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Abstract 

With the rapid development of the Chinese economy, people's consumption structure has changed, and the investment in 

art and the tendency towards finance are increasing. The 13th Five Year Plan for the Development of National Cultural 

Relics clearly proposes to increase the protection of cultural relics and take multiple measures. Artworks have long been 

an essential investment target in the international capital market and belong to high value-added assets. In order to 

accurately predict the prices of calligraphy and painting artworks, this study proposes a machine learning based art price 

prediction method by combining ARCH model and Random Forest Regression (RFR) algorithm. Firstly, this study 

utilizes the ARCH model to capture the agglomeration effect of volatility in price time series, and reveals the inherent 

laws and volatility characteristics of price changes. Secondly, the Random Forest Regression (RFR) algorithm is 

introduced for price prediction. By constructing multiple decision trees and synthesizing their results, the non-linear and 

high-dimensional features of the data are effectively addressed. Research has shown that the RFR model exhibits high 

accuracy and stability in predicting art prices with multiple variables and complex relationships. 

Keywords: calligraphy and painting art market; GARCH model; prediction of the value of calligraphy and painting 
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1 Introduction 

In today's global art market, art as a unique investment asset, its price fluctuations are usually more 

violent and uncertain than other markets, and this special nature determines that its value is difficult 

to assess, and its liquidity is also poor, many collectors and investors are unable to rely on the market 

value of this indicator intuitively and effectively to objectively assess the value of works of art. 

However, with the year-on-year growth in the volume of art transactions and the rapid development 

of Internet technology, the transparency of information in the art market has been gradually improved, 

providing a broader data base for art price prediction. However, art value assessment is still a complex 

and challenging task, the value of artwork is often subjective, the volume of transactions in the market 

is relatively small, and even in major cases the art market may be extreme risk [1]. It is not only 

affected by the reputation of the artist, the quality of the artwork, the scarcity of the work, the 

historical record of transactions and other intrinsic factors, but also closely related to the market 

supply and demand, the macroeconomic environment, collection trends, cultural preferences and 

other external factors [2,3]. Therefore, clarifying the formation mechanism and fluctuation 

characteristics of artwork prices and constructing an accurate and effective artwork price prediction 

model are of great significance for investors' decision-making, artwork risk management and market 

trend analysis. 

In recent years, the successful forecasting applications of time series analysis models and machine 

learning techniques in the economic and financial fields have opened up new paths for solving 

artwork price forecasting challenges. Time series models such as Autoregressive Moving Average 

Model (ARMA), ARIMA, and Seasonal SARIMA can effectively capture the time-dependent and 

cyclical fluctuations of artwork price data and improve the accuracy and robustness of forecasts. 

Meanwhile, with the enhancement of big data and computer technology, machine learning and deep 

learning algorithms such as support vector machine (SVM), random forest (RF), artificial neural 

network (ANN), and long and short-term memory network (LSTM) [4] have shown excellent 

performance in complex pattern recognition and non-linear relationship modelling [5], introducing a 

deeper analytical perspective for artwork price prediction. 

This paper explores the dynamic prediction and market trend analysis of Chinese calligraphy and 

painting artwork prices by integrating time series analysis techniques and machine learning 

algorithms. Based on the extensive collection and collation of historical artwork transaction data, 

market macro indicators, Chinese painting and calligraphy artwork characteristic indicators and other 

multi-source heterogeneous data in recent years, a multi-dimensional analysis framework is 

constructed to deeply analyse the key factors affecting the value of artwork, improve the 

generalization ability of the prediction model, and provide a scientific basis for the investment 

strategy of artwork. 

2 Literature review 

1) Research on the price formation mechanism and price fluctuation characteristics of works of 

art  

Art has a variety of characteristics such as consumption, investment, heterogeneity, non-

standardisation, poor liquidity, etc. The traditional economic theory can not reasonably explain the 

investment behaviour of the art market, and the conventional valuation means are difficult to carry 

out objective and fair valuation [6]. Firstly, the business structure of the art market will develop in 

the direction of more diversification, and it is necessary to pay attention to the development of the art 

market trading platform and the construction of the credit function, and to introduce a complete 

market competition and elimination system in the operation link [7]. Secondly, art consumers show 
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different elasticity of supply and demand for different artworks, the change of art supply is analysed 

from the circulation link, and the increase or decrease of supply can reflect the increase or decrease 

of the number of artworks in circulation in the market and the good or bad prospects of the 

development of the art market [8]. Again, the fluctuation of artwork prices mainly refer to two 

aspects: horizontal type comparison and vertical level comparison. The research of price volatility 

characteristics is more in the stock market and futures market, such as with the help of GARCH model 

[9], EGARCH model, DCC-GJR-GARCH model and other methods to explore the asymmetry, 

seasonality, cyclicality of price volatility of stock market and futures market, etc., and the research of 

price volatility in the field of works of art is still to be improved [10]. Finally, for the pricing problem 

of artworks, it can be explored from three perspectives: quantitative, qualitative and game analysis, 

to establish an accurate artwork price index or artist classification index, and to predict the future 

development trend of the price of calligraphy, painting, ceramics and other artworks [11,12]. 

2) Research on the prediction of the market value of works of art 

Market value, as a key indicator for assessing the investment potential of artworks, provides a direct 

and effective valuation benchmark for auction house professionals, art investors, collectors and 

hobbyists, ensuring the rationality and objectivity of investment decisions [13]. Compared with the 

domestic, the international market in the field of fine pricing of artworks started earlier and developed 

more maturely. The main methods are: one is to use the "benchmark works method", that is, by 

analysing the past landmark works of the same artist's transaction prices, the construction of art price 

indexes to analyse, in order to infer the market value of the artist's other works, but the method lacks 

stability [14]. The "benchmark work method" is based on the logic that an artist's representative work, 

due to its uniqueness, artistic achievement or historical significance, often establishes a price 

benchmark in the market, and the value of similar works can be used as a comparison. The second is 

the repeat sales pricing method, based on the idea of repeat sales to establish the art price index system, 

but only when the art market is hit, the repeat sales pricing method plays an effective [15]. At present, 

the relevant scholars for the quantitative study of art value prediction method is still mainly the 

traditional econometric and statistical methods. Statistical methods are mostly based on information-

poor, data-poor grey correlation, wavelet neural network approximation of correlation variable 

weights, data envelopment analysis DEA, fuzzy hierarchical analysis [16], multi-modal price and 

other methods for artwork price prediction  [17-18]. However, these methods are quantitative without 

text data prediction, and the rise of machine learning provides a new development direction for 

artwork classification and pricing [19,20,21]. Compared with the traditional discriminant analysis, 

machine learning not only has higher accuracy, but also has the ability to continuously learn as the 

database is updated [22,23], there are now many scholars who have introduced Random Forest into 

the field of price prediction, and the application area of Random Forest is still expanding. 

3 Analysis of the state of art transactions 

1) Market size of art transactions 

From the scale of China's art market transactions from 2010 to 2022 in Figure 1, the total auction 

turnover fluctuated, but the overall trend of stability. 2022 by the macro-environmental impact, the 

annual auction turnover of cultural relics and works of art declined to 16.465 billion yuan, the lowest 

point since 2010, but thanks to the development of online auctions, the turnover was only reduced by 

2.99% compared with the previous year. In addition, the settlement rate of 2022 turnover increased 

by 8.04 percentage points compared with the same period of the previous year. The average price per 

lot fluctuated less, falling from RMB 150,000 per lot in 2011 to RMB 110,000 per lot in 2021, with 
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the lowest average price reached in 2022, indicating that while the national economy was growing, 

people were more cautious about investing in art collections. 

Further analyse the activity and growth trends within the Chinese art market. For example, Shanghai 

International Art Trade Week has become an important node for global art transactions, 

demonstrating the vitality and potential of China's art market. Meanwhile China's art auction market 

is also growing rapidly, with the domestic cultural relics and art auction market seeing an increase in 

both the number of auctions and the volume of transactions in the first half of 2023, with the turnover 

reaching 16.9 billion yuan, a year-on-year increase of 60.95 per cent. With the constant changes in 

the global economy and the continued development of China's art market, it is expected that China's 

position in the global art market will become more consolidated in the future, and its influence on the 

global art market will become more significant. 

 

Figure 1. Art Market Transaction Scale 

2) Market size of the calligraphy and painting artwork trade 

The Chinese Painting and Calligraphy segment, which has continued to contract over the past few 

years, rebounded in terms of the number of lots sold and lot values. The Chinese Painting and 

Calligraphy segment saw a significant increase in the number of lots sold in the lower price ranges, 

which resulted in a 9% drop in its average price in 2021. Among the various categories of lots sold 

in 2022, Ancient Painting and Calligraphy sold for $1.997 billion, a drop of 56.51%; Modern Painting 

and Calligraphy sold for $4.541 billion, a down 53.79%; Contemporary painting and calligraphy 

turnover of 895 million yuan, down 14.11%. 

Further according to the analysis of national cultural relics and works of art auction market data in 

2023, the share of painting and calligraphy gradually increased, becoming the main force to stabilise 

the market scale. 15 auction companies launched a total of 445 auction specials in the spring and 

autumn seasons, with 76,345 pieces (sets) auctioned, 58,735 sold, and turnover of 18,067 million 

yuan, with a turnover rate of 76.93%. The turnover of Chinese painting and calligraphy was 9.711 

billion yuan, accounting for 53.75% of the total, 5.24 percentage points higher than the previous year, 

becoming the largest segment. In addition, the turnover of letters and manuscripts increased by 112.77 

per cent, making it the largest segment in terms of growth during the year, followed by the Scholar's 

Room Clearance, which increased by 88.02 per cent. These figures show that calligraphy and painting 

art transactions achieved a significant increase in 2023, not only in terms of volume, but also in terms 

of turnover.  
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Figure 2. Scale of calligraphy and painting artwork transactions 

3) Laws and trends in art transactions 

In 2022, technological innovations are driving the art industry to embark on a new journey, and the 

art trading market is experiencing digitalisation and specialisation trends, showing a steady rise in 

development. Firstly, the development of China's art market tends to be steady. With the continuous 

development of Internet technology, art transactions rely more and more on Internet platforms and 

mobile devices. Digitisation not only makes art appraisal and evaluation more accurate and 

transparent, but also promotes the overall development of the art trading market. In addition, 

specialisation is also an important trend in the art trading market. Market participants are deepening 

their knowledge and understanding of artworks, which helps to improve the overall quality and level 

of the market. Secondly, art provides beauty with quality and substance. Thirdly, uncertainty in the 

wealth market has increased, and the importance of investment portfolios has been highlighted. 

Fourth, people are paying more attention to inheritance in art purchase and collection. When 

purchasing and managing artworks, there is a shift from satisfying immediate needs to considering 

long-term value. Fifth, the power of youth in the art world is gradually increasing. The power of the 

younger generation is steadily rising, and the influence of young artists, budding collectors and 

emerging art organisations is growing significantly, as they are becoming the core driving force 

behind the development of China's art scene. Sixthly, the financialisation of the art market is 

becoming increasingly apparent. The financial industry's interest in the art market has increased, and 

the main method of art transactions is dominated by auctions. The future development of the art 

market will no longer be confined to the traditional form of auctions, but will also include more 

financial products and services, which will bring new development opportunities for the art market. 

4 Design of empirical analyses 

1) Characterisation of price volatility of works of art 

The rapid development of China's art market has led to a surge in demand for art. While the level of 

demand continues to grow, the level of supply is extremely limited, resulting in significant price 

movements. With the continuous development of the global economy and the continuous expansion 

of the art market, the impact of art price fluctuations is also increasing. In this paper, ARCH class 

model is chosen to econometrically analyse the price volatility of China's painting and calligraphy 

artwork segment, to explore whether the price volatility of artwork is clustered and asymmetric. 
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(1) Variable selection and data sources  

Art price data is calculated based on the National Painting 400 Index 2000-2023 published by Artron 

Market Testing Centre (AMMA). Focusing on art auction activities in spring and autumn, Artron Art 

Network conducts in-depth observation and statistical analysis of its data, aiming to accurately track 

price fluctuations in the art market. In order to enhance the timeliness and accuracy of the reflection 

of price dynamics, a data conversion strategy is adopted, whereby the original semi-annual artwork 

price index is refined into quarterly data by means of the frequency conversion technique used in 

time-series analysis, thus enhancing the index's sensitivity and practicality. 

The first order difference and ADF unit root test are performed on the price returns of paintings and 

calligraphy. The first-order difference is obtained by calculating the difference between each data 

point in the time series and its predecessor, aiming at eliminating non-stationarity in the data.The 

ADF test (Augmented Dickey-Fuller Test) is a unit-root test used to determine whether a time series 

has a unit root, i.e., to judge whether the time series is smooth or not.The original The assumption is 

that there is a unit root, i.e., the time series is non-stationary, and the calculation process is based on 

an autoregressive model. If the results of the ADF test reject the original hypothesis, i.e., at a given 

level of significance, the time series can be considered to be smooth. The results in Table 1 show that 

the price returns on paintings and calligraphy pass the significance test at 1%, 5% and 10% 

significance levels, indicating that the series of price returns on paintings and calligraphy artwork is 

smooth. 

Table 1. ADF test of price returns of paintings and calligraphy 

art index ADF test value 
1 per cent 

threshold 

5 per cent 

threshold 

10 per cent 

threshold 
P-value 

calligraphy -3.743 -3.675 -2.969 -2.617 0.000 

(2) Autocorrelation test, ARIMA model selection 

1. ARIMA model principle.  

Understanding the data series generated by the evolution of the research objective over time as a 

stochastic process, the aim is to approximate the characteristics and trends of this series using an 

appropriate mathematical model. Once the model has been accurately established, future values can 

be predicted based on the past trend and current state of the time series. 

ARIMA (1, 1) model equation: 

 tttt yy  +++= −− 11  (1) 

Basic procedure for ARIMA model forecasting: 

A. Identify the smoothness of the series based on the scatterplot, autocorrelation function and 

partial autocorrelation function plots of the time series with the ADF unit root test for its 

variance, trend and its seasonal pattern of change. 

B. Smoothing of non-smooth series. 

C.Build the corresponding model according to the identification rules of the time series model. 

D. Perform parameter estimation and test for statistical significance. 
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E. Hypothesis testing is performed to diagnose whether the residual series is white noise or not, 

and predictive analyses are performed using the model that has passed the test. 

2. Modelling analysis 

From Fig. 3, it can be seen that there is autocorrelation in the series of painting and calligraphy price 

index, so it is necessary to establish ARIMA model in the mean equation to eliminate autocorrelation. 

According to the autocorrelation diagram - partial autocorrelation analysis diagram can be seen that 

the autocorrelation function and partial correlation function of the calligraphy and painting price 

index series are both manifested as trailing, the preliminary judgement can be established for the 

calligraphy and painting price return series ARIMA (p,q) model. By comparing the AIC values after 

several estimation tests, it is found that the ARIMA (1,3) model fits best for the series of painting and 

calligraphy price index. Further to its residuals test, it can be learnt that the residuals are not normally 

distributed, the p-value are greater than 0.05, accepting the original hypothesis that the series is a 

white noise series. 

 

Figure 3. Autocorrelation test results of price returns of paintings and calligraphy 

(3) ARCH model fitting for ARIMA process 

1. Principle of ARCH model 

The ARCH model is the autoregressive conditional heteroskedasticity model. It integrates all 

currently available information to characterise changes in variance through an autoregressive 

mechanism. In this modelling framework, for a given time series, the information set at each time 

point varies, resulting in the conditional variance at that point in time. Thus, the ARCH model 

effectively captures and expresses the characteristics of the dynamic evolution of conditional variance 

over time in a time series. 

ARCH (m) model: 

  (2) 

  (3) 

where 
2  is the residual squared and volatility and i  is the coefficients of the ARCH model. 

ttt xy  +=

22

22

2

110

2

mtmttt −−− ++++=  
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GARCH (m,k) model: 

 ttt xy  +=
 (4) 

  (5) 

where i  is the coefficient of the ARCH model and i  is the coefficient of the GARCH model. 

2. Modelling analysis 

In order to further accurately model the changes in volatility of the serial variables of the price index 

of paintings and calligraphy and to grasp the risk more precisely, after the constant regression analysis 

with first-order differences was implemented on the returns of the prices of paintings and calligraphy, 

the ARCH-LM test was further applied to examine whether there is conditional heteroskedasticity in 

the residuals of the regression model. The test results show that the probability value (PROB>CHI2) 

is 0.0265, which is less than the significance level of 0.05, so the initial hypothesis is rejected. This 

means that the residual series of the price returns of paintings and calligraphy do show an ARCH 

effect, i.e., the residual fluctuations show a non-random, aggregated character. The result of this 

ARCH-LM test strongly proves that the movement of the price of paintings and calligraphy tends to 

concentrate in a specific period of time, which manifests the phenomenon of clustering of fluctuations, 

further emphasising the non-uniform distribution characteristics of market fluctuations. 

From the above, it can be seen that there is autocorrelation and volatility in the residual series of 

paintings and calligraphy, and the GARCH (p,q) model should be considered for fitting. Usually, the 

GARCH (1,1) model is able to describe a large amount of time series data well. Meanwhile, according 

to the AIC and SC criteria, suitable distributional assumptions are selected, and the estimation results 

are shown in Table 2. 

Table 2. GARCH model estimation results 
 calligraphy 

C  0.007839 

RESID(-1)^2 0.6819 

GARCH(-1) 0.4872 

Starting from the basic principle of GARCH model, we can understand that the coefficient of the 

ARCH term reflects the degree of influence of new information or external shocks on the current 

volatility, while the coefficient of the GARCH term embodies the continuity effect of the previous 

forecast volatility itself on the current volatility forecast. Specifically to the estimation results of the 

GARCH (1,1) model used, the ARCH effect coefficient of the painting and calligraphy market is 

0.6819, which indicates that the newly occurring external shocks have a significant and immediate 

impetus to the price volatility of the paintings and calligraphy; at the same time, the GARCH effect 

coefficient is 0.4872, which implies that the expected value of the volatility in the previous period 

also strongly influences the volatility status in the current period. It is worth noting that the sum of 

the two coefficients exceeds 1 (i.e., 0.6819 + 0.4872 > 1), which implies that the volatility of painting 

and calligraphy prices is not only strongly driven by the shocks, but also that this volatility has the 

characteristics of self-amplification and continuous diffusion, which makes the market uncertainty 

increase. 

In addition, both coefficients exhibit statistical significance at the 5% significance level, further 

confirming the decisive role of sudden external factors and the legacy of prior volatility in shaping 

22

11

22

22

2

110

2

ktk-tmtmttt −−−− +++++++=  
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the pattern of price volatility of paintings and calligraphy. In short, market prices of paintings and 

calligraphy are not only sensitive to immediate external shocks, but also profoundly influenced by 

the memory of historical volatility, which together exacerbate the dynamic complexity of price 

fluctuations. 

2) Research on the prediction of the value of works of art based on the RFR algorithm 

With the advent of the digital era, more and more auction houses are integrating traditional auction 

formats into online platforms, providing convenience and diversity of choices for global participants 

and bringing broader opportunities. The trend of auction format development is shown in Figure 4, 

which shows that the online auction format has been increasing year by year since 2019, with the 

number far exceeding that of live and synchronised auction formats. 

 

Figure 4. Comparison of the number of auctions in different formats 

In this paper, we use Python to write web crawler code to crawl the data of two historical art auctions 

of "Chinese painting and calligraphy" in December 2022 from the authoritative Artron Art webpage 

in China, one is an online auction and the other is an on-site auction. The input features include the 

name of the painting and calligraphy artwork, classification, material, form, pattern, size, transaction 

price, etc., which are used as the data basis for the later modelling training. The study of the 

importance of features affecting the value of painting and calligraphy artworks and the prediction 

effect is carried out from both qualitative and quantitative perspectives. 

(1) Random Forest Regression Algorithm Principles and Steps 

1. Algorithmic principles 

Random Forest Regression (RFR) is one of the Bagging-based algorithms in machine learning, where 

each decision tree is trained on different randomly selected subsets of samples, and finally the average 

of the outputs of all the regression trees is aggregated as the final prediction, which is insensitive to 

the noise in the training set, and is more conducive to obtaining a robust model. 

The formula is shown below: 

 

=

=
N

i

iy
N

xy
1

_ 1
)(

 (6) 
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Where, )(
_

xy  is the final prediction result of the model, x is the sample input feature, iy
 is the output 

value of a single regression decision tree, and N is the number of regression decision trees. 

In order to verify the feasibility of the model, the coefficient of determination R2 was used to reflect 

the model goodness of fit. The calculated expression is: 

 
2

1

_

1

2'

2

))((

)(

1

xyy

yy

R
N

i

i

N

i

ii





=

=

−

−

−=   (7) 

The closer R2 is to 1, the better the fitted regression equation. The opposite indicates a poorer 

predictive ability of the model. 

2. Algorithmic steps 

A. Data Preparation: Firstly, prepare the dataset for training and testing the model. The dataset 

should contain features and corresponding target variables. The features are the attributes or 

properties used to predict the target variable, while the target variable is the value to be 

predicted by regression, where the training set is used to train the model and the testing set is 

used to evaluate the performance of the model. 

B. Constructing Random Forest: use the RandomForestRegressor class in the Scikit-learn 

library to construct a random forest regression model. Set parameters to control the behaviour 

of the random forest, such as the number of decision trees, the way of feature selection, the way 

of decision tree growth, etc., and adjust the parameters according to the actual problems and 

needs. 

C. Training the model: a random forest regression model is trained using a training set. The 

model will construct multiple decision trees based on the samples in the training set and the 

values of the target variables, and perform feature selection and segmentation on each tree. 

D. Prediction results: the samples in the test set are predicted using a trained random forest 

regression model. The model will average or weight the predictions of each decision tree to get 

the final regression prediction. 

E. Model evaluation: The performance of the model is assessed by comparison with the true 

target variables. Various regression performance metrics such as Mean Squared Error (MSE), 

Mean Absolute Error (MAE), and Coefficient of Determination (R-squared) are used to assess 

the accuracy and generalisation ability of the model. 

F. Model tuning: According to the results of the model evaluation, the random forest regression 

model is tuned to adjust the parameters of the random forest, such as increasing or decreasing 

the number of decision trees, adjusting the way of feature selection, and adjusting the way of 

decision tree growth. 

G.Model application: use the trained random forest regression model to make actual predictions. 

New input samples are fed into the model to get the corresponding regression predictions. 

(2) Data pre-processing 
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The raw data collected was sourced from Artron Art, and this data was subjected to a data 

preprocessing process before it could be used for model training. The process involves removing 

duplicate records, filling in or eliminating missing values, identifying and dealing with outliers, and 

mining the information through text analysis to extract features that are valuable to the model. This 

series of operations is designed to sanitise the dataset and ensure that the information fed into the 

model is both accurate and relevant. 

In order to deeply analyse the link between the intrinsic value and price of painting and calligraphy 

artworks, the scope of feature selection is defined according to the feature classification framework 

proposed by scholar Zhang Xiaohong (2019)[18] . Based on the guidance of his research results, 

feature indicators that can fully reflect the unique attributes and market performance of calligraphy 

and painting artworks are selected to construct a data model that comprehensively reflects the 

characteristics of calligraphy and painting artworks, and to ensure that the model is able to learn and 

predict price trends based on the unique attributes of calligraphy and painting artworks. The 

classification characteristics of calligraphy and painting are divided into two indicators: painting and 

calligraphy; the material characteristics of calligraphy and painting are divided into four indicators: 

colour on paper, ink on paper, oil on canvas, and colour on silk; the shape characteristics of 

calligraphy and painting are divided into seven indicators: lens, mirror, vertical scroll, framed, fan, 

hand scroll, horizontal scroll, etc.; and the characteristics of calligraphy and painting motifs are 

divided into three indicators: landscape motifs, human figure motifs, and text motifs; based on this 

classification standard, the data are analysed using text analysis. Based on this classification standard, 

text analysis is used to extract the indexes of classification, material, form and pattern of calligraphy 

and painting artworks from the expert description content in the data set. 

The above pre-processed qualitative and quantitative data were randomly divided into 232 sample 

data in a ratio of 7:3, of which 162 samples (70%) were used to train the model and the other 70 

samples (30%) were used for model testing. 

(3) Exploratory data analysis 

 

Figure 5. Statistics of size distribution 

characteristics 

 

Figure 6. Statistics of form distribution 

characteristics 

Data processing, size data to take the average of the length and width and to measure, classification, 

material, shape, pattern data for independent coding processing, the use of N binary trees to code N 

feature indicators, each feature of the indicators have its independent binary tree. Observing the size 

and shape distribution characteristics of the most label classification, it can be seen from the statistical 

chart of size distribution characteristics in Fig. 5 that the pricing of painting and calligraphy artworks 

with a size range of 125cm is higher, and the pricing of the increasing size is lower, so the painting 

and calligraphy artworks within the range of 80-125 sizes are more valuable; it can be seen from the 

statistical chart of the distribution characteristics of the shape distribution in Fig. 6 that the number 
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of artworks with the shape of the vertical scroll is the highest in the price range of 400,000 yuan to 

600,000 yuan, which is the highest percentage of the number of artworks within the price range of 

400,000 yuan to 600,000 yuan. From Figure 6, it can be seen that the number of artworks with vertical 

axis shape is the highest in the high price range of RMB400,000 to RMB600,000, and the number of 

artworks with fan shape is in the low price range of RMB200,000, which indicates that there is a 

certain fluctuation in the range of shape distribution characteristics of artworks in the dataset, and 

that shape can be used as a significant input feature for the training of model. 

(4) RFR model training 

The extracted characteristics of the painting and calligraphy artworks are used as input variables for 

the RFR model prediction, aiming at modelling and predicting the market value of the artworks. The 

key to verifying the effectiveness of this model is to compare its predictions with the real transaction 

prices recorded by Artron. R² (coefficient of determination) was chosen as the evaluation criterion to 

quantify the accuracy of the model's predictions. Considering the large number of prediction instances, 

the top 40 items of the prediction results were selected for data visualisation in order to show the 

analysis effect visually (see Figure 7). From the visualisation results, it is observed that there is a 

significant positive correlation and a high degree of consistency between the predicted prices and the 

actual transaction prices in the RFR model output, indicating that the model predictions in most cases 

closely follow the actual situation. Although there are a few cases of large prediction errors, on the 

whole, the model demonstrates a reliable prediction ability, further confirming its effectiveness and 

accuracy in assessing the value of painting and calligraphy artworks. 

 

 

Figure 7. Comparison of actual values and results of RFR predicted values 

sklearn provides very convenient metrics function to evaluate the model, Mean Absolute Error 

(MAE), Mean Square Error (MSE), Root Mean Square Error (RMSE), and Coefficient of 

Determination (R² Score) are used to measure the predictive ability of the regression model, which 

can be assessed by calculating the difference between the true value and the predicted value. Among 

them, R² measures the percentage of changes in the explanatory variables of the model, and the closer 

the value is to 1 indicates that the model fits better.The results of the RFR model assessment are 

shown in Table 3, and it is sufficient to focus only on the R² Score among these four values, and the 

score of the RFR model is 0.76, which is close to 1, indicating that the RFR model is suitable for the 

research on the value of painting and calligraphy artworks. 
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Table 3. Assessment of model effects 

PREDICTIVE 

MODELLING 

MAE VALUE MSE VALUE RMSE VALUE R2  SCORE  

RFR MODEL 16726.1891 4536308.3645 2122.8067 0.7562 

(5) Analysis of the importance of influencing factors 

In the prediction model of painting and calligraphy artwork prices, the degree of contribution of each 

parameter to the value of the artwork is analysed in depth by calculating the average influence of each 

feature in all decision trees in the random forest. This approach effectively highlights the relative 

importance of different attributes in the prediction process. After implementing this analysis with the 

help of Python programming, a visual presentation of the importance of features was obtained. 

According to Figure 8, the size of the painting and calligraphy work is identified as the primary factor 

affecting its market value, highlighting the key role that size plays in the pricing of artworks, with an 

importance value of 0.3418, followed by the material and form of the painting and calligraphy with 

a relatively high and similar level of importance of 0.2844 and 0.2267, respectively, compared to the 

low importance of the classification of the painting and calligraphy, which accounts for only 0.0137. 

 

Figure 8. Histogram of the importance of the characteristics of paintings and calligraphy 

5 Conclusions and policy recommendations 

1) Conclusion 

By integrating machine learning algorithms and time series analysis techniques, we have pioneered 

the exploration of dynamic prediction of Chinese painting and calligraphy artwork prices and market 

value trend analysis. Extensively collecting and collating the transaction data of Chinese painting and 

calligraphy artworks in recent years through crawler technology and literature analysis, a multi-

dimensional analysis framework is constructed with the aim of revealing the complex driving factors 

behind artwork values and accurately predicting future price trends. Key variables affecting artwork 

prices are first identified, including but not limited to the style type of the work, market circulation 

and macroeconomic environment. Advanced feature engineering techniques are used to improve data 

quality. Secondly, time series models ARIMA and GARCH models are used to effectively capture 

the time-dependent and cyclical fluctuations of artwork prices and improve the accuracy of 

forecasting. Once again, integrated learning methods are introduced to cross-validate and 

comprehensively assess the prices of artworks with the help of Random Forest Regression (RFR) 
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algorithm. The stable performance of the model predictions under different market conditions is 

ensured. The results show that the hybrid prediction framework combining time series and machine 

learning models significantly improves the accuracy of price prediction, especially in identifying 

market turning points and abnormal fluctuations, which opens up a new way of thinking for 

quantitative analysis of the art market. 

2) Policy recommendations 

(1) Enhancing standardised data sharing 

An art information database is a database dedicated to the collection, preservation and management 

of information related to works of art. Nowadays, art information databases mainly have the problems 

of limited data volume, insufficient data standardisation and insufficient openness, which will have 

an impact on the comparability and usability of the data. Therefore, the government and industry 

associations need to promote the establishment of a unified database of art information and improve 

the art value evaluation system under the premise of fully respecting China's national conditions. By 

standardising data formats and promoting the open sharing of data, researchers and market 

participants can advance their studies on the assessment of the value and price of works of art. 

(2) Development of a scientific pricing system for works of art 

The art pricing system is a guiding framework for the art market, which helps buyers and sellers in 

the art market to determine the actual value of artworks. Based on time series modelling and machine 

learning, the system should combine multi-dimensional factors such as artistic value, historical 

significance and market demand to provide a reference for art pricing, reduce market bubbles and 

protect investors from irrational fluctuations. Finally, a sound accountability mechanism for art value 

assessment and pricing should be put in place to increase the penalties for failures in the assessment 

process and ensure the effectiveness of the art pricing system. 

(3) Improve the art market trading system 

The art trading system refers to a set of legal, cultural and economic rules governing the buying and 

selling of artworks. The lack of information disclosure in the art market has led to information 

asymmetry, making it difficult to judge whether transaction prices are fair, and the existence of 

problems such as false advertising and forgery. At the same time, the lack of an effective regulatory 

mechanism in the art market has led to the existence of some illegal behaviours in the market, and 

the profit-seeking mentality has led to the overpricing of some works of art, which in the end may 

jeopardize the entire art market. Therefore, the art market trading system needs to be further improved. 

Strengthen the connection between artists and collectors and the art market, promote the innovation 

and demand expansion of artworks, and provide a solid foundation of elemental resources for the art 

market. 

(4) Enhance investor education and risk alerts 

Art investment has a high professional threshold and uncertainty. Regulators and financial institutions 

have strengthened art knowledge and risk education for investors, especially regarding the volatility 

of art prices and the identification of authenticity, so as to help investors make more rational decisions. 

(5) Formulation of laws and regulations adapted to new technologies 
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The government should encourage and support the application of technological innovation in the art 

market, using artificial intelligence and big data analysis to enhance the efficiency of art appraisal, or 

broadening the channels for art display and trading through virtual reality technology. With regard to 

the emerging artwork price prediction technology based on time series models and machine learning, 

relevant laws and regulations should be revised and improved in a timely manner to clarify the 

authority to use data, protect intellectual property rights, and define the boundaries of responsibility, 

so as to ensure that the application of the technology does not infringe on personal privacy, while 

protecting the value of the original artworks from being infringed upon. 
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