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Abstract: Making predictions in the stock market is a challenging task. At the same time, several
studies have focused on forecasting the future behavior of the market and classifying financial assets.
A different approach is to classify correlated data to discover patterns and atypical behaviors in them.
In this study, we propose applying unsupervised algorithms to process, model, and cluster related
data from two different data sources, i.e., Google News and Yahoo Finance, to identify conditions in
the stock market that might help to support the investment decision-making process. We applied
principal component analysis (PCA) and a k-means clustering approach to group data according
to their principal characteristics. We identified four conditions in the stock market, one comprising
the least amount of data, characterized by high volatility. The main results show that, regularly,
the stock market tends to have a steady performance. However, atypical conditions are conducive
to higher volatility.

Keywords: k-means clustering; stock market; principal component analysis; economic indicators;
unsupervised algorithms; financial news; SPY; S & P500

1. Introduction

The proliferation of financial and economic news plays a vital role in determining
asset prices since they promote the stock’s market short- and long-term volatility [1,2].
Specifically, the empirical evidence points out a relationship between economic news
and market fluctuations since high media coverage increases the trading volume in the
stock market [3-5]. Hence, investors search for the right tools to understand the financial
market behavior and make decisions that increase their benefits, given the wide variety of
financial assets that they can trade in the stock market [6]. Although many studies estimate
asset volatility by determining the economic indicators” impact on the stock market [7,8],
forecasting asset prices is still challenging given the complex correlations between the
variables that characterize stock market relationships [9]. Hence, classification techniques
represent an alternative to predicting financial asset prices, given their capacity to analyze
the stock market instead of solely integrating new data [10,11].

Over the past two decades, exchange-traded funds (ETFs) have become one of the
most popular investment vehicles among retail and professional investors due to their low
transaction costs and high liquidity [12,13]. The popularity of ETFs has caught the attention
of academicians and decision makers, given the impact of financial news on asset prices
through social networks, whose use has also increased in recent years [14]. This work aims
to identify asset price changes by implementing unsupervised algorithms. Specifically, we
consider financial news and economic indicators to identify stock market trends that help
investors to make decisions. We focus on analyzing the SPY fund since it is a gauge of
large-cap equities from the United States [15].

We provide a methodological approach based on classification techniques to discover
hidden patterns, similarities, and differences in data gathered from the SPDR S & P 500
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exchange-traded fund. Specifically, we propose a two-stage methodology that implements
the principal component analysis in the first stage, where we identify the importance of
each comprised variable. In the second stage, we apply the k-means clustering technique
to classify market data. So, the previous framework deals with the issues related to
forecasting techniques since it allows us to identify the behavior of asset prices without
explicitly knowing what patterns to identify [16,17].

We organize this paper as follows. Section 2 presents a literature review concerning
the literature closely related to our study. Section 3 describes the materials and methods
used for the study’s development in detail. Section 4 presents the results of processing and
classifying data using the proposed unsupervised algorithms. Section 5 discusses the main
results related to the patterns that the previous methodology identified. Finally, Section 6
summarizes the main findings and future works for this study.

2. Related Work

Artificial intelligence methods have become very popular for identifying relationships
between asset prices and economic variables [18]. Supervised algorithms, such as artificial
neural networks (ANNs) and support vector machines (SVMs), have succeeded in finding
patterns and correlations between uncorrelated datasets in the stock market [19]. Moreover,
unsupervised algorithms also identify hidden patterns in unlabelled data [18].

One of the advantages of applying unsupervised machine learning excels is their
capacity to discover and organize data without being attached to assessing the potential
solution [20]. For example, the k-means clustering technique groups data with similar
characteristics into k sets [21,22], simplifying financial market analysis [23]. So, k-means
clustering can be applied to segment active companies in the Tehran Stock Exchange
(TSE) [23] or to obtain trading signals based on financial ratios [24]. Also, the performance
of the previous algorithms can improve by combining them with other techniques. For ex-
ample, the artificial fish swarm algorithm allows the k-means algorithm to classify 100
stocks in the Chinese stock exchange into poor and good performance [25].

While machine learning techniques aim to model the underlying distribution of data
to discover patterns and information, it is typical for their combination with unsupervised
statistical methods to reduce the dimensionality of data before applying machine learning.
Concerning the previous objective, principal component analysis (PCA), fuzzy robust prin-
cipal component analysis (FRPCA), and kernel-based principal component analysis (KPCA)
are the most common techniques used to reduce data dimensionality. The PCA method
excels over the previous ones because it provides a higher classification accuracy than the
others [5]. Some studies have used the previously mentioned statistical techniques and
the k-means method to classify companies according to their characteristics. For example,
ref. [26] applied both methods to identify the most contributing companies among twenty
economic sectors in Australia, and ref. [27] used a similar approach to classify companies
listed on the Indonesia Stock Exchange in 2019 and 2021 to find the best-performing stocks
before and during the COVID-19 pandemic. In [28,29], the authors concluded that such
unsupervised algorithms could be used for stock trend forecasting by finding patterns in
data and reducing the risk during the decision-making process. Some other studies used
both techniques, applying them separately [30] or using them with a different purpose than
identifying patterns in the stock market [31].

In general, the implementation of classification techniques in the financial market
focuses on using the intrinsic data of companies to cluster their assets. So, none of them
considered financial news or economic indicators for the analysis. To the best of our
knowledge, our study is the first that combines both techniques (PCA and k-means) to
search for patterns in the stock market by considering financial news, transactional data of
stock shares, and economic indicators.
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3. Materials and Methods

In this work, we pretend to identify general patterns that characterize the pricing
of assets within the stock market. Given the complexity of such a market, we propose a
two-stage methodology based on the application of unsupervised algorithms. The first
stage concerns data collection and transformation. Given its importance, we gathered data
from the SPY ETF [32], which comprises selected stocks from five hundred issuers, all
listed on U.S. stock exchanges. Also, it spans approximately twenty-four separate industry
groups [32]. Later, the second stage focuses on data modeling through the unsupervised
k-means clustering algorithm. Figure 1 illustrates the previous approach.

We coded and carried out computational routines employing Python, a program-
ming language that provides data collection, visualization, preparation, and analysis tools
through the Python library repository (PyPI: Python Package Index). Specifically, we used
the free-to-use package scikit-learn to implement the PCA and k-means clustering algo-
rithms. It is worth recalling that this study only reviews data behavior generally, which is
why we did not consider the effect of seasonal variations over time. Our approach pretends
to provide a classification analysis to avoid issues related to statistical significance. This
last analysis remains an open question for future studies.

Data collection and transformation Modeling
7/ Market data /
Google Financial news
News *
— &
i PCA
O Transactional data > > _ |
of stock shares
Yahoo ‘
Finance
— Economic ETL Multidimensional K-means
indicators database clustering

Figure 1. Proposed methodology. Source: compiled by authors.

3.1. Data Collection and Transformation

We gathered data from Yahoo Finance and Google News using an ETL (extract, trans-
form, and load) process. After that, we generated three datasets concerning financial news
(22,222 observations), transactional data of stock shares (2015 observations), and economic
indicators (16,256 observations). The three follow a standard notation concerning data trans-
formation, deletion of duplicate entries, replacement of null values, and the computation of
new variables. Given that the financial news dataset comprises text data, we transformed
them into numerical values by applying VADER (Valence Aware Dictionary and sEntiment
Reasoner). This parser classifies a text string as positive or negative, and we obtained it
from the Python library NLTK (Natural Language ToolKit Version: 3.6.5). VADER uses
the English language’s semantics and lexicon to provide scores ranging from —1 to 1. So,
the parser assigns attributes that indicate whether the news is negative, positive, or neutral.
The processing of financial news data through VADER does not allow for a transparent
overview of the operation; nevertheless, VADER is commonly and extensively used in
sentiment analysis research [33-35].

Later, we calculated two additional attributes. Compound reflects the weighted sum
of the former attributes, and compound sq represents the popularity of the stock in the
media, regardless of its sentiment [36,37]. Then, we related the three datasets through a
multidimensional model that induces the creation of the market dataset, which comprises
2013 positions corresponding to daily data from 1 January 2014 to 31 December 2021. It is
worth mentioning that data are only available for the days the U.S. stock exchange operates.
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Respectively, Tables 1 and Al describe the variables in this data set and show a sample
of data.

Table 1. Description of variables in the market dataset.

Variable Definition Source

news Weighted average of the sentiment score given to col- Google News
lected financial news related to the ETF (SPY).

news Sq Squared value of variable news. Google News

variation Stock price variation with respect to the previous day. ~ Yahoo Finance

VIX Volatility index. Yahoo Finance

EEM MSCI emerging markets ETFE. Yahoo Finance

TNX Interest on 10-year treasury bonds. Yahoo Finance

CLF Crude oil future contracts. Yahoo Finance

USD/MXN Exchange rate between the U.S. dollar and the Mexican ~ Yahoo Finance
peso.

USD/EUR  Exchange rate between the U.S. dollar and the euro. Yahoo Finance

GFC Gold future contracts. Yahoo Finance

3.2. Modeling

The market dataset considers ten variables. So, we simplified the analysis by reducing
the dimensionality of this dataset through principal component analysis (PCA). PCA is an
unsupervised linear transformation algorithm that produces new features called principal
components (PCs) by determining the maximum variance of the data [38]. After that,
we applied the k-means clustering method, an unsupervised machine learning technique,
to group data with similar features. In other words, it serves to identify conditions in the
stock market that characterize assets.

3.3. Principal Component Analysis

We applied principal component analysis to avoid the curse of dimensionality and
to process data faster [39]. We used the free-to-use package scikit-learn for the anal-
ysis, which includes matrix decomposition algorithms in its decomposition module [40].
To determine the number of components more suitable for dimensionality reduction, we
observed the eigenvalues of the corresponding covariance matrix and their proportion
of explained variance. On the other hand, we also identified in which proportion each
principal component represents each variable’s variance. Consequently, together with the
description of the variables in Table 2, we defined a conceptual meaning for each selected
principal component.

Table 2. Eigenvalues from the PCA.

PC Eigenvalue Proportion Cumulative Proportion
PC1 4.1470 0.379 0.379
PC2 2.6312 0.240 0.620
PC3 1.5831 0.144 0.765
PC4 1.0038 0.091 0.857
PC5 0.5113 0.046 0.904
PCo6 0.4564 0.041 0.945
PC7 0.2762 0.025 0.971
PC8 0.1832 0.016 0.988
PC9 0.0786 0.007 0.995

PC10 0.0522 0.004 0.999

Source: compiled by authors.
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3.4. K-Means Clustering

Once we reduced data dimensionality, we implemented the k-means clustering method.
First, we determined an optimal number of clusters by applying the elbow method and
silhouette coefficient. Then, we classified data according to the clusters selected. The selec-
tion of k may affect the performance of the clustering algorithm. Therefore, we chose a
set of values for k. In that regard, it is essential for the number of values considered to be
sufficiently large to reflect the specific characteristics of the dataset and to be significantly
smaller than the number of objects in the dataset, which is the primary motivation for
performing data clustering [21]. Thus, we analyzed the clustering of data in a range of
k values according to the results obtained from applying the elbow method and silhouette
coefficient. By applying this approach, we can compare the behavior of data when clustering
them in different groups and therefore identify other characteristics in the stock market.

4. Results

Recalling that we followed a two-stage methodological approach, we first discuss the
implications of applying PCA to simplify the stock market dataset. Later, we present the
patterns that the clustering method identified.

4.1. Dimensionality Reduction

We significantly reduced the dimensionality of the dataset by applying PCA. In our
case study, the cumulative proportion value concerning the five principal components
indicates that these components adequately explain 90.4% of the variance (see Table 2).
In this regard, we only used five components instead of ten to faithfully represent the whole
data’s performance, reducing the model’s complexity and processing time.

Regarding the principal components’ composition concerning the original variables,
as shown in Table 3, all principal components are made up of the variables in the market
data dataset, some of them unveiling more influence than others. For example, financial
news (News and News S5q) shows a more significant impact over the third and fifth principal
components. In contrast, the first, second, and fourth components are influenced to some
extent by the variables equally.

Table 3. Variance explained per component.

Variable PC1 PC2 PC3 PC4 PC5 PCeé PC7 PC8 PC9 PC10
Cumulative Proportion  0.379 0.620 0.765 0.857 0.904 0.945 0.971 0.988 0.995 0.999
news 0.350 0.018 —0.100 —0.260 0.890 0.005 —0.066 —0.026 —0.025 —0.037
news Sq 0.249 0.441 0.841 —-0.154 —0.053 0.055 0.074 0.009 —-0.009 —0.009
VIX 0.259 —-0.213 0.137 0.620 0.074 0.585 —0.206 —0.302 —0.008 0.046
EEM 0.258 0.393 —-0339 —-0.149 —0.206 0.032 0.190 —-0.617 —0.426 0.031
TNX -0.378 0.163 —-0.088 —0.327 0.030 0.660 0.123 —-0.025 0.196 —0.474
CLF —0.152  0.516 —0.174  0.058 0.013 0.174 —0.624 0.356 —0.269 0.242
USD/MXN 0.372 -0272 -0.079 -0220 -0.180 0.377 0.324 0.526 —-0.374 0.192
USD/EUR 0.089 —0.447 0.154 -0.515 -0.219 0.003 -0.609 -0.240 -0.127 -0.106
ESF 0.419 0.160 —-0242 -0.178 —0.222 0.102 —0.096 0.005 0.742 0.299
GFC 0.441 0.117 —0.148 0.216 —-0.164 —0.186 —0.149 0.255 —-0.010 —0.758

Source: compiled by the authors.

Since the principal components are linear combinations of the original variables in
Table 1, they do not have a clear conceptual meaning. However, based on their composition
and their higher weight variables, we set their meaning as follows:

* PC1: Gold and S & P500 future expectations.

e PC2: Oil and USD/EUR exchange rate future expectations.
e  PC3: Media coverage.

e PC4: Volatility.

e  PC5: Financial news sentiment.
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4.2. Clusters Comparison

Figure 2a shows a graph that represents the implementation of the elbow method, while
Figure 2b presents the silhouette method. Note that the optimal number of clusters lies
between 2 and 4. In the case of the former, the elbow in the graph is visible for k equal to
2, while the graph for the silhouette coefficient shows the most significant value when k is
equal to 4. In either case, given these results, we explored the k-means clustering model
by considering both approaches, i.e., we applied and compared the results of the k-means
technique by considering values of k equal to 2, 3, and 4. In other words, we classified and
compared data by determining two, three, and four clusters.

(b)

~A

3 3 5 6 7 8 9 10
Number of clusters (k)

Figure 2. Determining the number of clusters. (a) Elbow method. (b) Silhouette method.

Graphically, we first provide a three-dimensional representation of the dispersion of
the data in Figure 3. Later, Figure 4 shows the data classification into groups. At the same
time, Figure 5 illustrates the centroids through the scatter plots. Note that the previous
representation allows us to show the four principal components: the first three (PC1, PC2,
and PC3) are associated with the coordinates of the axes X, Y, and Z, respectively, and the last
major component (PC4) is appreciable through the size of each data point. At first sight, we
can clearly distinguish between negative and positive PC1 values. Although concentrated
more on the negative side of PC2, data show a slight dispersion trend toward positive
values. Concerning PC3, a tendency toward positive values is also recognizable. Notably,
the impact of PC4 is more significant at the extremes of the rest of the components, whereas
the data point size has a more significant variation.
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Figure 3. Scatter plot of data grouped into two clusters: k = 2. Centroids are displayed in black.

As expected, we obtained new clusters with different characteristics as the value of
k increases. Also, the centroids’ locations change and data appear to be further clustered.
In the case of k = 3—see Figure 4—data associated with negative PC1 values are split into
two clusters, one (C1) for those whose values of PC4 and PC2 are high but with low values
for PC1; and the other concerns the rest (C2). It is worth emphasizing that cluster (C3)
remains unchanged on the right side.
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(a) PC1-PC2 plane view (b) PC1-PC3 plane view

Figure 4. Scatter plot of data grouped into three clusters: k = 3. Centroids are displayed in black.

Notice that the elbow and silhouette methods present a better performance when k = 4.
The positive values of PC1 (in the data’s right side) are divided into two groups by com-
puting the corresponding clusters. The split of the cluster is similar to that for the left
side cluster; see Figure 4. In other words, we obtained a new cluster for those data with
high PC4 values and negative values for PC2. In this case, clusters have no significant
differences when observing PC3. We recalculated their centroids correspondingly; we
observe them in Figure 5.
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Figure 5. Scatter plotof data grouped into four clusters: k = 4. Centroids are displayed in black.

Finally, Figure 6 shows clusters in an axonometric projection. In this one, the size of
each data point shows the percentage of daily variation; that is, the bigger the data point,
the higher its daily variation. We can see that C2 contains points whose sizes are larger
than the rest. C3 contains data points with high daily variation values but only at positive
values for PC2.

Figure 6. Three-dimensional scatter plot of data grouped into four clusters: k = 4. The size of each
data point is represented by the daily variation.

Table 4 summarizes the statistical properties of each cluster, i.e., mean values and
variance, together with the maximal and minimal daily variation in the SPY ETF. Regarding
those metrics, it is worth noting the behavior of cluster C2. It contains the lowest proportion
of data (9.04%) but also presents the highest value for variance (5.11), identifiable in their
minimum and maximum daily variation values, which range between —10.21% and 8.37%.
Thus, we can conclude that the main characteristic of this cluster is high volatility. Since we
can consider that last one as a synonym of risk [41,42], it might help investors to identify
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challenging market conditions and to make better investment decisions. In this case, we
can suggest avoiding those assets belonging to C2.

Table 4. Statistical metrics by cluster.

Data Daily Variation [%]
Oty. % Max. Min. Variance Average
C1 310 15.40% 2.20 —2.32 0.582 0.04650
2 182 9.04% 8.37 —10.21 5.114 0.03212
C3 237 11.77% 1.79 —2.14 0.400 —0.00062
C4 1284 63.79% 4.64 —3.96 0.631 —0.01493

Source: compiled by the authors.

The majority of data (63%) concentrate on cluster C4. This cluster presents low
expectations in future gold and S & P 500 prices (PC1), oil, and USD/EUR exchange rate
(PC2). A low volatility indicates that, according to data, the daily variations in the stock
market tend toward regular and steady values. Hence, we can consider non-risky assets in
such a cluster, which provides decision makers confidence to invest in them. Concerning
clusters C1 and C3, whose centroids are on the positive side of axis Y (PC2), their data
show homologous behavior when observing the statistical metrics in Table 4. Minimum
and maximum values of daily variation in the ETF’s price, as well as their corresponding
variance, are similar to each other. The main difference between them is that they have
opposite values for PC1; hence, C1 and C3 can be interpreted as optimistic and pessimistic
clusters, respectively, since the component PC1 refers to the future expectations concerning
the value of gold and the S & P 500 index.

It is worth noting that PC3 data (associated with media coverage) show approximately
the same distribution, regardless of the cluster. In all cases, cluster centroids are close to zero
in PC3. In Figure 6, it is noticeable that, concerning PC2, PC3 presents a linear correlation,
which is positive or negative depending on each cluster. This latter point, together with
the other findings in the data, allows us to assume that stock market movements, financial
news, and economic data are intrinsically correlated, and that the market behaves according
to the current economic conditions, while, most of the time, it has a steady behavior. Lastly,
it is worth noting that the fifth principal component (PC5), while not plotted because
it exceeds the capabilities of graphical dimensional representation, is considered in the
k-means clustering model.

We can summarize the previous discussion by identifying each cluster with the feature
that characterizes it. So, we have that:

¢ (CI: Optimistic expectations.
e (C2: High volatility.

*  (3: Pessimistic expectations.
¢  (C4: Usual steady behavior.

5. Discussion

According to the PCA results, five components represent 90.4% of data variance,
which reduces the dataset size from ten to five variables. Also, this simplifies the model’s
complexity and processing time. In general terms, the selected principal components
comprise proportional parts of the ten variables in the original dataset; however, some
have greater importance than others. Even though the principal components do not have a
clear definition because of their composition, we defined a conceptual meaning for each
according to their significant weight variables. In this regard, clusters represent specific
economic and stock market conditions.

By applying two methodologies (elbow method and silhouette method) for determining
the optimal number of clusters (k) to classify the new dataset obtained from the PCA, we
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found that a value for k equal to four is adequate for clustering the data. However, different
market conditions are identified depending on the number of clusters.

Clustering data in two by considering the components’ conceptual meaning results
in the separation of data mainly by positive and negative expectations of gold and S &
P500 price. Grouping data into four clusters splits the two former clusters into two that are,
in this case, based on positive and negative expectations of oil and USD/EUR exchange
rate prices, but also media coverage and volatility. Having four clusters give us a more
detailed insight into the data. Therefore, it is possible to distinguish between different
market states. We identified four conditions, one concentrating about 9% of data and
showing particular features related to volatility; data clustered into this group could be
considered atypical since the variance of the daily variation is about 5.11%.

Moreover, like previous studies [3-5], data behave differently when media coverage
(PC3) is higher. Under this condition, clusters C1 and C3 exhibit higher volatility (PC4)
values than the others. Remarkably, the percentage of daily variation for data in C1 is
similar to that in C3, which may point out that the risk of investing in the stock market is the
same in either case. On the other hand, most data (63.79%) lie in cluster C4, characterized
by a steady behavior according to its features. In words, it indicates that the stock market
operates, most of the time, under similar conditions.

6. Conclusions

Understanding the stock market’s behavior provides valuable insights for decision
making when trading financial assets. Specifically, relating data from different sources
and clustering them can help investors to seize better investment opportunities. In this
paper, we use unsupervised machine learning to find patterns and describe specific trading
conditions in the market concerning other variables. We could categorize the market’s
behavior into four groups, each representing a market state with specific features that help
to define optimal timing for investing. Our main contribution relies on recognizing that,
although financial news affects the behavior of the stock market, the percentage of daily
variation is not significantly affected. Also, we observe that high volatility is less frequent
and can be considered an atypical behavior. From this finding, we conclude that the stock
market behaves steadily most of the time; nevertheless, there are short periods when
investors should make decisions carefully to prevent or reduce losses during high-risk
times. In that context, distinguishing between high- and low-volatility periods provides
advantages to obtaining higher profits.

From a technical point of view, our results show that the k-means clustering and PCA
help to explore and analyze data since they provide a better understanding of the stock
market through data characterization. This work helps to broaden the literature by providing
a framework for detecting typical and atypical conditions in the stock market. While we
analyzed daily data in this study, a different approach would be to examine data in a lower
granularity, e.g., weekly or monthly. Considering the seasonality in the stock market might
provide a broad overview of its behavior under specific periods. In future studies, we will
pretend to apply different criteria for identifying the optimal number of clusters since such a
classification technique only provides exclusive results. Regarding the clustering algorithm,
a “mixture modeling” technique could be applied to identify the degree of data belonging to
different clusters since it assigns data partially to one or more groups; this could help to find
particular unrecognized patterns and insight regarding the behavior of the stock market.
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Appendix A

Table Al. Example of Market dataset.

Date News News Sq  Variation VIX EEM TNX CLF USD/MXN USD/EUR ESF GCF

3 January 2014 —0.134 0.018 —0.000 13.76 4012 2995 93.96 13.09 0.731 1825.5 1238.4
6 January 2014 —1.586 2.51 —0.0028 1355 39.74 2961 9343 13.06 0.735 1820.75  1237.8
7 January 2014 —0.595 0.35 —0.0071 1292 3991 2937 93.67 13.07 0.733 1830.75 12294
29 December 2021  4.332 18.76 0.0012 1695 4856 1543 76.56  20.66 0.883 4784.5 1805.1
30 December 2021 1.6 2.60 —0.0027 17.33 49.09 1515 76.99 20.55 0.880 477225 1812.7
31 December 2021 3.029 9.14 —0.0025 1722 4885 1512 7521 2045 0.883 4758.5 1827.5

Source: compiled by the authors.
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