in the form of Equation (4) by combining them with weights of another port-
folio contradicts the Kelly criterion’s objective of maximizing return. Therefore, we 
need to reconsider how to integrate risk control with shrinkage estimators. Consid-
ering that solving portfolio weights is essentially a bi-objective optimization prob-
lem—maximizing return and minimizing risk—we can incorporate a penalty term 
into the objective function inspired by ridge regression. This approach helps enhance 
shrinkage estimation and contributes to controlling portfolio volatility. 

Ridge regression introduces a penalty term to address multicollinearity and im-
prove estimation stability. Given a standard regression model Y X β= +  , Ridge 
regression minimizes the following objective function: 

( )2 2

1
min

n

i i
i

y X
β

β λ β
=

− +∑  

where λ  is the shrinkage intensity. This formulation is equivalent to imposing a 
Gaussian prior on β , leading to a Bayesian interpretation. Similarly, in portfolio 
optimization, introducing a penalty term can mitigate estimation error and improve 
robustness, especially when dealing with unstable return estimates. 

Specifically, we expand the objective function Equation (3) as follows: 

( ) ( ) ( ) ( ) ( ) *
target 2

1

1max 1 Var
2

s.t. 1
n

i
i

w E r w r E r E r w w w

w

φ φ

=
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For the setting of the *w  term, we aim to achieve a smaller weight for assets  

with higher risk. Therefore, we select the Sharpe ratio 
[ ]i f

i

E r r
σ
−

 as the standard  

for measuring the unit risk and return. A higher value of the Sharpe ratio indicates 
lower return per unit risk, hence the corresponding weight should be reduced. By 
normalizing the Sharpe ratio, we obtain *w . The penalty term represents the dis-
tance between the model weights and the shrinkage target.  

The choice of the Sharpe ratio as the shrinkage target is motivated by its ability 
to adjust returns based on risk. However, alternative risk-adjusted return measures, 
such as the Sortino ratio (which penalizes downside volatility) or the Calmar ratio 
(which accounts for maximum drawdown), could also be considered. Empirical 
studies [2] [13] have shown that Sharpe ratio-based portfolio adjustments enhance 
stability under normal market conditions, but sensitivity to tail risk remains a con-
cern. 

Consequently, the final form of the optimization model is: 

( ) ( ) ( ) ( ) ( )
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1

2

1

1max 1 Var
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=
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  − − +   

  
  −   − − −    −       

=

∑
∑

∑

 

        (5) 

This adjustment not only retains the robustness improvement of the original 
shrinkage estimation method, but also significantly changes the model setting goal. 
According to the definition of the Euclidean norm, the penalty term quantifies the 
distance between the full Kelly model and the shrinkage target. It reflects the effect 
and degree of interference of risk on the Kelly portfolio weights. This approach fun-
damentally differs from traditional shrinkage estimation methods by genuinely in-
corporating the objective of risk minimization. 

2.3. Parameter Adjustments 

In traditional shrinkage estimation problems, there are three principal criteria for 
measuring the shrinkage intensity φ : 

1) Minimization of Expected Quadratic Loss: This criterion minimizes the ex-
pected squared Frobenius norm between the estimated covariance matrix shrinkΣ  
and the true covariance matrix Σ . 

2*
shrinkarg min ,FE

φ
φ  = Σ −Σ   

where shrinkΣ  is the shrunk covariance matrix, Σ  is the true covariance matrix, 
and w  represents the portfolio weights. 

2) Minimization of Portfolio Variance: This approach selects the shrinkage in-
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tensity φ  to minimize the variance of a specific portfolio under the estimated co-
variance matrix shrinkΣ . 

* T
shrinkarg min .w w

φ
φ = Σ  

3) Maximization of Portfolio Sharpe Ratio: This criterion maximizes the Sharpe 
ratio of the portfolio: 

( )
( )

* arg max ,p f

p

E R R

V Rφ

φ
φ

φ

  − =
  

 

where ( )pE R φ    is the expected portfolio return, fR  is the risk-free rate, and 

( )pV R φ    is the portfolio return variance. 

The Sharpe ratio measures the excess return per unit of risk and helps find a 
balance between risk control and return maximization. By considering both expected 
returns and volatility, this method effectively addresses market fluctuations and un-
certainties, enabling investors to achieve optimal portfolio allocations that balance 
risk and reward. This approach is crucial in practical investment decisions for en-
hancing portfolio returns under controlled risk conditions. 

Combining Equation (5), we choose the method of Maximization of Portfolio 
Sharpe Ratio, and formulate the following optimization problem: 

( ) ( ) ( ) ( ) ( )

T
0

T

2

1
1

2

max

1s.t. arg max 1 Var
2

1 ,

w

n
i f

i
n j fi i
j

j

w
w w

w w E r w r E r E r w

r r
w w r r

φ

µ

φ

φ
σ

σ
=

=

Σ
  = − − +   

  
  −   − − −    −       

∑
∑

     (6) 

where Σ  denotes the sample covariance matrix. 
As previously discussed, the value of shrinkage intensity φ  also represents the 

optimal perturbation path. By employing the criterion of maximizing the Sharpe 
ratio, which selects the scenario with the highest risk-return trade-off in numerous 
worst-case scenarios, the optimization problem Equation (6) offers significant ad-
vantages in enhancing the conservatism of the original robust optimization prob-
lem Equation (5). 

Since the objective function is a fraction and exhibits non-convexity, the overall 
model is also non-convex. Therefore, numerical methods are required to find the 
optimal solution. Standard optimization techniques, such as gradient descent or 
quadratic programming, may not guarantee finding the global optimum and are 
prone to getting stuck in local minima. In this paper, we choose to use the simulated 
annealing algorithm for optimization. The advantage of this method is that it does 
not depend on the convexity or gradient information of the objective function, 
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making it effective for solving non-convex optimization problems, such as the one 
presented in this model. Equation (6) represents a bilevel optimization model, and 
after solving the constraints, we can use the corresponding outer-layer value as the 
criterion for the simulated annealing algorithm. 

Specifically, for each iteration of the simulated annealing algorithm, we first gen-
erate a new solution newφ  based on the current kφ : 

( )new , ~ ,kφ φ δ δ= + −    

where δ  is a parameter that controls the magnitude of the perturbation, and the 
random perturbation   is uniformly sampled from the interval [ ],δ δ− . Next, 
we solve the inner optimization problem to obtain the new weight vector *

neww , 
i.e. 

( ) ( ) ( ) ( ) ( )*
new

2

1
1

2

1arg max 1 Var
2

1 ,

w

n
i f

i
n j fi i
j

j

w w E r w r E r E r w

r r
w w r r

φ

φ
σ

σ
=

=

  = − − +   

  
  −   − − −    −       

∑
∑

 

 

Then, we calculate the new objective function value ( )newf φ : 

( )
( )

*
0 new

new * *
new new

,wf
w w

µφ =
Σ



  

If ( ) ( )new kf fφ φ> , the new solution is accepted directly. If ( ) ( )new kf fφ φ≤ , 
the solution is accepted with a certain probability, given by: 

( ) ( )newexp ,k

k

f f
P

T
φ φ −

=  
 

 

where kT  is the current temperature, which gradually decreases. The temperature 
is updated as follows: 

1 ,k kT Tα+ =  

where 0.9α =  is the cooling rate, which adjusts the convergence speed and is 
typically chosen based on experience. Through this process, the simulated anneal-
ing algorithm effectively performs a global search within the solution space, avoid-
ing local optima and thus finding the optimal or near-optimal solution. 

3. Empirical Analysis 

This section validates the performance of the proposed model using empirical data, 
detailing the steps and results of constructing an investment portfolio based on the 
improved Kelly criterion. First, it outlines the preliminary asset selection process 
and the data preparation required for applying Equation (6). Next, four classic 
portfolio models are introduced as benchmarks to comprehensively evaluate and 
compare the weighting method derived from the improved Kelly criterion. Finally, 
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the portfolio performance under different rebalancing frequencies is compared to 
analyze the strengths and weaknesses of this approach in both short-term and long-
term investments. 

3.1. Asset Selection 

We utilized Akshare to obtain historical stock data from China’s major securities 
exchanges, covering the period from June 2014 to June 2024. The data includes daily 
opening and closing prices, highest and lowest prices, trading volume and amount, 
outstanding shares, and turnover ratio. 

Initially, from the obtained set of 5312 stocks, we excluded ST stocks, stocks with 
less than five years of historical data, and those with more than 5% missing data 
over the past year. This process yielded 2553 eligible stocks. For the missing values 
of the selected stocks, linear interpolation is applied using the preceding and fol-
lowing prices. 

After data preparation and preprocessing, we need to cluster the stocks based on 
their correlations and select a smaller subset to construct the investment portfolio. 
First, we apply clustering based on the correlation between price series to differen-
tiate A-share assets. According to Markowitz [1], investors should aim for cross-
industry diversification when selecting stocks, as the covariance between compa-
nies in different industries tends to be lower. Our chosen clustering method focuses 
on selecting assets with minimal correlation, aligning with the principle of risk di-
versification in modern portfolio theory. Therefore, we classify the assets such that 
the correlation between different categories is minimized, while the correlation within 
the same category is maximized. 

The current authoritative classification standard is the China Securities Market 
Industry Classification Standard (CSRC), established by the China Securities Reg-
ulatory Commission. It categorizes listed companies into several major sectors: Fi-
nancials, Real Estate, Manufacturing, Information Technology, Energy, Consumer 
Goods, Transportation, Utilities, and Construction. However, as many companies 
now invest across multiple industries, these boundaries have become increasingly 
blurred. As a result, asset selection based solely on industry classification may lead to 
biases, lag effects, and certain limitations. 

In contrast, the categories derived from clustering are based on the correlation 
of price series, treating correlation as the distance function. Assets with high corre-
lation are grouped into the same cluster, while those with low correlation are sepa-
rated into different clusters. This approach is entirely data-driven and not constrained 
by industry definitions, making the classification more reflective of the actual busi-
ness scope of companies. 

The following are the specific steps for the clustering calculation: Firstly, construct 
the correlation matrix: 

( )cov ,
,i j

ij
i j

R R
ρ

σ σ
=  

where ( )cov ,i jR R  is the covariance of the return series of assets i  and j , and 
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iσ  and jσ  are the standard deviations of the return series of assets i  and j  
respectively. 

Next, we adopt a hierarchical clustering method, which provides strong inter-
pretability, to analyze the correlation patterns among assets. The correlation matrix 
is used as the distance matrix to construct a dendrogram. According to Reilly and 
Brown [26], around 90% of the maximum diversification benefit is achieved with 
portfolios of 12 to 18 stocks. Therefore, we set a cutoff criterion of 15 clusters for 
our analysis. 
 

 
Figure 1. Cluster compositions on 2024-05-01 compared with CSRC sectors. 

 
To examine the composition of the clusters, we compare them with sectors de-

fined by the China Securities Market Industry Classification Standard (CSRC). Each 
cluster comprises assets with similar correlations, while the correlations between 
different clusters remain minimal, as illustrated in Figure 1. This correlation-based 
clustering approach diverges from traditional industry classifications. 

We observe that several clusters significantly overlap with CSRC sectors, such as 
Group 6 (Wholesale and Retail), Group 8 (Information Transmission, Software, 
and Information Technology Services), and Group 13 (Water Conservancy, Envi-
ronment, and Public Facilities Management). However, the manufacturing sector 
classified by CSRC is notably scattered across various clusters. This dispersion is 
primarily due to over 70% of the more than 5000 assets in the A-share market being 
classified under manufacturing, highlighting a limitation in classification standards 
based solely on business scope, which fail to precisely define enterprise operations. 
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Moreover, there is considerable internal variation within clusters. For instance, 
Group 4 predominantly consists of real estate companies but also includes businesses 
from related sectors, such as cement manufacturing, which is an upstream industry 
for construction. Similarly, Group 11 includes pharmaceutical firms like Jiangzhong 
Pharmaceutical, biotech companies like Nanhua Biotech, enterprises in health and 
social work like Aier Eye Hospital, and wholesale retail companies like China National 
Pharmaceutical. These classifications are logically coherent, as the fluctuations in 
construction-related assets are highly correlated with building material prices, and 
pharmaceutical sales are closely linked to the volatility of drug manufacturing 
prices. 

These examples clearly demonstrate that the CSRC industry classification stand-
ards cannot accurately categorize assets based on their relevant business activities. 
In contrast, data-driven clustering algorithms can effectively identify stock groups 
based on correlation and similarity, which addresses this shortcoming. This charac-
teristic not only allows for more accurate classification of companies but also pro-
vides the advantage of discovering “less-known potential stocks” whose price move-
ments resemble those of major firms. Such alternatives can replace “popular” stocks 
(like Moutai), which are often overheld and, consequently, overpriced. Identifying 
substitutes can be highly beneficial in actual investment scenarios. 

After obtaining the clustering results, we need to select representative assets from 
each cluster to construct the portfolio. Common criteria for selecting assets include 
volatility and the Sharpe ratio. Ideally, if returns were perfectly aligned with the clus-
tering results, we would select the stock with the lowest volatility. However, real-
world data often deviates from this ideal, making the selection criteria crucial. We 
use the Sharpe ratio instead of volatility alone for two main reasons: 

1) The Sharpe ratio measures return relative to risk, providing a clearer view of 
excess return per unit of risk, which better aligns with our optimization goals. 

2) Focusing solely on volatility without considering returns may not achieve the 
optimal risk-return balance. The Sharpe ratio offers a simple way to compare risk-
adjusted returns, making it more practical for investment decisions. 

For these reasons, we select the 15 assets with the highest Sharpe ratios from each 
cluster. 

3.2. Return Forecasting 

According to our optimization model Equation (6), accurate forecasting of future 
asset returns is required to determine fr . This study employs the Long- and Short-
Term Memory (LSTM) neural network architecture. Compared to traditional Re-
current Neural Networks (RNNs), LSTM networks utilize gating mechanisms that 
better capture long-term dependencies and effectively mitigate the vanishing gra-
dient problem. LSTM networks introduce memory cells, replacing the artificial 
neurons in traditional neural network hidden layers. These memory cells enable the 
network to retain information efficiently and handle long-range inputs, demonstrat-
ing strong predictive capabilities in dynamically evolving data structures. 
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We divided the dataset into 70% for training and 30% for testing. Using the LSTM 
network, we predicted future return trends for 90 days, 180 days, and 360 days. The 
results are as follows. 
 

 
Figure 2. Forecast 180-day stock return volatility. 

 

 
Figure 3. Comparison of LSTM-based forecasts and actual price trends. 

 
Figure 2 shows a 180-day price prediction simulation for one of the assets. Fig-

ure 3 compares the actual values with the predicted values, where we can observe 
that under the Long- and Short-Term Memory (LSTM) neural network algorithm, 
the predicted trend closely aligns with the actual trend. The fluctuations are similar, 
with both values oscillating within the same range. Based on numerical experiment 
results, in the 360-day prediction interval, this algorithm achieves a match rate of 
70% or higher between the predicted and actual closing prices. The accuracy is even 
higher for the 180-day and 90-day predictions. This is logical, as shorter prediction 
intervals tend to be more accurate with the same size of the training set. Since port-
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folios often require periodic monitoring and adjustments, a one-year prediction 
horizon is suitable for most portfolio construction strategies. 
 

 
Figure 4. Training cycle loss function. 
 

Figure 4 shows the loss function for one asset during the long- and short-term 
forecasts as it changes with training epochs. It can be observed that as the number 
of training epochs increases, the loss function gradually decreases and stabilizes 
around 0.21. The training loss for other assets also remains below 0.3, indicating that 
the model effectively learns the sequence patterns without overfitting. 

3.3. Portfolio Backtesting 

We construct a portfolio using the selected 15 assets and calculate the correspond-
ing weights based on the proposed optimized Kelly criterion Equation (6). For 
benchmarking, the results are compared against three classic weighting methods: 
the mean-variance approach without short-selling, the full Kelly criterion, and the 
risk parity strategy, which is one of the most popular approaches among portfolio 
managers. 

Table 1 summarizes the performance and risk characteristics of the four invest-
ment portfolios constructed using different methodologies over a five-year period. 
Notably, the optimized Kelly criterion achieved an impressive annualized return of 
22.86%, even in a market environment where the other three strategies delivered neg-
ative returns. However, it is important to note that this reported return of 22.86% 
may be subject to biases such as data mining bias and overfitting, especially in the 
context of backtesting. To mitigate these concerns, we performed out-of-sample 
testing using a rolling-window approach, recalibrating portfolio weights every 90, 
180, and 360 days. This method helps ensure that the reported returns are not overly 
reliant on past performance and reflect the robustness of the strategy across differ-
ent market conditions. 

Despite its strong theoretical foundation, the Full Kelly strategy can result in 
significant losses during volatile market conditions, thereby limiting its practical  
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Table 1. Portfolio performance indicators. 

Statistical Indicators Optimized Kelly Full Kelly Risk Parity Mean-Variance 

Sharpe Ratio 1.15 0.97 1.31 1.35 

Annualized Volatility 6.35% 4.50% 2.54% 2.86% 

Annualized Return 22.86% −21.44% −11.13% −10.83% 

Wealth Growth Multiple 1.23 0.79 0.89 0.89 

Maximum Drawdown 125.82% 129.98% 44.96% 67.28% 

Average Gain/Average Loss 1.07 0.96 1.13 1.11 

Standard Deviation of Returns 0.03 0.11 0.03 0.03 

Skewness 15.82 −2.15 13.11 −5.80 

Kurtosis 375.24 530.07 280.51 352.69 

Maximum Consecutive Wins 7 13 7 10 

Maximum Consecutive Losses 12 26 10 12 

 
applicability. This is evident in its annualized return of −21.44%, along with a max-
imum drawdown of 129.98% and a streak of 26 consecutive losses. On the other 
hand, the mean-variance and risk-parity approaches offer a more balanced risk-re-
turn framework, focusing on minimizing risk while aiming for stable portfolio 
returns. However, their annualized returns of −11.13% and −10.83%, respectively, 
highlight a trade-off between stability and the potential for profitability. 

The price trends of the portfolios under the four strategies, as shown in Figure 
5, further illustrate that the risk-parity strategy is relatively the most stable. In con-
trast, the Full Kelly strategy experienced the steepest decline, with a much sharper 
slope than the other strategies, especially during the significant market downturn 
from August 2020 to June 2021. Although the optimized Kelly strategy also exhib-
ited slightly higher volatility and drawdown, it demonstrated a substantial improve-
ment in risk control compared to the Full Kelly approach. 

Moreover, the optimized Kelly strategy consistently seized market opportuni-
ties during periods of growth, outperforming the other strategies in terms of price  
 

 
Figure 5. Portfolio price trends under four strategies from 2019 to 2023. 
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acceleration. For instance, during the market rallies in April 2020, July 2021, and May 
2022, the optimized Kelly portfolio experienced rapid upward movement, even sur-
passing the Full Kelly strategy in terms of speed. Overall, these results indicate that 
the optimized Kelly strategy effectively balances risk mitigation and return gener-
ation, closely aligning with the objectives of our model optimization. 

To further demonstrate that the advantages of our portfolio construction method 
extend beyond simple weight calculations, we selected the SSE 500 and CSI 300 ETFs 
(stock codes 510500 and 510330) as benchmarks for comparison. These two ETFs 
are among the most representative in China, designed to track the SSE 500 and CSI 
300 stock market indices. Both indices promote industry diversification while opti-
mizing sector allocation. In addition, we perform robustness checks by comparing 
our strategy’s performance to the benchmarks over different market periods, such 
as the pre-pandemic, during-pandemic, and post-pandemic phases. This helps en-
sure the stability and generalizability of the proposed approach. Figure 6 illustrates 
the changes in return values of these portfolios. 

 

 
Figure 6. Comparison of the optimized Kelly strategy returns with the SSE 500 and CSI 300 ETFs. 

 
Focusing on the onset of the pandemic (December 31, 2019), we observe that in 

the initial phase around April 2020, panic induced by lockdown measures led to a 
rapid market decline. However, unprecedented stimulus measures from govern-
ments and central banks, coupled with strong performance in technology stocks, 
drove the market into a sustained upward trend. During this period, the price of 
the optimized Kelly strategy surged from a low of approximately 10 to a peak of 18. 
After August 2020, market adjustments due to policy changes and concerns about 
overheating and bubble risks resulted in price declines. While both market indices 
remained relatively stable during this period, the optimized Kelly strategy experi-
enced a rapid drop, leading to cumulative returns that fell below those of the mar-
ket. This underscores that the foundational goal of our proposed strategy is to pur-
sue high returns. Although it mitigates risk, it cannot completely avoid the impact 
of downturns. However, as vaccinations rolled out and the market began to recover, 
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the optimized Kelly strategy again exhibited rapid growth. 
Performance data from the onset of the pandemic to the present reveals that, alt-

hough the trends of increases and decreases are generally similar across all strategies, 
the optimized Kelly strategy stands out in its ability to seize opportunities, leading 
to a more pronounced upward trajectory. Additionally, it effectively mitigates risk 
during downturns, further enhancing its long-term performance. 

The above results compare the overall performance of the portfolio over the en-
tire period. To address potential overfitting concerns, we further conducted out-
of-sample tests using different market periods and recalibrated asset weights every 
90, 180, and 360 days. The results indicate that the optimized Kelly strategy main-
tains its competitive edge over the long term, even when applied to different time 
windows. 

To facilitate a more comprehensive comparison, we employ a rolling window 
method for analysis. Specifically, we recalibrate asset weights every 90 days, 180 days, 
and 360 days based on historical performance data. To emphasize the performance 
of portfolio construction methods over different time lengths, our comparison does 
not involve reselecting assets but rather adjusting their proportions. We focus on a 
representative and volatile period from December 31, 2019, to December 31, 2021, 
which encompasses the onset and conclusion of the pandemic. 

 

 
Figure 7. Portfolio price trends of three strategies from 2019 to 2021. 

 
Figure 7 illustrates the cumulative returns of the three investment strategies over 

different time windows during the past two years. It is evident that the three strat-
egies show relatively similar performance in the early stages and final cumulative 
values, but there are significant differences during the intermediate period. This is 
primarily because each recalibration of weights takes into account the performance 
of the previous window. Specifically, the rolling returns for the 90-day window de-
creased significantly between March and June 2020, largely due to the high volatil-
ity observed from January to March, which increased the predictive uncertainty for 
subsequent periods, leading to a greater penalty in the model, i.e. increased risk 

https://doi.org/10.4236/eng.2025.173014


X. Y. Xing et al. 
 

 

DOI: 10.4236/eng.2025.173014 238 Engineering 
 

constraints. Similarly, the 180-day window showed significantly lower return vol-
atility from June to December 2020 compared to the previous period. In contrast, 
the performance of the 360-day rolling strategy remained unaffected by such con-
straints. 

Another noteworthy period is the rapid growth phase from July to September 
2021, where data indicate that shorter windows exhibit higher growth rates. This is 
logical, as short-term adjustment strategies are more sensitive to larger fluctuations, 
allowing for stability before July. The stable volatility in the previous period results 
in reduced constraints for the new period, enabling quicker gains when oppor-
tunities for rapid growth arise, even surpassing the 360-day adjustment strat-
egy. 

However, during the growth phase from March to August 2020, the short-win-
dow strategy did not demonstrate the advantage of rapid growth due to its previous 
high volatility. Regardless of how frequently the portfolio weights are adjusted, a 
long-term hold of the optimized Kelly portfolio consistently yields returns above 
the market. In stable market conditions, frequent rebalancing can increase both the 
potential for profits and losses, as risk constraints are lower; conversely, during 
significant market fluctuations, frequent adjustments can hasten the return to sta-
bility, but while increasing risk constraints to minimize losses, they may also limit 
potential gains. 

Overall, these additional tests demonstrate that the optimized Kelly strategy is 
robust across various time windows and market conditions, and its performance 
holds up under different sample periods. The out-of-sample tests help mitigate the 
concerns of overfitting and provide stronger evidence for its real-world applicabil-
ity. 

4. Conclusions 

This paper aims to control the risk associated with constructing investment port-
folios based on the Kelly criterion. We achieve this by incorporating a penalty term 
through the concept of shrinkage estimation and formulating an optimization model 
in a bi-level structure. Additionally, during the asset selection phase, we cluster the 
assets based on their joint correlation with all other assets. We provide a rigorous 
analysis of the construction methodology and offer practical guidance derived from 
theoretical results. Numerical experiments demonstrate that the optimized Kelly port-
folio performs well over the long term compared to market benchmarks and other 
portfolio strategies. Furthermore, under our asset selection approach, portfolios cal-
culated using three different criteria exhibit a significant advantage over market in-
dices. This indicates that our portfolio construction method excels in both asset se-
lection and weight calculation. 

Our work can be extended in several directions. One avenue is to further adjust 
the penalty term by considering other factors in the investment process, such as 
turnover rate and transaction costs. This could involve integrating multiple factors, 
for example: 
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( ) ( )2
1 2 32

.targetPenalty w w TransactionCost w TurnoverRate wφ φ φ= − + ⋅ + ⋅  

Alternatively, we could employ adaptive algorithms from machine learning to 
adjust the constraints. This approach would allow the model to comprehensively 
consider various factors in investment, rather than just price volatility. In situations 
involving short-term holdings or frequent trading, this could reduce the lagging 
effects of price fluctuations and better leverage the advantages of the Kelly crite-
rion. 

Another direction is to refine the price prediction methods. Although the accu-
racy of predictions is relatively high, the precision of daily price forecasts is lacking. 
Improving daily price prediction accuracy may require using point-in-time data 
instead of just daily data. From a modeling perspective, we could change the utili-
zation of predicted values by opting not to rely solely on individual predictions, but 
instead focusing on performance metrics over a period, such as maximum drawdown 
or volatility. 
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