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Abstract
The present paper explores factors determining trading activity for a highly distinctive class
of crypto assets: nonfungible tokens (NFTs). The prevalence of retail investors in the NFT
trading makes it feasible to hypothesize a significant impact of the news feed and discussions
on social media on transaction prices and volumes. We examine the impact of various factors
by constructing lags up to 7 days and employing four Explainable Artificial Intelligence
approaches: Feature Importance, Permutation Importance, SHAP and LIME (Local inter-
pretable model-agnostic explanations). We test the significance of a number of sentiment
indices which are based on both the news feed and macro-finance indicators as well as on
investor sentiment data extracted fromTwitter. All themethods confirm the significance of the
sentiment effect, while Feature Importance, Permutation Importance and SHAP approaches
emphasize a huge impact of Twitter Happiness Index. The LIME method was used to cap-
ture changes in the set of determining factors and their impact on NFT sales volume. In this
regard, the study period is further divided into five subperiods.
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1 Introduction

1.1 Crypto assets and non-fungible tokens (NFTs)

In 2021, NFTs saw a huge gain in popularity: over just one year, the average daily trading
volume of the global NFT market, which amounted to USD 180,000 in 2020, rose tremen-
dously to USD 38 million (NonFungible, 2021). As an example, consider the value of a
complete collection of the CryptoPunks art images launched in 2017 by the Larva Labs stu-
dio which exceeded USD 1 billion in 2021. Or the largest NFT marketplace OpenSea which,
when NFTs peaked, had over 1 million users purchasing and selling pieces of digital art and
collectibles through the platform.

So,what isNFT?Non-fungible token is a unique blockchain-baseddigital certificatewhich
is used to confer a title of ownership to an asset such as a piece of digital art or a collectible.
Thus, NFTs are a distinctly new asset class which increasingly attracts the attention of
the investment community. Yet, questions concerning NFT fair pricing and factors shaping
demand for this asset class have only been superficially explored thus far. This provides the
rationale of the present study.

1.2 Research relevance

Non-fungible tokens are highly distinctive assets due to their heterogeneity and the preva-
lence of retail investors in the NFTmarket. Hence, it may be expected that investor sentiment
is embedded in NFT pricing. Although there are a number of papers that explore the impact
of investor sentiment on the NFT market or use artificial intelligence (AI) methods to study
the relationship between the NFT market and sentiment indices, this question has not been
duly addressed yet. Booming cryptocurrency and NFT markets in 2020–2021 attracted a
significant share of retail investors. Such investors tend to commit trades in financial mar-
kets following the crowd or investment gurus and do not conduct independent research that
would enhance unbiasedness in their investment decision-making. Therefore, analyzing the
relationship between the price dynamics of crypto assets and the relevant news feed is of a
particular importance.

We, thus, frame the research question of the present paper as follows: Can sentiment
indices (the news feed, market properties or social media networks, e.g., Twitter) act as
determining factors for the NFT market and what is the performance of their explanatory
power over time?

1.3 Research hypotheses

Following the framed research question and based on the literature review and the availability
of input data, we develop the following hypotheses:

H1 Investor sentiment, as proxied by various sentiment indices, can be a significant predictor
for the variable of daily NFT sales volume.

H2 Growing prices of crypto currencies lead to a growing investor interest in crypto assets
as a whole; this results in a positive price dynamics in the NFT market.

H3 Sentiment indices which incorporate processed data from social media networks (Crypto
Fear and Greed, Twitter Happiness, Twitter Economic Uncertainty) have a more significant
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influence on NFT sales volume than sentiment indices that leave out social media consider-
ations (Geopolitical Risk, Financial Stress).

1.4 The importance of the responsible AI framework for the analysis of NFT

The NFT technology offers a new solution to the problem of authenticating ownership in
Internet and, in some cases, in the physical world. The emergence of non-fungible tokens
(NFTs) has brought about a new wave of digital asset ownership and trading. There are
both proponents and opponents of this technology. The non-transparent pricing of crypto
assets and challenges in applying the intrinsic value concept to the valuation of NFTs are
major points of criticism. As the popularity of NFTs continues to grow, it is imperative to
establish a responsible AI framework for their analysis. This framework ensures that the
immense potential of artificial intelligence is harnessed ethically, transparently, and with
accountability.

One of the key reasons why a responsible AI framework is essential for the analysis
of NFTs is the potential for fraud and scams. With the rapid rise in the value of NFTs,
there has been an influx of malicious actors trying to exploit unsuspecting individuals. By
utilizingAI algorithms, potential scams and fraudulent activities can be identified andflagged,
protecting both buyers and sellers from financial losses. Furthermore, the responsible AI
framework plays a crucial role in verifying the authenticity of NFTs. As NFTs can represent
various forms of digital content, such as artwork, music, or collectibles, it is important
to ensure that the ownership and provenance of these assets are accurately represented.
AI algorithms can analyze metadata, timestamps, and digital signatures to determine the
authenticity of an NFT, providing users with confidence in their purchases. Moreover, the
responsible AI framework offers insights into the environmental impact of NFTs. As the
blockchain technology underlying NFTs relies heavily on energy-intensive processes, it is
crucial to understand the ecological footprint associated with their creation and trading. AI
algorithms can analyze data related to the blockchain network energy consumption, providing
valuable information to drive sustainable practices and reduce environmental harm.

Given that, it may be rewarding to rigorously explore factors determining prices of NFTs
with the use of advancedmachine learningmethods.Onemajor flowofmostmachine learning
models is difficulties in interpreting results and making conclusions based on these results.
Since a good deal of research papers have documented a diversification property of NFTs for
investment portfolios as well as a rather weak volatility spillover effect on the NFTmarket, it
is highly desirable for financial experts to identify factors shaping the performance of these
highly distinctive assets. Hence, we have to go beyond a simple development of a model that
captures dependencies in input data and to offer ways of interpreting the revealed relationship
as well as routes for its practical application to better apprehend this new market. For the
present paper, an accurate interpretation of machine learning models augmented by a con-
cluding summary is ever more important. To interpret the algorithms used, we adopt several
approaches from relatively simple ones (Feature Importance, Permutation Importance) to
new ones such as LIME (Local interpretable model-agnostic explanations) and SHAP. We
attempt to reveal the ability of these modern approaches to interpreting Black Box models
to assess the contribution of each determining factor to the definitive results. Therefore, our
research objective is not a mere identification of a set of factors that drive NFT sales but a
further assessment of the magnitude and the direction of their impact.

In conclusion, the responsible AI framework is of utmost importance for the analysis of
NFTs. It addresses various challenges such as fraud prevention, authenticity verification,
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copyright infringement monitoring, and environmental impact assessment. By incorporating
ethical, transparent, and accountableAI practices,we can ensure the longevity and responsible
growth of the NFT market, benefiting both users and creators alike.

The paper is structured as follows. Section 2 provides a literature review on the crypto
assets and crypto currencies and on the use of AI methods for exploring determining factors
in different applications of financial economics. Section 3 describes input data. Section 4
outlines main theoretical grounds of the research methods involved. Sections 5–6 describe
quantitative empirical results and discuss major research insights. Section 7 provides con-
cluding remarks.

2 Literature review on NFTs

2.1 Research on the relationship between NFTs and other markets

Most studies on the NFT market belong to the 2020s and examine dependencies between the
NFT market and the market of crypto currencies and conventional assets. Aharon and Demir
(2022) report that returns on NFTs are only weakly associated with returns on other assets;
NFTs, therefore, can absorb negative risk effects in times of crisis like the one triggered by
COVID-19.Ko et al. (2022) show that addingNFTs to an investment portfolio of conventional
assets produces a diversification effect. Umar et al. (2022), based on the wavelet coherence
method, find low coherence between NFTs and other assets over a short holding period (less
than two weeks). This implies that NFTs act as a risk absorber in the short run. Yousaf and
Yarovaya (2022) reveal poor correlation of NFTs with the stock market and the market of
commodities, such as gold and oil, thereby confirming diversification benefits provided by
NFTs.

Since most NFTs are stored on the Ethereum blockchain, one could conjecture that ETH
prices affect prices of NFTs. However, researchers have not been unanimous in their conclu-
sions on the presence or absence of such an effect up to date. For example, Ante (2022) and
Pinto-Gutiérrez et al. (2022) find that prices of NFTs are influenced by the price dynamics of
other crypto currencies. The latter authors report that the response of the NFTs market to the
price dynamics of other crypto currencies manifests with a lag up to one week. Karim et al.
(2022) examine shock transmission among the NFT market, the DeFi market and the market
of cryptocurrencies and find that NFTs are substantially alienated from other blockchain
markets. Dowling (2022a, 2022b) addresses the question in general analyzing the relation-
ship between NFTs and other assets (stocks, bonds, currencies, gold, oil, and ETH) with the
use of the TVP-VAR approach. The author’s findings are that NFTs are only weaky affected
by shocks generated within other asset classes. This may have practical utility since assets
with low correlation are in demand due to their diversification properties. For example, an
attractive investment option for the purpose of diversifying an asset portfolio would be to
purchase gaming tokens or metaverse tokens which tend to generate high returns and have
least correlation with the cryptocurrency market (Vidal-Tomás, 2022).

Another body of relevant literature focuses on the development and assessment of valu-
ation techniques for NFTs. Chohan (2021) argues that demand for NFTs is fundamentally
conditioned on their inherent shortage and the willingness of a purchaser to acquire a one-of-
a-kind crypto item. At the same time, in a series of papers an opposite view is advanced that
a shortage of NFTs is not necessarily consequential for an increase in prices of NFTs. For
example, Serada et al. (2021) analyzeNFT collectionCryptoKitties and find that least popular
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gaming tokens undergo a rapid depreciation if there are insufficient participants in the game.
Nadini et al. (2021) classify NFT projects across six categories (art, game, collectibles, etc.)
and make a conclusion that past transactions best predict future prices of NFTs. Besides, spe-
cific NFT attributes regarding the outward appearance of a crypto item contribute to a better
transparency of NFT pricing. A potentially determining factor that has not been rigorously
studied yet is NFTs as a subject of discussions on social media that form investor sentiment
for this crypto asset. The present paper addresses this question.

2.2 The impact of retail investor sentiment on the price dynamics of crypto assets

It is not so long ago that investor sentiment was introduced to finance studies. Since then,
papers have predominantly focused on the US market which has a long track of investor
sentiment proxied by various indices. Some early works that explore the impact of investor
sentiment are based on questionaries while others consider expert opinion (Brown & Cliff,
2004; Baker & Wurgler, 2006, 2007). Tetlock (2007) was the first to draw a connection
between the news feed and the stock market by means of textual analysis. The author found
that negative media sentiment contributes to a slide in stock prices.

Recently, with a growing number of Internet users and the proliferation of social media
networks, researcher have shifted their focus in sentiment analysis on online platforms such
as Google and Twitter (Dhingra et al., 2021; Kindra et al., 2021). This can be explained by the
fact that, under present-day developments, social media networks and online communication
platforms are not a mere venue for information exchange and interaction among people but
an important means of manipulating public opinion. For example, as of March 2023, there
were about 240 million Twitter users who visited the platform daily and over 450 Twitter
users who visited it at least once a month. Such concentration of Internet users on a single
platform both facilitates rapid proliferation of various news items (including fake ones) and
shape a firm public opinion in investment communities. A series of papers report that Twitter
is highly effective as an information proliferation channel over a broad readership within a
short span of time (Gupta et al., 2019; Zimbra et al., 2018).

There are only few papers on the relationship between investor sentiment and the price
dynamics of the NFT market. This can be explained by the recent emergence of NFTs as
an asset class and the unavailability of reliable past market and textual data. Studies that
center on the relationship between investor sentiment and NFT categories or separate NFT
collections and items only appeared as late as 2020–2021. Kapoor et al. (2022) based on
the data from NFT marketplace OpenSea and a dataset of Twitter messages examine binary
and multiclass classification answers to the following questions: ‘Was a purchase of an NFT
item profitable?’ and ‘How much profit did the purchaser make?’. The authors conclude that
ensemble modeling based on combined textual data from Twitter and OpenSea increases the
classification accuracy by 6% compared to the case when only marketplace data are utilized.
Papers by Lucey et al. (2022) and Wang (2022) are also of a considerable interest. Based
on the analysis of over 500 million news items covering NFTs and crypto currencies, the
authors construct a series of indices gauging attention to NFTs (NFTsAI) and public policy
uncertainty regarding crypto currencies (UCRY Policy) and input these variables into the
TVP-VAR model to examine the relationship between investor sentiment and returns on
NFTs.

Summarizing the literature review,we can point to the following gaps inNFT studies. First,
most existent papers concentrate on one or several collections or trading venues. For example,
Serada et al., (2021) focus on NFT collection CryptoKitties while Dowling (2022a, 2022b)
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confine analysis to NFT collections Cryptopunks and Axie. Although large collections make
up the largest share of the NFT market capitalization, conclusions on the overall market
performance made based on considering large collections only would suffer from certain
biasedness. Second, most existent studies on NFTs utilize econometric techniques such as
quantile regression (Karimet al., 2022), TVP-VAR(Aharon&Demir, 2022),BEKK-GARCH
(Yousaf & Yarovaya, 2022), and some other techniques. There is an apparent shortage of
papers utilizing machine learning methods for researching NFTs.

Finally, we can point to one paper only (Ghosh et al., 2023) that applies Explainable AI
in the analysis of NFTs. Thus, it is necessary to highlight the main differences between their
work and our study to underpin the research novelty of the current paper. Firstly, like other
papersmentioned above, this study is confined to a limitedNFT subclass, namely, native coins
of NFT projects such as ENJ, MANA (built on the Ethereum blockchain) or TEZ (built on
the Tezos blockchain). However, these digital tokens are more like crypto currencies as they
are exchange-traded and more liquid than the NFT asset class. Thus, the results obtained in
the paper cannot be scaled to the entire NFTmarket. Secondly, the authors used daily closing
prices as a target variable although it is also interesting to examine the NFT sales volume as it
provides a direct measure of the number of unique assets being exchanged, offering a clearer
picture of the market activity and its growth potential. Thirdly, Ghosh et al (2023) employed
technical indicators such as EMA5, EMA10,MA5,MA10 and current values of regressors as
explanatory variables.However,we believe that this approachmaynot be optimal for studying
the impact of sentiment on NFT assets. The effects of positive or negative events may not
be immediately reflected in the market due to its limited liquidity, potentially persisting for
several days. Therefore, we employ variables with lags of up to 7 days to capture these
effects more accurately. Lastly, unlike paper of Ghosh et al. (2023) that primarily examined
the NFT market during the 2021–2022 bubble, we consider the statistics of the NFT market
since its inception and early period in 2017–2018. This broader timeframe allows for a more
comprehensive understanding of the market dynamics and developments.

3 Research data

For our research, we choose total daily sales of NFTs in USD (NFT sales) as our tested vari-
able which is quite representative of the NFT market. Among the various options available,
choosing the amount of daily NFT sales in USD as the target variable is highly recommended.
Unlike the average price of an NFT asset or the number of daily sales of NFT assets, the
amount of daily NFT sales accounts for both the quantity and the value of transactions, pro-
viding a more comprehensive and representative measure of market activity. Firstly, focusing
on the average price of an NFT asset as the target variable may not capture the true nature of
the market. While the average price can provide insights into the overall price trends, it fails
to consider the volume of sales. This means that a high average price could be driven by a few
high-value transactions, while most assets may be selling at lower prices. By considering the
amount of daily NFT sales in USD, the model accounts for the collective value generated by
multiple transactions, better reflecting the overall market activity and dynamics. Secondly,
relying solely on the number of daily sales of NFT assets as the target variable overlooks the
actual value exchanged in the market. Although the number of sales can indicate the level
of market participation and demand, it does not account for the varying prices at which the
assets are being sold. This means that a high number of daily sales could be attributed to
low-value assets, leading to a misleading interpretation of the market performance. On the

123

Annals of Operations Research (2025) 354:341–365346



Fig. 1 Times series of total daily NFT sales and prices of BTC, ETH and gold. Source: Wang, 2022

other hand, considering the amount of daily NFT sales in USD enables researchers to account
for both the quantity of transactions and the value associated with each transaction, providing
a more accurate representation of the market monetary flow. Furthermore, using the amount
of daily NFT sales in USD as the target variable facilitates the analysis of revenue generation
and market potential. Researchers can assess the financial performance of the NFTmarket by
examining the daily revenue generated through sales. This valuable information allows for
deeper insights into the market growth trajectory, investment opportunities, and the overall
economic impact.

The sample is based on daily data over a period from 01.07.2018 to 13.02.2023 and
consists of time series of a set of variables with the length of 1687 days (Fig. 1). Although the
first NFT was launched as far as back as 2014 and some popular NFT collections appeared
in 2017, the period prior 2018 is dropped from examination. The early NFT market was
rather illiquid and quite volatile: the extension of the sample period to the early period may
deteriorate empirical results. Hence, we choose to skip the early period and investigate the
NFT market from the second half of 2018. Time series of two crypto currencies, Bitcoin
(BTC) and Ethereum (ETH), and prices of gold are independent variables in our research.
The two most popular crypto currencies are chosen as an input since a number of studies
confirm the existence of their directional influence on the NFT market (Ante, 2022; Pinto-
Gutiérrez et al., (2022). In choosing prices of gold as another independent variable we follow
the findings in earlier papers (Aharon & Demir, 2022; Bouri et al., 2018). We regard prices
of gold as an absorber of systematic risk: in the stressful and uncertain environment, gold
serves as a hedge and will move in the opposite direction to the NFT market.

Research data can be found at https://github.com/Bakibak/Data.
Based on earlier works (Qian et al., 2022), we conjecture that investment decisions in the

NFT market are made with reference to general emotional disposition in financial markets
rather than to fundamental factors. Hence, sentiment indices for this research are chosen to
include both those indices related to the crypto currency and NFT markets and those indices
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Table 1 Description of sentiment indices considered

Crypto Fear and Greed Index A sentiment index of participants to the crypto currency market. It
assumes values from 0 to 100 with values below 50 gauging fear and
panic among market participants and values above 50 gauging
greediness and willingness to risk. The index is published on website
CNN.com

Happiness Index An analytical indicator of how happy Twitter users are. The index
assumes values from 1 to 9 with 1 reflecting an extremely negative
disposition, 5 reflecting a neutral disposition, and 9 pointing to an
extremely positive disposition. Average values lie with a range from 5
to 7. The index in published on website https://hedonometer.org

Geopolitical Risk Index This index was developed in Caldara and Iacoviello (2022). Greater
geopolitical risk is associated with a higher probability of economic
meltdown and a deterioration in the world economy

Twitter Economic Uncertainty An analytical indicator of economic uncertainty extracted from textual
data from Twitter messages. It was proposed in Baker et al. (2021).
The index is not confined to a preset range of values. The larger the
value, the greater the economic uncertainty as perceived by Twitter
users. The starting date and starting value are January 2011 and 100,
respectively

Financial Stress Index This index is provided by the Office of Financial Research (OFR) and
gauges manifestations of systemic financial stress, i.e., market
dysfunction. The value the index assumes is a weighted average of
each constituent variable (CDS spreads, situation in stock markets,
etc.). A zero value implies a normal stress level in financial markets

that reflect broad market emotions. In total, we choose five sentiment metrics which either
are provided by designated web portals or were constructed earlier for research purposes.

The following sentiment indices are considered: Crypto Fear and Greed Index, Twitter
Happiness Index, Geopolitical Risk Index, Twitter Economic Uncertainty Index, and Finan-
cial Stress Index. Table 1 provides description for each sentiment index and Fig. 2 depicts
the dynamics of sentiment time series.

Some of the above indices have been employed in studies on the NFT market while
others have only been used in the analysis of crypto currencies. For example, Urom et al.
(2022) reveal connectedness between returns on NFTs (NFT collection CryptoKitties) and
the Geopolitical Risk (GPR) Index which forms grounds for us for considering factors of
economic and political uncertainty as potential predictors. The GPR Index, which measures
the potential risks that arise from geopolitical factors such as political instability, regulatory
changes, and social unrest, can help inform decisions related to the NFT investments. With
the growth of geopolitical tensions, investors prefer to relocate their funds in conservative
instruments. This causes an outflow of funds from the high-risk segment of the market to
which NFT assets belong. Furthermore, understanding the geopolitical risks can shed light
on the potential opportunities and challenges for NFT creators and artists. This information
can be particularly useful for investors who aim to diversify their NFT portfolios andmitigate
potential risks associated with political events or regulatory shifts.

Gunay and Muhammed (2022) use the Crypto Fear and Greed Index in their study of the
predictive power of investor sentiment under different market regimes. The findings are that
the index proves effective in a bullish market for predicting trend reversals and a switch to a
bearish market.
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Fig. 2 Dynamics of sentiment time series. Source: Wang, 2022

Naeemet al. (2021) use theTwitterHappiness Index to explore sentiment impact on returns
on crypto currencies. The Twitter Economic Uncertainty Index is employed for the analysis
of sentiment impact on Bitcoin with the use of the Cross-Quantilogram (CQ) approach
(Sohag & Ullah, 2022). The analysis reveals that an increase in the index values contribute
to changes in Bitcoin returns with the effect being persistent over a period of two weeks. The
Financial Stress Index is used in the analysis of the neural network architecture effectiveness
for predicting Bitcoin prices. The effectiveness of the GNN, LSTM, GCN architectures is
examined, and the former architecture is identified as the best one in terms of MAE, MAPE
i RMSE.

It should be noted that the data frequency of the variables considered is not uniform. Data
on NFT sales, BTC and EHT prices, and values of some sentiment indices are available on a
daily basis. However, prices of gold and values of the OFR Financial Stress Index are quoted
within a five-day business week. In this case, missing data on weekends and holidays are
filled in with linearly interpolated values.

The next step is to determine the significance of each sentiment proxy based on three two-
factor correlation tests, Pearson, Spearman, andKendall correlation,with a preset significance
level of 0.1. Our inclusion criterion is as follows: if at least one test yields the p-value smaller
than 10%, this sentiment proxy is qualified as significant. From Table 2 it is evident that there
is a significant correlation between the dependent variable (NFT Sales) with all factors.

To summarize: the definitive set of variables consists of seven lags for each variable
including the tested variable. The number of lags is logically explained by the observation
that factors may exert a prolonged impact on the tested variables over a period of one week.
The descriptive statistics are presented in Table 3.
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Table 2 Significance levels for Pearson, Spearman, and Kendall correlation between explanatory variables and
tested variable NFT Sales

Pearson Spearman Kendall

ETH-USD 0 0 0

BTC-USD 0 0 0

Gold 0 0 0

F&G Index 0.057 0.06 0.186

Geopolitical Risk—Index 0 0 0

Twitter—Happiness 0 0 0

Twitter Economic Uncertainty—ENG 0 0 0

Financial Stress Index 0.223 0.005 0.043

Table 3 Descriptive statistics of the research variables

Mean Std Min Max Skewness Kurtosis

Sales 18,165,925.19 39,285,462.54 16,679.18 809,413,817.9 7.416 111.067

Average 712.56 1100.37 3.76 7911.59 2.182 5.482

BTC-USD 21,562.03 17,224.79 3236.76 67,566.8 0.885 − 0.528

ETH—USD 1202.82 1238.36 84.30 4812.08 1.013 − 0.121

Gold price 1649.28 239.44 1184 2069.4 − 0.602 − 1.01

F&G Index 42.73 22.65 5 95 0.575 − 0.697

Twitter
Happiness
Index

5.97 0.064 5.628 6.29 − 0.890 3.745

Geopolitical
Risk Index

100.86 57.11 3.569 539.582 2.237 9.209

Twitter
Economic
Uncer-
tainty

180.27 94.60 24.018 703.305 1.594 3.647

Financial
Stress
Index

− 1.39 2.41 − 4.364 10.26 1.509 2.941

4 Methodology

Machine learning models offer enhanced forecasting accuracy compared to traditional statis-
tical methods when applied to time series data. Research by Hyndman and Athanasopoulos
(2018) demonstrated that machine learning algorithms, such as Random forests and Gradi-
ent boosting regressions, outperformed classical time series models in terms of prediction
accuracy. These models can capture complex patterns and non-linear relationships within the
data, enabling more accurate predictions of future values. Therefore, the machine learning
models are universal tools for forecasting any type of data, including time series, and are
appropriate to be used in our research. Thus, in this studywe used 7machine learningmodels:
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Ridge and Lasso regressions and 5 algorithms from Decision trees family. Below is a brief
methodological framework for each of the models used.

(1). Ridge and Lasso regressions

Linear ridge regression and lasso regression are two popular methods used in regression
analysis to overcome the problem of multicollinearity and to improve model generalizability.
Both methods add a penalty term to the traditional least squares regression objective function
to control the complexity of the model and prevent overfitting. Linear ridge regression adds a
penalty term (λ) that is proportional to the sumof squared values of the regression coefficients
to the least squares objective function. As λ increases, the coefficients are shrunk towards
zero, reducing model complexity but potentially introducing some bias (Hoerl & Kennard,
1970).

On the contrary, lasso regression, short for least absolute shrinkage and selection operator,
adds a penalty term (λ) that is proportional to the sum of absolute values of the regression
coefficients to the least squares objective function. The penalty term in lasso regression
has a different effect compared to ridge regression. It not only shrinks the coefficients but
also performs variable selection by driving the coefficients of irrelevant predictors to zero
(Tibshirani, 1996). This makes lasso regression particularly useful for feature selection and
model interpretability.

(2) Decision trees family.

The family of decision tree models is a collection of algorithms that use a tree-like structure
to make predictions or decisions. In our research we used next models of the family: Decision
Tree Regressor, Bagging Regressor, RandomForest Regressor, Gradient Boosting Regressor,
XGB Regressor.

ADecision Tree Regressor is amachine learning algorithm that creates a regressionmodel
in the form of a decision tree. It recursively splits a dataset based on the different attributes
to create branches and leaves, where each leaf represents a predicted output. It predicts
continuous numeric values for regression tasks (Hastie et al., 2009).

Bagging Regressor, also known as Bootstrap Aggregating, is an ensemble learning tech-
nique that combinesmultiple regressionmodels to improve performance and reduce variance.
It involves training multiple models on different subsets of the training data with replacement
(using bootstrapping). The final prediction is obtained by averaging the predictions of all the
individual models (Breiman, 1996).

Random Forest Regressor is an ensemble learning algorithm that combines multiple deci-
sion trees (known as a forest) to create a regression model. It uses a technique called bagging,
where each tree is trained on a random subset of the training data with replacement. Predic-
tions are made by averaging the predictions of all the individual trees (Breiman, 2001).

Gradient Boosting Regressor is a type of ensemble machine learning algorithm used for
regression tasks. It combinesmultipleweakmodels (typically decision trees) to create a strong
predictive model. The algorithm works by iteratively fitting new models to the residuals of
the previous models, gradually reducing the errors (Friedman, 2001).

XGB Regressor, short for Extreme Gradient Boosting Regressor, is an optimized imple-
mentation of gradient boosting. It offers better performance and efficiency compared to
traditional Gradient Boosting Regressor. It uses a similar methodology but incorporates var-
ious enhancements to improve speed and accuracy. The formulation of XGB Regressor
includes additional terms such as regularization and column subsampling. The details of
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XGB Regressor formulas are more complex and involve concepts like model complexity
penalties and feature importance calculations. The implementation is based on the gradi-
ent boosting framework but with additional optimizations for speed and efficiency (Chen &
Guestrin, 2016).

However, as ML models become increasingly sophisticated, they often operate as black
boxes,making it challenging for researchers and users to understand the underlying reasoning
behind their outputs. The lack of transparency raises questions regarding trust, accountability,
and ethical implications. To address these issues, researchers have turned their attention
towards Explainable AI (XAI) methods, which aim to provide insights into the decision-
making processes of AI models.

In this paper, we answer the research question with different XAI methods to confirm
the robustness of the results and to identify new and non-obvious insights. This enhances
the interpretability and transparency of ML algorithms and paves the way for more reli-
able, accountable, and ethically sound applications in different domains. We used 4 XAI
approaches to interpret Black Box models: Feature Importance, Permutation Importance,
SHAP and Lime that are described below.

4.1 Feature importance and permutation importance

The concept of Feature Importance belongs to a family of methods that are based on deter-
mining the relative importance of each of the features used in the model. Furter in the
text, applying a specialized machine learning vocabulary, we use the term ‘variable’ inter-
changeably with the term ‘feature’. The Feature Importance method can be used to interpret
regression models, classification models, random forest, gradient boosting, and other types
of machine learning tools. The importance of a feature (variable) shows the contribution
of each variable to the prediction outcome of the model. Overall, we gauge the importance
of a feature with a numerical value, which we call a score, with a higher score implying a
greater importance of the feature. Besides, feature importance is conventionally used in the
interpretation of the ML models.

One of the tools we use to analyze the relationship between the dynamics of sales of
NFT assets and sentiment variables is the Permutation importance. This method was first
introduced in Breiman (2001) for the case of Random Forest model. The basic principle
behind this approach is the increase in MSE after the permutation of the feature. If the model
error increases after the permutation of the attribute values, then it is important for the model.
If the value of the model error remains unchanged, we can conclude that the attribute is
unimportant. In general, the Permutation importance method can be represented as follows:

i j = s − 1

K

K∑

k=1

sk, j (1)

where iJ is the importance of the feature of the model m, which uses Dataset D; j is the
column of Dataset D; K is the number of repetitions.

We use this tool in our study as it provides a concise and well-interpreted view of the
behavior of themodel aswell as good comparability of results between algorithms.Moreover,
transposition of features does not require repetition of the model learning process, which
allows to apply this approach without the need for large time costs. However, the results
must be interpreted with caution, since they largely depend on the quality of the model. That
is, the Permutation Importance approach does not describe the importance of a particular
feature, but the importance of that feature in the context of the model.
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4.2 SHapley additive exPlanations (SHAP)

SHapley Additive exPlanations (hereinafter—SHAP) is a method that allows you to evaluate
the importance of features in arbitrary machine learning models. The SHAP approach was
presented in Lundberg and Lee 2017). The SHAP approach is based on game theory and
is a development of the Shapley Values approach, which allows to determine the optimal
distribution of winnings between players. This approach is a distribution in which each
player’s winnings are equal to his average contributn to the general welfare with a certain
mechanism for forming a coalition:

�(υ)i =
∑

K∈i

(k − 1)!(n − k)!
n! ∗ ν(K ) − ν

(
K

i

)
(2)

where n is the number of players, k is the number of coalition members K.
Speaking about machine learning methods, SHAP values can be represented as follows.

Suppose we have amodel f, a distribution of data, and some test case {x} andwant to evaluate
the importance of the current values of each feature compared to their uncertain values. SHAP
(SHapleyAdditive exPlanation) values for features in x example are Shapley values calculated
for a cooperative game with the following configuration: the studied features act as players,
and the characteristic function v(S) of the coalition of features S is a conditionalmathematical
expectation of E [f(x) | xS] by data distribution. As a contribution of each feature, we will
consider the efficiency gain from adding feature i to the coalition of features S. Denote this
value as �(i,S) and calculate it by the formula (3):

�(i, S) = v(S ∪ i) − v(S) (3)

To account for π of all possible feature orderings, where π is the set of all possible
permutations of features belonging to the set {P} and facing feature i, we denote them as
(“features before i in π”). Thus, for the attribute i Shapley values will be calculated using
the formula (4):

�(i) = 1

N ! ∗
∑

π∈π

�(i, ( f eatures be f ore i in π)) (4)

So, we calculate the average efficiency gain from adding the i-th feature to the coalition
of features preceding it, over all possible orderings of features (the number of elements in
the sum is N!).

At the next stage, using formula (5), we calculate the importance of the attribute:

�(i) =
∑

S�{1,2,...,N }\i

|S|!(|N | − |S| − 1)!
N ! �(i, S) (5)

Going back to the SHAP method, it is calculated based on formulas (4) and (5): for each
possible ordering of features, we take all the features facing the i-th feature (denote them by
S), and consider the increase in the explanatory ability of the model according to formula
(6):

�(i, S) = E[xS∪i ] − E[x] (6)

After that, we average the obtained values over all the orderings. This means that SHAP
values describe the expected increase in the output value of the model when the i-th feature
is added in the current example.
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Thus, SHAP feature importance is based on the idea of selecting features with the highest
absolute value of Shapley Values on the entire set of data under consideration. To do this, we
average the absolute values of the Shapley vectors in the data using the formula (7):

I j = 1

n

n∑

i=1

∣∣∣�i
j

∣∣∣ (7)

In this study we use the SHAP method because it has a solid theoretical foundation.
Moreover, the SHAP method provides us with contrasting explanations that compare the
forecast value with the average forecast for the sample and allows us to compare the forecast
with a subset of data or an individual case instead of the average value for the entire sample.

4.3 Local interpretable model-agnostic explanations (LIME)

The method of Local Interpretable Model-Agnostic Explanations (hereinafter—LIME) was
first introduced in the work (Ribeiro et al., 2016) with the goal to interpret Black Boxmodels.
When creating the LIMEmethod, the authors started from the idea that the use of anymachine
learning model requires trust in this model and its forecasts. However, an integral part for the
credibility of the model is its interpretability, as well as correctness for the local case or local
fidelity. To solve this problem, the LIME method was created, which is a logical surrogate
that allows us to interpret the results of Black Box models. Thus, the interpretation of the
model using the LIME approach is to find a compromise between the accuracy (fidelity) of
the model and its interpretability. This process can be described as follows:

ξ(x) = argmingL( f , g, πx ) + �(g) (8)

where G is a class of potentially interpreted models, g ∈ G is a model considered in a
particular case, �(g) is a measure of the complexity of the model. Since not every model
can be interpreted with a high level of quality, the purpose of the LIME tool for the data
point x belonging to the model g is to minimize the locally oriented loss of the function L
with arguments (f,g,Pix), measuring how incorrectly g approximates the explained model f
in its neighborhood 	x, while maintaining the low complexity of the model. Thus, using the
LIME approach involves finding a compromise between the complexity of the model and its
accuracy.

In our study, we use the LIME method because of high explanatory ability and the ability
to determine non-obvious patterns in the data. Using interpreted features for LIME can be
a big advantage over other methods, especially if the model was trained on non-interpreted
features. In this regard, using the LIME approach to analyze NFT assets can give valuable
results.

To sum up, the whole methodology pipeline could be summarized as shown in Fig. 3.

5 Empirical analysis

5.1 Hyperparameter optimization andmodel selection

The first stage of the empirical part of ourworkwas devoted to choosing the optimalmodel for
our research. To solve this problem, we developed a class object in python. This python class
used the hyperopt method to select the optimal hyperparameters for the following models:
linear Ridge and Lasso regressions, as well as models from the family of decision trees:
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Fig. 3 Methodology pipeline of the research framework. Source: Wang, 2022

Decision Tree Regressor, Bagging Regressor, Random Forest Regressor, Gradient Boosting
Regressor, XGB Regressor.

The MAPE (mean absolute percentage error) was used as an evaluation metric for the
process of optimization. The advantage of this metric lies in the simplicity of interpretability,
since MAPE is expressed as the mean percentage of deviation of the predicted value from
the true one. The MAPE value is calculated using the following formula:

MAPE(y, ŷ) = 1

nsamples

nsamples−1∑

i=0

|yi − ŷi |
max(ε, |yi |) (9)

where ŷi—predicted value of the i-th observation, yi—real value of this observation,
nsamples—number of observations, ε—arbitrarily small but positive value, to prevent cases
of uncertainty of results at y = 0.

MAPE metric was calculated as an average value on the cross-validation with the time
series split method in sklearn package. Thus, the whole sample was divided into 10 sequential
folds and a size of test sample was 30 days (one month). The model was trained with an
expanding window and made predictions for the month ahead. MAPE was calculated as an
average for 10 such iterations. As a result of the optimization procedure the class function
returns the model with the lowest MAPE and optimal hyperparameters.

5.2 Description of the best model

The Table 4 illustrates the results of the machine learning models with optimal hyperparam-
eters.

Based on the hyperparameter optimization procedure and the calculation ofMAPEmetric
for the considered algorithms, the best result was obtained for the Gradient Boosting Regres-
sor from sklearn library. The optimal hyperparameters for the selected model are shown in
Table 5. MAPE on cross-validation with 10 folds and a test sample of 30 days is 18.7%.

Since the final model was trained on the entire sample, it is useful to check the quality of
its adjustment to the data, so R2-score was calculated. Result is R2-score= 89.8% that means
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Table 4 MAPE values of the ML
models used Model MAPE

Ridge regression 30.85%

Lasso regression 31.37%

Decision tree regressor 23.42%

Bagging regressor 24.70%

Random forest regressor 21.82%

Gradient boosting regressor 18.70%

XGB regressor 22.09%

Table 5 Hyperparameters for the
most optimal model Gradient boosting regressor model

Learning_rate 0.0124

Min_samples_leaf 2

Min_samples_split 5

n_estimators 280

the model explains almost 90% of the variance of the dependent variable, which indicates a
good explanatory power of the model.

5.3 The study of the contribution of factors using feature importance

Based on the application of Feature Importance method to the trained Gradient Boosting
Regressor model, the following results were obtained. The largest share of Sales volume
is interpreted by its first lag Sales_lag1 (explanatory share is 63.8%). In general, such a
distribution is more than logical for the NFTs asset market, due to its immaturity and a high
proportion of retail investors. It can be said that many investors followed the herd behaviour
and the feeling of FOMO and bought on the growth of the market. However, the distribution
of the remaining 36.2% is of the greatest interest to us.

As we can see from Fig. 4, the most significant factor in predicting sales volume, without
considering the first lag of the sales, is the first lag of the sentiment index Twitter—Happiness
with a weight of 12.7%. In addition to the lags of the target variable, important features are:
the fifth, sixth and fourth lags of the sentiment index F&G Index, as well as the fourth and
second lags of the sentiment index Geopolitical Risk. Thus, based on the feature importance
method, these variables make a greater contribution compared to the lags of gold and the
prices of bitcoin and ethereum, which shows the importance of considering sentiment indices
for predicting the volume of NFT sales.

5.4 The study of the contribution of factors using permutation importance

As in the case of feature importance, a large share of the sales volume is explained by its
first lag Sales_lag1, while according to the permutation importance approach it is even more
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Fig. 4 Contribution of factors to the explanation of the NFT Sales using the Feature Importance method

important: the percentage explained by this variable is 68.6%. Consider the distribution of
the remaining 31.4% (Fig. 5 shows the most significant factors):

Similar to the results of the feature importance method, the first lag of the sentiment
index Twitter—Happiness is the most significant factor, except Sales_lag1, in predicting
sales volume (its share is 15.7%). In addition to the lags of the target variable, important
features are: the fifth and fourth lags of the sentiment index F&G Index, the fourth lag of the
sentiment index Geopolitical Risk, as well as weekly lags of ethereum and bitcoin prices,
which may be explained by the delayed reaction of the NFTmarket to cryptocurrency quotes
(Ante, 2022;Pinto-Gutiérrez et al., 2022).

Fig. 5 Contribution of factors to the explanation of the NFT Sales using the Permutation Importance method
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Fig. 6 Contribution of factors to the explanation of the NFT Sales using the SHAP method

5.5 The study of the contribution of factors using SHAP

SHAPmethod determines the sales volume lags as key in predicting the current sales volume.
Top-10 significant factors also include weekly price lags of ETH and BTC, as well as the first
lag of the sentiment index Twitter– Happiness. (Fig. 6 shows the factors as they decrease in
importance):

As Fig. 6 provides information only about the absolute impact of each feature on the target
variable, it is useful to demonstrate more extensive picture of their linkages. SHAP method
is able to build a graph containing detailed information about the relationships of variables:

In this SHAP value plot, we are able to determine the direction of influence of variables:
positive SHAP values indicate that the feature positively contributes to the prediction, while
negative values indicate a negative contribution. Furthermore, the points are color-coded to
represent the value of the corresponding feature: red dots demonstrate high values while
the blue ones mean low values of the feature. According to Fig. 7, most factors have a
unidirectional relationship with the target variable and have a positive impact on the sales
volume of NFT assets.

5.6 The study of the contribution of factors using LIME

The LIME approach can only examine the point effect of factors on NFT sales. Therefore,
it is reasonable to study changes in the relationships during structural shifts triggered by
important events for the industry. In this regard, based on the article “Volatility spillovers
acrossNFTs news attention andfinancialmarkets” (Wang, 2022),we have identified 5 periods
of the evolution of NFT market that were determined by the authors based on the significant
events occurred in the industry over the entire period of its existence. The full list can be
found in Appendix A of the article mentioned above. Figure 8 below shows a graph of the
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Fig. 7 Positive and negative contribution of factors to the explanation of the NFT Sales using the SHAPmethod

Fig. 8 NFTs Attention Index with annotated events. Source: Wang, 2022

NFTs Attention Index with a demonstration of the events that most affected the NFT market:
Thus, to analyze the contribution of factors we selected observations in the middle of each

of the 5 periods presented in Table 6.
The results of LIME method are presented in the Table 7. For the first period of the NFT

market evolution, we can note the negative impact of almost all the considered variables.
Only variables of financial stress and economic uncertainty with a lag of 4 make a positive
contribution. These results may be explained by hedging properties of NFTs and the desire
of investors to diversify their portfolio in case of increased uncertainty and crisis phenomena
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Table 6 Time intervals of the
waves in NFT market. Source:
Wang, 2022

Period Dates

1 26.12.2016–07.03.2021

2 08.03.2021–22.08.2021

3 23.08.2021–10.10.2021

4 11.10.2021–31.10.2021

5 01.11.2021–present

Table 7 Results of the LIME application

Period Results R2

1 9.6%

2 5.3%

in the markets. However, as noted earlier, the NFT market is characterized by low efficiency
at an early stage, and therefore it is necessary to interpret the results with caution.

The second period of the NFT market evolution is characterized by an increased role of
cryptocurrencies prices. This effect canbe explainedby the rapid growthof the cryptocurrency
market in the period under review (March-August 2021) with the achievement of peak prices
for Bitcoin at the level ofUSD64,000 andEthereum at the level ofUSD3900.Aswe can note,
the effect is observed for fairly long lags that is consistent with the work (Pinto-Gutiérrez,
2022), where the effect of the cryptocurrency’s growth affected the cost and sales volume of
NFTs not instantly, but with a lag of up to 1 week.

Based on the presented graphs we can see the turning point in the third period when the
dependencies changed almost to the opposite dramatically. This period largely coincides with
the period of the bull market of NFT assets, which is called “NFT-summer”. This period is
characterized by an explosive growth in sales of NFT assets (a 315% increase m/m), as well
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Table 7 (continued)

Period Results R2

3 52%

4 53.9%

5 54.6%

as a record sale of NFT from the collection of Bored Ape Yacht Club for the amount of USD
24.4 million. These events have certainly attracted public attention to the NFT market.

As we can see from Table 7, the 4 most important features for the model correspond to
the past sales of NFT assets that indicates a high degree of herd behavior of NFT investors.
However, it is worth noting that, similar to the previous period, the cryptocurrencies values
(Bitcoin with a lag of 5 and Ethereum with a lag of 7) have a positive effect on the sales
volume of NFT assets. In addition, low values of the Twitter Happiness Index (< 6) have a
slight negative effect on the sales of NFT assets. It is also necessary to note the significantly
larger R2 of the model, which can act as an indirect indicator of increasing the efficiency
of the NFT market and the emergence of an established, rather than the random, nature of
dependencies.

For the fourth period, we can note the appearance of a positive effect of high values of the
Fear and Greed Index with a lag of 5 and a slight positive effect of gold prices with a lag of 7
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on the sales volume of NFT assets, as well as a negative effect of the growth of Geopolitical
Risk Index on the sales volume of NFT. Similarly to the previous period, low values of Twitter
Happiness Index (< 6) have a slight negative effect on the sales of NFT assets. For this period,
a high value of R2 is also observed, which indicates a good explanatory power of the model.

For the last fifth period, the largest contribution ismade by variables of past sales with a lag
of up to 7 days. Declining prices for NFT assets also had a negative impact. From sentiment
indices, we can note the negative impact of the Twitter Economic Uncertainty Index, as well
as the negative impact of the low values of Fear & Greed index with a lag of 6 on NFT sales.
R2 for the fifth period is the largest, which may indirectly indicate the continuation of the
process of efficiency improvement of the NFT market.

Thus, according to the LIMEmethod, we can note a significant influence of the sentiment
indices in each of the 5 periods. The most frequent contributors are Crypto Fear and Greed
Index, Financial Stress Index and Twitter Economic Uncertainty Index.

6 Discussions

As a result of hypothesis testing, we reach the following conclusions presented below for
each hypothesis separately.

H1 Investor sentiment, as proxied by various sentiment indices, can be a significant predictor
for the variable of daily NFT sales volume.

The hypothesis is not rejected.

Each of the interpreting approaches labels sentiment indices as a statistically significant
factor which exerts influence on target variable NFT sales. The Feature Importance, Permu-
tation Importance, and SHAPmethod tend to capture the impact of Fear &Greed and Twitter
Happiness Indices more frequently while a sophisticated LIME approach reveals influence
of different sentiment proxies depending on the period considered. Thus, the results obtained
are largely consistent with the results of Urom et al (2022) andGunay andMuhammed (2022)
works and confirm the good applicability of sentiment indices, and in particular the Fear and
Greed and GPR indices for researching the NFT assets market.

H2 Growing prices of crypto currencies lead to a growing investor interest in crypto assets
as a whole; this results in a positive price dynamic in the NFT market

The hypothesis is not rejected

The impact of crypto currency prices on total NFT daily sales is identified by all the
interpreting approaches employed in this research. The results are consistentwithAnte (2022)
and Pinto-Gutiérrez et al. (2022) and confirm the positive impact of the growth in the value
of cryptocurrencies on investor interest in the digital asset market, which is reflected in
the positive sales dynamics of NFT assets. The use of a sophisticated LIME approach also
confirms a contribution of crypto currency prices when dividing the entire sample into five
subperiods.

H3 Sentiment indices which incorporate processed data from social media networks (Crypto
Fear and Greed, Twitter Happiness, Twitter Economic Uncertainty) have a more significant
influence on NFT sales volume than sentiment indices that leave out social media consider-
ations (Geopolitical Risk, Financial Stress).

The hypothesis is not rejected
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Our findings indeed reveal a better predictive power of sentiment indices extracted from
messages posted on social media. The Feature Importance, Permutation Importance, and
SHAP methods emphasize the impact of Twitter Happiness on tested variable NFT Sales
with its contribution reaching as much as 12–16% of the total contribution. In contrast, the
LIME approach features, as important predictors, different sentiment indices depending on
the considered period.

7 Conclusion

A rapid growth of NFTs has sparked interest among investors searching for alternative invest-
ment avenues. Many investors view the NFT market as a new opportunity for enjoying large
earnings or diversifying their investment portfolios. However, the economics of the market
and its investment properties have not yet been rigorously studied due to the recency of the
NFT market itself. Like conventional financial markets, the NFT market is volatile and is
affected by irrationality in investor behavior. Yet, in contrast to conventional financial mar-
kets, a feature of the NFT market is its extreme heterogeneity and a lack of studies on its
determining factors. The NFT asset class is spotted for its instances of single sales totaling
USD tens of millions. An open question remains about a set of determining factors and the
magnitude of their influence on the demand for NFTs and the size of NFT transactions.
Another emerging point of interest is a potential impact of relevant discussions on social
media.

Our findings are that there is a statistically significant relationship between NFT sales
volume and sentiment indices persistent with lags up to seven days. The strongest predictive
power of sentiment indices is observed for a one-day lag. A separate remark is on sentiment
indices extracted from textual data from social media networks: such indices indeed possess
greater predictive power. Additionally, we document the impact of BTC and ETH on NFT
sales volume with lags of 5–7 days.

The present paper attempts to explore determining factors for NFT sales applyingmachine
learning modelling and adopting several approaches to interpreting ML models such as
Feature Importance, Permutation Importance, LIME, and SHAP. Because of an extended
methodological apparatus, this paper is of a considerable contribution to the relevant body of
literature on the NFT market and its determining factors. The results have practical implica-
tions for experts and investors who wish to better apprehend this fast-growing sector of a new
digital economy. A suggested future research direction would be to extend research focus
on the impact of investor sentiment generated on social media and to address the valuation
of NFT attributes such as the personality of the creator of an NFT item and their media
popularity.
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