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Abstract:

In some cases, solely relying on the traditional Kelly
Criterion, which assumes fixed win and lose rates, is
insufficient to cope with the constantly changing market
environment. Some present attempts to develop an
improved decision-making model combine the Kelly
Criterion with a Markov chain, but they are either too
complex or have limitations. To figure out a better method,
this paper carries out research on dynamic position
decision-making. A Markov chain model divides the
market into two states by analyzing a state transition
probability matrix based on historical price movements.
These two states represent increasing and declining market
conditions, respectively. Then, the Kelly Criterion is used
to calculate the optimal position corresponding to each
state, enabling state-dependent position sizing. Each step
is easy to apply and does not require much calculation,
making the method accessible for practical investment
decisions. This novel and simple strategy forms a two-
step decision-making system including state identification
and position optimization. Empirical results from an
A-share stock demonstrate that this dynamic strategy
outperforms the static Kelly approach, offering improved
cumulative returns while maintaining simplicity and ease
of implementation.
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1. Introduction

bull market (increasing trend), or experience massive
losses from holding heavy positions in a bear market

Investors often face the dilemmas of misjudging mar-  (declining trend).

ket trends and improper position sizing, causing them  Although the classic Kelly Criterion provides the
to miss out on gains when holding light positions ina  optimal position size, it assumes fixed win/loss ratio,



which are inconsistent with the real market where market
conditions change dynamically. On the other hand, a Mar-
kov chain, with its property of no aftereffect, can accu-
rately identify dynamic market state.

Markov chains have always been an effective tool in
countless fields. Borkowska & Kroese applied Mar-
kov-based optimal betting to sports and finance, vali-
dating practical utility across scenarios [1]. Nystrup et
al. employed hidden Markov models to identify market
regimes and improve dynamic allocation performance [2].
Pasricha et al. (2020) extended this framework by using
semi-Markov processes to model credit rating transitions
[3]. This model captures duration dependence better com-
pared with traditional Markov chains.

Recent studies have extended the Kelly criterion under
Markov frameworks for dynamic investment and bet-
ting optimization. Lynch & Taylor set a framework for
state-dependent capital allocation [4]. By introducing
a two-state Markov transition matrix, the model of this
study captures conditional win rates, enabling adaptive
position sizing: lower positions in State 1 (rising) and
higher positions in State 2 (falling). This design match-
es the finding of Lynch & Taylor that state-aware Kelly
strategies improve regime adaptation and risk-adjusted
returns. Li & Zhang further generalized the model to Mar-
kov jump-diffusion processes [5], addressing volatility
and jump risks in financial markets. Liu & Chen proposed
a robust Kelly criterion for Markov chains with uncertain
transition matrices [6], enhancing stability in ambiguous
environments. Collectively, these works apply dynamic
Kelly methods under Markov structures. However, these
models are complicated for real-life use. They also require
excessive calculation, which make them parameter-sensi-
tive and thus risky in real-life situations.

A study highly inspiring to this paper were done by An-
dersson & Vihdmaa [7], who put forward a dynamic port-
folio framework that integrates Hidden Markov Model
(HMM) for regime identification and statedependent asset
allocation. Different from the visible twostate division in
this paper, their model uses hidden states to capture un-
observable market patterns, and constructs state transition
probabilities through return sequences. The core contribu-
tion is to prove that statedependent weight adjustment can
significantly improve riskadjusted return compared with
fixed allocation [8].

Compared with the existing literature cited in this paper,
Andersson & Vihdmaa have simpler modeling steps, and
do not involve complex jump diffusion or robust optimi-
zation, which is compatible with the "twostep decision
system" constructed in this paper [9]. It can be seen that
using Markov chain to identify states and matching Kelly
to optimize positions is in line with the frontier develop-
ment of dynamic allocation. At the same time, the slight
excess return in this paper is also due to the short sample
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period, high noise and insufficient state persistence, which
further supports the view of Andersson & Vidhdmaa that
the strategy effect depends on trend characteristics. This
literature provides a solid external reference for this paper
to verify the effectiveness and boundary conditions of the
improved strategy [10].

This paper aims to show the effectiveness of the two-step
decision making system, involving market state recog-
nition based on Markov chain and position optimization
based on Kelly Criterion. A combination of these two
approaches enables adaptive position sizing based on
market states, hopefully helping investors balance returns
and risks. Section 2 will show the methodology of this
paper and identify core variables for calculating. In this
section, the Kelly criterion will be applied in its most
general form, and the theoretical steps of creating the
Markov matrix will be defined. Section 3 will analyze a
specific A-share stock and compare the calculated final
return in two different strategies. Some similar properties
with other strategies will be discovered. In this section,
the advantages of the new strategy will be verified, while
its limitations will also be shown. The last section will de-
vote to the conclusion.

2. Methodology

2.1 Definition of Core Variables

This paper selects a typical A-share stock, and adopts
daily trading data from 160 consecutive trading days as
the experimental data. The data include core indicators
including daily closing price and daily price change rate
(a positive rate indicates a price rise, while a negative
rate indicates a price decline). This stock is chosen for its
active trading and market representativeness, which re-
flects the state characteristics of the A-share market. The
selection of over five months of daily data ensures a suf-
ficient sample size, and also avoids market environment
discrepancies caused by an overly long data period, so the
reliability of experimental results can be guaranteed. This
paper uses an experimental method, with a control group
and an experimental group, in order to exclude all con-
founding variables.

To ensure the standardization of the experiment, various
core variables should be defined. Initially, win rate and
lose rate are the two most important variables. Win rate
(p) is the proportion of trading days with stock price in-
creases to the total number of trading days in a given peri-
od. This paper adopts both fixed win rate (used in Strategy
1, where Kelly Criterion is directly used) and state-depen-
dent win rate (used in Strategy 2, where Kelly Criterion
is applied according to the predicted market state). Lose
rate (¢ ) is the proportion of trading days with stock price
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declines to the total number of trading days in a given pe-
riod, satisfying ¢ =1—p . Correspondingly, it is divided
into fixed lose rate and state-dependent lose rate. Another
essential variable in calculating the optimal Kelly position
is the net odds (b). It is the ratio of the average positive
daily return (x) to the average daily loss (), calculated

X . .
as b=—. The two strategies share the same calculation
y

standard for net odds in this paper. Based on these vari-
ables, the optimal Kelly Criterion position (f *) can be

calculated, which is the optimal investment position cal-

culated by the Kelly criterion ( f*=p —% ). Theoretical-

ly, this position leads to the maximum long-term benefits,
and minimizes long-term loss.

There are two market states that are divided based on
the stock’s historical price movements, namely State 1
(increasing state) and State 2 (declining state). By using
the Markov chain modeling in Strategy 2, the following
market state can be predicted according to the current one.
Finally, the author seeks for maximized cumulative return,
which is calculated solely by daily positions and actual
stock price changes (excluding transaction costs, stamp
duty and commissions). It serves as the core indicator of
the performance of the two strategies.

2.2 Experimental Design and Strategy Imple-
mentation Process

The two comparative strategies both formulate positions
based on the Kelly criterion. This article analyzed a to-
tal of 160 consecutive trading days of the A-share stock
300308.SZ (Zhongji Innolight Co., Ltd.) from 8 August
2025 to 9 April 2026. The source of the data is of the first
140 days (from 8 August 2025 to 11 March 2026) is used
to calculate parameters such as win rate and lose rate, as
well as construct the transition matrix. Then, the rest 20
days (from 12 March 2026 to 9 April 2026) are used to
test how much money can be earned by applying the two
strategies respectively. Finally, the cumulative returns of
the two strategies are compared in order to verify the ef-
fectiveness of the second strategy. The specific processes
are as follows.

The first strategy, which serves as the control group, is
the static Kelly position strategy under fixed win rate and
lose rate. In this method, the traditional Kelly Criterion
is applied without any extra consideration. This strategy
involves no prediction of stock price movement, and the
other variables are exactly the same as the experimental

group. Using the formula f*=p—g/b, the author can

calculate the optimal position to invest, theoretically max-

imizing long-term gain, and minimizing long-term loss.

The second strategy, which serves as the experimental
group, is the dynamic Kelly position strategy using Mar-
kov chain market prediction. In this situation, before
calculating the optimal Kelly position, a transition matrix
is constructed to demonstrate the win rates and lose rates
under two different conditions: “the day before was a
win” (Status 1) or “the day before was a loss” (Status 2).
According to the status of the previous day, two differ-

ent Kelly positions are calculated, using f*=p'—q'/b,

where p' and ¢' are conditional win rates and lose rates.

By altering the position when the status changes, this pa-
per hopes to win more than merely using a constant posi-
tion.

3. Results

3.1 Calculated returns

The data of the 160 days is gathered from https://webapi.
cninfo.com.cn/#/marketData (Stock code: SZ300308). By
constructing a list containing the previously mentioned
core variables of each trading day, the author eventually
found out the specific amount of extra return that the dy-
namic position strategy provides.

Within the 140 days used for parameter calculation, 73
days had a price increase, while 67 days had a price de-
cline, so the win rate is 73/140 = 52.14%, and the loss rate
is 67/140 = 47.86%. Then, b = 52.14%/47.86% = 1.427.
The average positive daily return is 4.42%, while the av-
erage negative daily loss is 3.10%. Using the formula of

Kelly Criterion, f* = 18.59%, so a position of 18.59%

should be held in the first strategy.

Within the 73 price increases, 35 were followed by anoth-
er increase, while 38 were followed by a decline; within
the 67 price increases, 30 were followed by another de-
cline, while 37 were followed by an increase. Therefore,
the following transition matrix can be constructed:

35 38
p[B RT3 7| _[4795% s20sn]
TlB, Py |37 30| |5522% 44.78%

67 67

This matrix indicates that, when the previous day is in Sta-
tus 1 (price increase), the win rate of this day is 47.95%,
while the lose rate is 52.05%; when the previous day is
in Status 2 (price decline), the win rate is 55.22%, while
the lose rate is 44.78%. Using the same b as strategy 1, f
times Status 1 = 11.45%, and f times Status 2 = 23.83%.
Therefore, a position of 11.45% should be held if the
previous day was an increase, and a position of 23.83%
should be held if the previous day was a decline.



Assume an initial total wealth of $100,000 at 12
March 2026. After calculation, the first strategy ends in
$104,505.40 at the end of 9 April 2026, which is an in-
crease of 4.51%. The second strategy ends in $104,992.86,
which is an increase of 4.99%. The dynamic strategy out-
performs the static strategy by a 0.46 percentage points.
The returns of half Kelly and quarter Kelly are also cal-
culated. For half Kelly, the dynamic strategy earns 0.22%
more than the fixed one, and for quarter Kelly, the pro-
portion is 0.11%. These results confirm that incorporating
Markov chain can generate incremental returns.

3.2 Result Analysis

It is actually surprising to find that the optimal position is
lower (11.45%) in price increasing days (up days), while
higher (23.83%) in price decreasing days (down days). If
the price has just started to increase, investors may believe
that it has a bigger chance to continue this trend. Never-
theless, it is not the case for this stock. In the case of this
study, it is actually the strategy of “buy on dips, sell on
rises”. Therefore, the limitations of these two strategies
are similar to some extent which helps to explain why this
dynamic strategy provides a slight gain in this stock.
There are many periods in the first 140 days that up days
and down days alternately frequently, increasing the esti-
mated probability of an up day after a down day, as well
as decreasing the estimated probability of an up day fol-
lowed by another up day. This cause a relatively small win
rate (47.95%) when in Status 1, and a relatively larger win
rate (55.22%) when in Status 2, so a low position was held
in Status 1, and a high position was held in Status 2. As a
result, once consecutive up days occur in the last 20 days,
strategy 2 would earn less than strategy 1, and once con-
secutive declining days occur, strategy 2 would lose more.
Conversely, if the first 140 days had many consecutive
increasing or declining days, several days of alternating
appearance of increasing and declining days would cause
great decline in the total positive return.

Therefore, it can deduce that the time dimension of in-
vestment is also a key factor affecting the strategy effect.
This strategy is more suitable for medium and long-term
trending markets dominated by sustainable trends, while
its performance is relatively limited in short-term volatile
markets dominated by random factors, including market
noise and sudden policy impacts. In the short-term mar-
ket, the non-aftereffect property of the Markov chain may
fail to effectively capture the irregular price jumps, and
the state division based on historical data may lag behind
the rapid changes in the market. These factors result in
the deviation between the calculated optimal position and
the real-time market demand. At the same time, this study
does not consider transaction costs, or stamp duties, which
have a certain impact on the net returns of the strategy in
real investment scenarios. The frequent position adjust-
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ments driven by state changes may increase transaction
costs and partially offset the excess returns brought by
dynamic optimization, which is a factor that needs to be
taken into consideration in subsequent research.

Conclusion

Overall, this study empirically tests the performance of
a static Kelly criterion and a Markov chain-augmented
dynamic Kelly criterion in the context of A-share stock
trading, using 160 trading days of data for in-sample es-
timation and 20 days for out-of-sample testing. However,
The Markov chain-augmented dynamic Kelly strategy is
not a one-size-fits-all solution, and its effectiveness is de-
pendent on the stock’s price trend characteristics.

The strategy performs best for trending stocks with strong
auto-correlation (i.e., long consecutive up/down days, low
frequency of alternating days). The strategy cannot work
effectively for stocks with frequent alternating up/down
days. For such stocks, the state transition probabilities
are rather unstable and non-predictive, leading to mis-
guided position sizing that erodes the dynamic strategy’s
advantage. Furthermore, the strategy is more effective in
long-term trending markets rather than short-term volatile
markets, where price movements are highly dominated by
noise rather than persistent trends.

This paper emphasizes the balance between simplicity and
effectiveness, so the results should be viewed dialectically.
According to its constraints, future research can take more
factors such as transaction costs and market noises into
account. The results can also be extended to multi-state
hidden Markov models, or fractional Kelly for risk con-
trol. These attempts may increase the gain by monitoring
the market state more specifically. Still, specification in
data analysis would make the calculation more complicat-
ed, and excess amount of math makes it more difficult for
normal investors to use. Thus, it is also important to figure
out a balance between preciseness and simplicity. When
this equilibrium is achieved, a state-dependent dynamic
method that can fully adapt to daily use would be found.
To improve the accuracy of market state recognition, fu-
ture studies can apply hidden Markov models, semi-Mar-
kov processes or multi-state division. Future studies can
also try optimizing the position adjustment rules to reduce
unnecessary transactions and improve the net return of the
strategy. The combination of macroeconomic indicators,
market sentiment, and other factors with the Markov-Kel-
ly framework can also build a multi-factor decision-mak-
ing system, thus improving the prediction accuracy and
return performance.
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