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With the acceleration of the global digitalization process, the digital economy has become a key force
driving economic development. However, the rapid changes and high levels of uncertainty in the digital
economy pose great challenges to trend forecasting and decision support. Based on the ant colony
algorithm and reinforcement learning, this study studies the trend prediction and decision support system
of the digital economy. It provides effective prediction and decision-making tools for the development of
the digital economy. In this study, a prediction and decision support system based on an ant colony
algorithm and reinforcement learning is constructed. Through the analysis of a large number of
experimental data, the results show that the system has significant advantages in predicting digital
economy trends. The experimental findings demonstrate that the Ant Colony Algorithm efficiently extracts
critical information from complex economic datasets. Furthermore, the Reinforcement Learning
component refines the prediction model through iterative self-learning, enhancing prediction accuracy.
Our system's performance, as measured by specific metrics, indicates a reduction in the average
prediction error by 20% for key digital economy indicators relative to traditional methods, with a 15%
enhancement in prediction stability. Additionally, the system's RMSE values and overall prediction
accuracy reflect significant improvements in decision-making support. In terms of decision support, the
average yield of the strategy recommended by the system in the simulated market environment is 10%
higher than that of the benchmark strategy.

Povzetek: Raziskano je napovedovanje trendov in podpora odlocanju v digitalni ekonomiji z uporabo
algoritma mravljisca in ojacitvenega ucenja. Hibridni sistem izkorisca sposobnost algoritma mravljisca
za pridobivanje informacij iz kompleksnih podatkov in ojacitvenega ucenja za izboljsanje kvalitete

napovedi.

1 Introduction

In the global economic map of the 21st century, the
rise of the digital economy has become an irreversible
trend of the times. With the rapid development of
information technology, the digital economy is profoundly
changing the traditional economic structure, reshaping the
enterprise operation mode, and having a profound impact
on the national governance system [1]. In this context,
accurate prediction and scientific decision-making of
digital economy trends become particularly important,
which is not only related to the development prospects of
enterprises, but also affects the formulation of national
macroeconomic policies [2, 3]. At present, the digital
economy's growth presents both opportunities and
challenges. On the one hand, the proliferation of digital
data offers a wealth of information that could uncover
intricate economic dynamics. However, extracting
actionable insights from this data poses a significant
challenge. This paper focuses on addressing this issue by
proposing a system that combines Ant Colony
Optimization and Reinforcement Learning to effectively
mine and utilize valuable information from digital
economy datasets, thereby overcoming the limitations of
traditional forecasting methods [4, 5]. The digital

economic system exhibits characteristics of nonlinearity,
uncertainty, and dynamism. Consequently, the
conventional forecasting and decision-making
approaches, which may not be tailored to the unique
complexities of the digital economy, often fall short in
addressing its specific challenges [6, 7].

Ant colony algorithm (ACO), as an optimization
algorithm that imitates the behavior of ant colonies in
nature, shows significant advantages in solving complex
optimization problems with its unique swarm intelligence,
distributed computing and self-organization
characteristics. Reinforcement learning (RL), as a
machine learning method based on environmental
feedback for decision-making, has made breakthroughs in
the field of artificial intelligence in recent years, especially
showing strong potential in dealing with dynamic and
uncertain problems. Combining the ant colony algorithm
with reinforcement learning and applying it to digital
economy trend prediction and decision support systems
can not only give full play to the advantages of the two
algorithms but also provide new perspectives and methods
for digital economy prediction and decision-making.

The prediction and decision support system, which
integrates Ant Colony Optimization (ACO) and
Reinforcement Learning (RL), is proposed in this study to
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address these challenges. It aims to offer unique
advantages over traditional machine learning approaches,
such as LSTMs, random forests, and deep reinforcement
learning, thereby providing a robust framework for the
sustainable development of the digital economy. This
study first analyzes the connotation, characteristics and
development trend of digital economy and clarifies the
importance of digital economy forecasting and decision-
making. On this basis, the basic principles of ant colony
algorithm and reinforcement learning are deeply
discussed, and the feasibility of applying them to digital
economy trend prediction and decision-making is
expounded. The advantages of the ant colony algorithm in
dealing with large-scale and complex problems enable it
to effectively deal with the characteristics of large
amounts of data and high dimensions in digital economic
systems [8, 9]. The adaptive learning ability of
reinforcement learning in a dynamic environment
provides the possibility of a real-time adjustment strategy
for prediction and decision-making systems [10].

The objectives of this study are to construct a hybrid
model combining ant colony optimisation algorithms and
reinforcement learning to predict digital economic trends;
to evaluate and compare the performance of this model
with existing state-of-the-art methods; and to examine the
feasibility of the practical application of this system in
decision-making processes. These three research
objectives aim to guide the reader to understand the logical
framework and scope of this study, and to emphasise the
importance and potential impact of this research. In this
study, a digital economy trend prediction and decision
support system framework based on an ACO algorithm
and reinforcement learning is constructed. In this
framework, the ACO algorithm is responsible for mining
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potential economic laws from massive data and providing
an initial decision-making basis for reinforcement
learning. Reinforcement learning improves the prediction
accuracy and decision-making efficiency of the system by
constantly interacting with the environment and
optimizing prediction and decision-making strategies.
Through in-depth discussion of core issues such as
algorithm fusion, model construction and system
implementation, it provides new ideas and methods for
trend prediction and decision-making in the digital
economy.

2 Overview of related work and
technology

Table 1 shows a comparison of predictive
performance. The method based on ant colony
optimization and reinforcement learning achieved 85%,
significantly higher than LSTM (78%) and ARIMA
(75%). This indicates that the method can more accurately
grasp the direction of data when predicting the digital
economy's trend, providing a more reliable basis for
decision-making. The methods based on ant colony
optimization and reinforcement learning have lower
RMSE (1.2) and MAE (0.8) than the other two SOTA
methods, indicating that the deviation between their
predicted values and actual values is relatively small, and
the expected results are more stable and accurate. The ant
colony optimization and reinforcement learning method
can identify trend-turning points in just one cycle; while
LSTM requires two cycles, ARIMA requires three. In
contrast, this research method can quickly capture trend
transition signals, providing decision-makers with timely
information support.

Table 1: Comparison of prediction performance

. Method Based on Ant Colony LSTM Neural | ARIMA
Comparison Items Optimization and Reinforcement
. Network Model
Learning
Prediction Accuracy (%) 78 75
Root Mean Square Error
(RMSE) 1.2 15 1.8
Mean Absolute Error (MAE) 0.8 1.0 1.2
Delay in Identifying Trend . . .
Turning Points (Time Period) 1 period 2 periods 8 periods

Table 2 compares the model characteristics with
decision support. The training time for the method based
on ant colony optimization and reinforcement learning is
5 hours, shorter than the 8 hours of LSTM. This research
method occupies 8GB of memory, which is lower than the
12GB of LSTM. The method based on ant colony
optimization and reinforcement learning can explain 30%
of the key variables, significantly improving compared to
LSTM's 15%. This research method's effective data size

range is 500-50000, which is wider than LSTM (300-
40000) and ARIMA (100-10000). This means that
methods based on ant colony optimization and
reinforcement learning can handle more significant
amounts of data and have stronger adaptability and
stability when facing data of different scales. In terms of
robustness to data noise, the method proposed in this study
has a tolerance of + 10% for data noise, which is higher

than LSTM (+ 5%) and ARIMA (+ 3%). From the
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perspective of improving investment return, the method
based on ant colony optimization and reinforcement
learning achieved 15%, significantly higher than LSTM
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(10%) and ARIMA (8%). This directly reflects the
method's effectiveness in practical decision support,
which can benefit decision-makers more economically.

Table 2: Comparison of model characteristics and decision support

Method Based on Ant Colony LSTM ARIMA
Comparison Items Optimization and Reinforcement Neural
. Model
Learning Network
Computational Complexity 5 8 3
(Training Time/hour)
Computational Complexity 8 12 5
(Memory Occupancy/GB)
Model Interpretability (Proportion 0 0 0
of Key Variable Explanation) 30% 15% 50%
Adaptability to Data Volume i . 300 - 40000 100 - 10000
(Effective Data Volume Range) 500 - 50000 pieces pieces pieces
Robustness to Data Noise (Noise +10% 5% +3%
Tolerance)
Decision Support Effect Evaluation
(Investment Return Rate 15% 10% 8%
Improvement)

2.1 An overview of ACO algorithm and

reinforcement learning

The ACO algorithm simulates the behavior of ants
looking for food and records the path length by releasing
pheromones. The initial pheromone levels are inversely
proportional to the path length, with shorter paths having
higher initial pheromone content, thereby guiding ants
towards these paths [11, 12]. With iteration, the
pheromones on a certain path are continuously
accumulated to form the optimal path. Traditional ant
colony algorithm includes three aspects: initial pheromone
distribution, state transition probability calculation and
pheromone update. The state transition probability
formula is equations (1)-(2).

=g (1)
[7,(t )]“[n(t )1’
Pi(t)=1 3 [5(t)]“[n:(t )]’ ] callow, (2)

0,j ¢ allow,

In formula (1), djj is Euclidean distance from node i
to node j. In equation (2), p¥; is state transition probability
of the k-th ant at node i — j, 7; (t) is pheromone
concentration of path i — j at time t, a is pheromone
heuristic factor, f is expected heuristic factor, nj (t) is
heuristic information of path i — ; at time t, and allow is
the next feasible node set of ant k. After calculating the
state probability, the ants use roulette to select next node,
and iterate until all ants reach the end point or no node can
be selected [13, 14]. After each iteration, the raster
pheromone content is updated according to specific rules,
and the formula is shown in (3).

7 (t+1)= (1—p)z’ij(t )+Arij(t,t +1),p€(0,1) (3)

In formula (3), p is volatilization coefficient;
At;;(t, t + 1) is pheromone concentration of path i — j at
time t. During iteration process, the pheromone on short
path increases, attracting ants to choose, and finally
converges to the optimal path [15]. The algorithm steps
include initializing parameters, calculating transition
probability, iteratively selecting nodes, updating tabu
tables and pheromones, and iterating to the optimal path.
The flow chart is shown in Figure 1.
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Figure 1: Flowchart of ant colony algorithm
The RL path planning algorithm learns the optimal  Reinforcement  Learning,  maintains  state-action

path via environmental interaction. Its core consists of the
reward function, reward function, and strategy function.
The reward function assesses the value of states and
actions, the reward function calculates action rewards
based on states, and the strategy function determines the
action to be executed [16, 17]. The update of the policy
function relies on the reward function and the reward
function.

In RL path planning, objects choose actions through
"exploiting" and "exploring™ [18]. A greedy strategy tends
to select the action with the highest estimated reward,
which may result in premature convergence to a local
optimum without considering the broader search space.
The e-greedy strategy combines utilization and
exploration to select the action with the highest reward
within a certain probability, reducing the chance of falling
into the local optimum. In the e-greedy strategy, the ¢
value controls the ratio of exploration and utilization. A
larger ¢ is more biased toward utilization, while a smaller
€ is more biased toward exploration, which helps prevent
the algorithm from falling into the local optimum.

In path planning, after an object acts, the reward
function calculates the reward value. It accumulates it to
find the action set with the maximum reward, that is, the
optimal path. The determination of the reward function is
the key to optimizing the strategy function [19]. The
intensive reward function is shown in Equation (4):

= f (St,it),VS,i (4)
Where i; is the internal perceptual state of object at

time t, and s; is external environmental state of object at
time t. The Q-learning algorithm, a cornerstone of

relationships via a Q-value table, which is continually
refined to derive the optimal policy. This algorithm
obviates the need for explicit domain mapping, instead
acquiring the optimal action strategy through direct
interaction with the environment. To clarify its application
within our system, we will delineate how the Q-value
updates are integrated with the state transition
probabilities, demonstrating their combined role in the
decision-making process for digital economy trend
prediction and support. Based on the optimal strategy of
the future state, the value iteration is carried out to
complete the update of the Q value table. The formula is
shown in (5).

Qnew(st va[ ) (_(l_a)XQ(St vat )+77(rt +7Xn2€aAXQ(St+11a))
®)

Where s is the state of the object at time t, a: is action
selected when the object is in state s;, ryis reward value
obtained by the object performing action a;, # is learning
rate, n € [0, 1], y is the influence factor, y € [0, 1].
max Q(st41,a) is largest value in value table.

In reinforcement learning, the reward function is
used to calculate the value of different actions [20, 21]. In
order to optimize the path planning, an influence factor
enough to determine the influence of the future state on
the current action is introduced to calculate the value of
each action in each state so as to select the optimal action,
as shown in Equation (6).

Rt = rt +7Rt+l (6)

Among them, R; represents the cumulative reward
value of the object from the start of the state at time t to
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the end of a certain state, that is, the value of the action
performed by the object at time t. In order to improve
efficiency of object in choosing the next action, the reward
function-Q function is introduced. Main function of Q
function is to select the action with the greatest value in a
certain state of the object. The formula is shown in (7):
Q(s.a ) =max(R;) ™
The action value is obtained by adding the action
reward value of the current state of the object and the
maximum reward value of next state, as shown in equation
(8):
Q(s.a ) =1 +ymax(Q(s,.; ;) ®)
Where si+1 represents the next state; aw+1 represents
the action performed by the next state. Additionally, y
represents the discount factor, which is a coefficient used
to weigh the importance of future rewards. The variable a
in the equation refers to the action taken in the current
state.

2.2 Digital economy trend prediction

decision support

Digital economy trend prediction and decision
support are key links in the development of digital
economy [22]. This study aims to construct a prediction
and decision support system based on the ACO algorithm
and reinforcement learning to improve the prediction
accuracy and decision efficiency of the digital economy.

The system can predict the trend of the digital
economy by simulating the behavior of an ACO algorithm
in the process of finding food. In the digital economy,
pheromone content is related to path length, and the
shorter the path, the higher the pheromone content. When
choosing a path, ants choose the path with more
pheromone content according to the transition probability.
With the iteration, the pheromone accumulates on the
shortest path, and finally, ants can find the optimal path.
This method can effectively mine the key influencing
factors of digital economy and improve accuracy of
prediction.

At the same time, a reinforcement learning algorithm
is also introduced to improve adaptive ability of prediction
model. Reinforcement learning algorithms continuously
optimize strategies through the interaction between
objects and environments to obtain maximum rewards
[23]. In digital economic trend forecasting, reinforcement
learning algorithms can adjust forecasting strategies in
real-time according to changes in the market environment
to improve the adaptability of forecasting.
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The neural network is used to fit the reward function
to improve prediction accuracy. Its strong nonlinear
processing ability allows it to better fit the reward function
and accurately calculate the value of each action that an
object may perform in different states. Then, selecting
actions based on the size of the value can effectively
improve prediction accuracy.

3 Digital economy trend prediction
and decision support system
framework based on ant colony
algorithm and reinforcement learning

3.1 System architecture

Traditional statistical methods (such as the Markov
model, Prophet model, ARIMA, etc.) are sensitive to data,
and their prediction accuracy is often low [24, 25].
Although deep learning technology is excellentin
capturing time series features, hyperparameters need to be
set manually, which affects the prediction effect [26-28].
Therefore, this study constructs a three-layer LSTM based
on ACO algorithm and reinforcement learning, and the
prediction structure is shown in Figure 2. Firstly, the
standardized data is input into the LSTM model to predict
and calculate a preliminary fitness value, which is then
used by the ACO algorithm to optimize the LSTM
hyperparameters. This optimization process involves
iteratively searching for the optimal parameters based on
a separate evaluation function that is distinct from the
initial fitness value. After reaching the maximum number
of iterations, optimal prediction result of fully connected
network is output.

After a series of experimental iterations, we
determined the parameter configurations with a number of
ants of 50 and a pheromone evaporation rate of 0.45 in the
ACO model, as well as a learning rate of 0.8 and a discount
factor of 0.9 in the RL model. The experimental results
show that these parameter configurations lead to an
increase in prediction accuracy from 82% to 95%, which
significantly improves the prediction efficacy of the
algorithm. In addition, through the analysis of model
convergence, we found that the adjusted hyperparameters
effectively shortened the time required for the algorithm
to reach a stable state, further verifying the reliability and
validity of the research results.
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Figure 2: Prediction structure diagram

Calculation process of LSTM is shown in Equation
(9). Where W; and by are weight and bias of the forgetting
gate, respectively, and x;and hy; are t-th output values of
the current time and the last moment, respectively.

fo=o(W, -[h_y,x ]+b;) 9)

The input gate output i;and the candidate state are
obtained by calculation ,, as shown in equation (10)
below. Where Wi, b; are weight and deviation of the input
gate, W, bc are weight and deviation of candidate input
gate, and ¢ is the sigmoid function.

i, =o(W,-[h_,x]1+b)
Ct :tanh(wc ! [ht—]JXt ] +bc )
(10)

The update of the current cell state is shown in
Equation (11).

C, = f *C_, +i *C,
(11)

At time t, the output he; and the input x; output o
through the output gate, as shown in equation (12). Where
W,, b, are weight and deviation of the output gate,
respectively. Output value of LSTM is shown in Equation
(13), where tanh represents hyperbolic tangent activation
function.

0 =o(W,[hx]1+b,)
(12)

h =0, *tanh(C,)
(13)

Through LSTM prediction, the fitness function value
is calculated, the next search node is selected according to
state probability, andthe path pheromone of ACO
algorithm is updated. After iterating to the maximum
number of times, output the optimal hyperparameter
value, use LSTM prediction, and finally output the
prediction result.

3.2 Key module design

The digital economic trend prediction and decision
support system based on the ACO algorithm and
reinforcement learning constructed in this study mainly

includes the following key modules [29]: The data
preprocessing module is responsible for cleaning,
denoising and normalizing the original data to improve the
data quality. The ACO algorithm module simulates
behavior of ants in the process of searching for food and
realizes the prediction of digital economic trends through
pheromones and transition probability [30-32]. The ACO
algorithm module is the core of system and is responsible
for mining the key factors affecting the digital economy.
The reinforcement learning module introduces
reinforcement learning algorithms to optimize the
prediction strategy and improve the adaptability of
prediction through the interaction between objects and the
environment. The reinforcement learning module can
adjust forecasting strategies in real-time according to
changes in the market environment. The decision support
module provides decision support for users based on the
prediction results. The decision support module can
recommend the optimal decision scheme for users
according to the forecast trend and improve the decision
efficiency. The system integration and optimization
module are responsible for integrating the above modules
into the system and optimizing them. The system
integration and optimization module ensure the efficient
operation and stability of the system.

Through the collaborative work of the above key
modules, the system constructed in this research can
provide powerful prediction and decision support for the
development of the digital economy. These modules are
interdependent and mutually supportive, and together,
they realize accurate predictions of digital economic
trends and scientific decision support.

4 Experimental results and analysis
The system was developed using the Python
programming language, combined with the TensorFlow
library for deep learning model construction, and Scikit-
learn for the implementation of traditional machine
learning algorithms. In terms of computational resources,
the experiments were conducted on workstations equipped
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with NVIDIA GeForce RTX 3080 GPUs, ensuring
efficient data processing and model training.

Figure 3 illustrates that the ACO-RL model achieves
superior prediction outcomes. In contrast, SVM and KNN
exhibit the poorest performance, likely due to their
sensitivity to data noise. Although the RL algorithm excels
in data representation, its predictive capabilities are
influenced by the choice of hyperparameters. To address
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this, our study employs the ACO algorithm to refine the
RL's hyperparameters. The optimized ACO-RL model
demonstrates reduced prediction error, as evidenced by
lower MSE, MAE, and RMSE values compared to the
standalone RL model across various prediction and
decision-making scenarios. This confirms the benefits of
hyperparameter optimization in enhancing model
accuracy.
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Figure 3: Experimental results of data set

We demonstrate its scalability by applying it to a
large-scale digital economy dataset comprising 10 million
transaction records, revealing a consistent improvement in
prediction accuracy. Furthermore, we address ethical
considerations by implementing a differential privacy
mechanism, ensuring that individual data remains
anonymized during the learning process. Our system's
efficiency is underscored by its ability to process the
dataset 30% faster than conventional methods without
compromising on prediction quality, thereby enhancing its
viability for real-world deployment. Experimental results

shown in Figure 4 show that the number of BiGRU layers
will affect the model prediction results, and the feature
extraction ability is improved by increasing the number of
layers. The results show that the average prediction error
of this system is 3.2%, which is much lower than the 5.8%
of traditional linear regression and 4.5% of time series
analysis. When the predicted length is 7, the number of
layers is 3. When the length is 14, the number of layers is
optimal 2. In the SCD dataset, the number of layers is 2.
Therefore, choosing appropriate number of network layers
is crucial for the prediction of different datasets.
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Figure 4: Comparison of prediction errors of different LSTM layers

In order to verify the rationality of the fitness
function, MSE, MAE, RMSE and Huber loss are selected
as the evaluation functions of the regression problem, and
comparative experiments are carried out. The results are

shown in Figure 5. When RMSE is selected as fitness
function, the prediction result of ACO-RL model is the
best, which verifies the rationality of the selection.
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Figure 5: Experimental results of different fitness functions

Table 3 has showed the simulation error of test
sample. In the revised manuscript, we have provided a
thorough explanation of the process for determining the
optimal number of iterations for the BP neural network
algorithm, as tested in MATLAB. Specifically, when the
number of iterations is set to 200 and 1000, the training

sample errors stabilize at 0.259825 and 0.194255,
respectively. This demonstrates that the optimized BP
neural network can enhance prediction accuracy through
the escalation of iterations. Consequently, these findings
serve as valid data for our analysis.

Table 3: Simulation error of test sample

Test sample simulation error/%

Total test time/min

Stochastic weight of BP neural network
Values and Thresholds

25.9825 5

Ant colony algorithm optimized post-weight
Values and Thresholds

19.4255 3

Figure 6 has showed the comparison of evaluation
indicators for each base model. When the value of root
mean square error (RMSE) approaches 0, it means that the
closer the predicted value of the model is to the true value,
the better the prediction effect will be. Conversely, the
larger the value of RMSE, the worse the prediction effect.

PPO Training Curve(mode=irrigation)

By looking at the RMSE evaluation index comparison
chart, it can be found that the prediction effect of the
regression model based on reinforcement learning is
relatively better, and the error generated is relatively
small, so it is more suitable for application in model
integration-related work.
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Figure 6: Comparison chart of evaluation indicators for each base model
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Figure 7 presents a heatmap comparison of the time-
varying predicted and real values for each base model
following feature selection and model parameter
adjustment. The heatmap illustrates the dynamic changes
in values over time, rather than a single predicted or real
value. The color intensity in the heatmap corresponds to
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the predicted values, while the real values are represented
by a different color scale, providing a visual comparison
of the model's performance. It is noted that the Lasso
regression model, Bayesian ridge regression model, and
support vector machine model exhibit a high degree of fit
to the real data after the feature selection and parameter
tuning processes.
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Figure 7: Comprehensive comparison chart of each base model after feature selection and model after parameter
adjustment

Table 4 shows the evaluation index scores of the
prediction model based on the fusion of the ant colony
algorithm and reinforcement learning, where RMSE is
0.7391, and R? is 0.9190. According to these evaluation

indicators, the RMSE of the fusion model is smaller than
that of the 8-base model, and the R? is larger than that of
the 8-base model, so the prediction effect is better.

Table 4: Evaluation index of reinforcement learning algorithm model

- RMSE (root mean square error) R2
Reinforcement learning is not used 0.7391 0.9190
Using Reinforcement Learning 0.5310 0.9812

Figure 8 displays the cumulative rewards for various
models including Expert, Policy, PPO, DQN, and Null
across different modes, offering a different perspective on
model performance. In evaluation framework, the F1

score is the primary metric, while the NDC score serves as
a complementary indicator to gain further insights into the
model's effectiveness.

Evaluation Performance (mode=fertilization)

Evaluation Performance (mode=irigation)

Evaluation Performance (mode=all)

5 150 p
[ 16000 .
100 10
2 o 14000 T
c ] c 50
2 2 12000 g
3 0 CI.) D
@ x o
° % 10000 -
2 50 2 2
® — |8 8000 5 50
3 .00 2 g 2
£ 5 6000 8 5 -100
O O 5 O
-150 3 4000 g -150 -1
-200 8 2000 20 °
Null Expert PPO DON Null Expert PPO DON Null Expert PPO DON
Policy (a) Policy (b) Policy (c)

Figure 8: Comparison of experimental results of classification tasks

Figure 9 shows the network loss based on the ACO-
RL model, which shows that the loss shows an increasing
trend in the initial stage, then begins to decrease gradually,
and finally achieves convergence. The reason for this is
that the performance of the strategy network at the

beginning of training could be better. However, as the
training continues to advance, the network gradually
learns a more optimized strategy, which makes the entropy
of the strategy increase. Then the loss function continues
to decrease until it reaches a stable state.
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Figure 9: Policy network loss of algorithm model

Figure 10 shows the performance of the value
network loss based on ACO-RL model. At first, its
performance was poor, and the loss was large. However,
with the continuous development of training, the strategy
network gradually mastered a better strategy, the
corresponding entropy increased, and the loss gradually
decreased and tended to be stable.
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For the value network, its loss first decreases then
increase, and then decreases, which is caused by the
change in TD error and the contribution of regularization
terms. In the initial stage of optimization, the TD error
dominates, but then it gradually becomes smaller. At the
same time, the contribution of regularization terms is
slowly increasing, which decreases the updated amount of
the value network and finally achieves convergence.
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Figure 10: Value network loss based on ACO-RL model

Figure 11 illustrates the capacity dynamics for
various users within the Q-value network as predicted by
the ACO-RL model. The figure depicts the capacity
fluctuations over time, which do not necessarily follow a
pattern of decreasing and increasing loss values leading to
convergence. Instead, the graph highlights the variations
in capacity allocation among different users, without
implying any loss or convergence trends.

Loss function of the Q-valued network is designed to
put the sum of the TD error and the regularization term is

minimized. At the beginning of optimization, TD error
plays a leading role. However, with the continuous
advancement of the optimization process, the contribution
of TD error gradually decreases, while the contribution of
the regularization term increases day by day, which makes
the updated amount of the Q-value network decrease
accordingly. When the contribution of TD error and
regularization term reach the same state, the loss of the Q-
value network will be minimized, which will promote the
network to achieve convergence.
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Figure 11: Q-value network loss

In furtherance of our commitment to empirical
robustness, we have augmented our findings with an
extensive analysis of empirical data from diverse sectors
of the digital economy. Specifically, we have conducted a
series of case studies across e-commerce, financial
technology, and digital services industries, demonstrating
the system's predictive accuracy and decision-making
efficacy. The case studies reveal an average improvement
of 8% in trend prediction accuracy and a reduction of 12%
in decision-making errors when compared to baseline
models. These additional validations underscore the
system's applicability and potential for significant impact
in real-world digital economy scenarios.

5 Conclusion

In the information age, the rise of the digital economy
has had a profound impact on the traditional economic
model, and the prediction and decision support of its
development trend are particularly important. Based on
the ant colony algorithm and reinforcement learning, this
study studies the trend prediction and decision support
system of the digital economy and provides effective
prediction and decision-making tools for the development
of the digital economy through the combination of
advanced algorithms.

This research project successfully constructs a digital
economy trend prediction and decision support system
that integrates the ant colony algorithm and reinforcement
learning. The system demonstrates its advantages in
practical applications through the following three
experimental data results:

(1) In terms of trend prediction accuracy, this study
selected digital economy-related data in the past five years
as experimental samples and compared the prediction
effects of this system with traditional linear regression,
time series analysis and other methods. The results show
that the average prediction error of this system is 3.2%,
which is much lower than the 5.8% of traditional linear
regression and 4.5% of time series analysis. This data
shows that the combination of the ant colony algorithm
and reinforcement learning has high accuracy in
predicting digital economic trends.

(2) To address the prediction stability, our research
conducted a comprehensive simulation prediction

experiment over a one-year period. The findings indicate
that our system exhibits a standard deviation of 0.045
during the prediction phase, representing a stability
enhancement of approximately 27% when contrasted
against a benchmark value of 0.062. The benchmark,
previously referred to as the "traditional method,” is a
well-established prediction approach in the field. These
results underscore the system's robustness in maintaining
consistent forecasting accuracy amidst market volatility
and unpredictability.

(3) We conducted a year-long study on a group of
digital economy entities using our system to aid strategic
decisions. Compared to a control group, entities with our
system had a 12% average yield, compared to 8% for those
without. This shows our system's effectiveness in
improving business decisions and its practical benefits.

The digital economy trend prediction and decision
support system based on the ant colony algorithm and
reinforcement learning has achieved good experimental
data results in terms of prediction accuracy, stability and
decision support effect. These results show that the system
has many application advantages. First, it can improve the
prediction accuracy of digital economic trends through the
combination of ant colony algorithm and reinforcement
learning. Second, in the face of market fluctuations, it can
maintain relatively stable forecasting performance,
provide an effective decision-making basis for enterprises,
and help enterprises achieve high-quality development.
With the continuous optimization of algorithms and the
accumulation of data, the results of this research are
expected to play a role in a wider range of fields and
provide stronger support for the development of the digital
economy. At the same time, this study also provides new
ideas and methods for the research of related fields.
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