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Abstract

Financial markets generate vast amounts of data, making it increasingly
challenging for analysts to identify meaningful patterns and insights.
This thesis explores clustering techniques for categorizing trader firms
within the Nordic equity markets, incorporating a human-in-the-loop
approach to enhance interpretability. Using order book data from Nas-
daq Nordic, trader behavior is analyzed, and k-means, hierarchical,
and spectral clustering algorithms are applied to classify firms based
on their trading patterns.

Due to the lack of ground truth, clustering effectiveness is assessed
through intrinsic evaluation metrics and expert validation, revealing a
discrepancy between intrinsic measures and expert assessments. The
results underscore the importance of human-in-the-loop approach and
demonstrate the potential of unsupervised learning to support market
analysis. This research bridges machine learning methodologies with
domain expertise and provides a foundation for future clustering-based
analytics in financial markets.

Keywords: Clustering · Unsupervised learning · Trader behavior · Finan-
cial markets · Human-in-the-loop
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1 Introduction

Financial markets today are fast-paced with an abundance of financial datasets [1][2]. Ad-
vancements in storage technology have made it faster and cheaper to store large amounts
of data. However, the sheer volume of these data sources makes it difficult for human ana-
lysts to identify valuable insights or patterns. Consequently, effectively extracting valuable
insights from the datasets is becoming increasingly challenging [2].

Accurate market data are essential for traders, as they provide valuable market insights
and enable informed decision making [1][3]. Market data enables various groups such as
trading participants, investors, index providers to evaluate the value of different assets. It
also provides access to historical prices, which is valuable for developing future strategies
[3][4].

Nasdaq Data Link is a leading provider of financial, economic, and alternative datasets
trusted by analysts at top hedge funds, asset managers, and investment banks [5]. One such
offering is the Investor Activity Indicator (IAI) datasets, which offer valuable insights into
the factors driving market activity in the Nordic and Baltic regions. They help investors un-
derstand sentiment and activity trends across key market segments, enabling more informed
trading decisions [6] and only datasets proven to deliver valuable insights are offered as
products on the platform [5].

Although the use of machine learning in financial markets has been extensively studied,
research has predominantly focused on forecasting returns for individual assets [7] [8] and
detecting illegal trading activities as explored in [9]. Consequently, numerous other chal-
lenges within the financial sector have been largely overlooked or ignored [7]. For example,
predicting financial crises [10], assessing credit risk [11], and segmentation of customers
for targeted marketing activities [2]. This study aims to explore clustering techniques for
financial data analysis, incorporating a human-in-the-loop approach.

1.1 Purpose

This project, conducted in cooperation with Nasdaq, aims to provide deeper insights into
category flows within financial markets using clustering algorithms. The goal of this project
is to identify if and how trader firm categories can be singled out of the larger Nordic Equity
trading data sets. Specifically, the aim is to explore clustering algorithms for trader firm
groupings to determine if any patterns can be found. The data sets consist order book data,
which contains buy and sell orders for specific securities or financial instruments [12]. This
task presents a unique challenge due to the nature of the data, which includes big data with
time-series and mixed data, as well as dynamic trader behavior.

The core problem is to determine whether distinct trader groups with specific characteristics
or behaviors can be identified within order book and trade data. The hypothesis is that there
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are distinct trader groups that exhibit unique trading behaviors. Given T = ⟨x1,x2, . . . ,xn⟩,
where T represents the entire set of traders and xn represents a key characteristic, it is
possible to identify trader subgroups such that Ta,Tb, . . . ,Tm ⊆ T . The key characteristics
(x1,x2, . . . ,xn) defining these unique behaviors are further detailed in Section 4.1.3. There-
fore, understanding the complexities of the data is crucial for effectively applying clustering
techniques. Ultimately, the end goal with the findings is to present data on volumes, prices,
and turnover across these identified categories, with the goal of offering it as a new IAI
dataset.

1.2 Problem formulation

The problem this project aims to solve is determining whether clustering algorithms can be
used to analyze order book and trade-data to categorize trading firms into different cate-
gories. Additionally, the project will compare the performance of the difference clustering
algorithms with domain expert evaluation. Thus, this project aims to answer the following
questions:

1. How do different clustering algorithms perform in categorizing trading firms based
on the intrinsic cluster metrics derived from clustering of order book and trade-data?

2. Which clustering algorithm most accurately identifies trading firm categories based
on domain expert evaluations?

1.3 Structure of the thesis

The structure of this thesis is organized as follows. Chapter 1 introduces the background,
motivation, objectives, and research aims of the project. Chapter 2 provides central infor-
mation regarding the financial domain and data clustering relevant to this study. Chapter
3 reviews and examines prior work in data clustering, focusing on finance applications.
Chapter 4 provides an overview of the data, outlines the limitations, and describes the clus-
tering methods and evaluation techniques used to address the research questions. Chapter
5 presents the results obtained from applying the different cluster algorithms and the re-
sults from the qualitative analysis. Chapter 6 discusses the methodology and results; it also
discusses potential improvements for future work. Finally, Chapter 7 summarizes the key
contributions and provides concluding remarks.
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2 Background

This chapter provides the background information necessary to understand the purpose and
goals of this thesis. It presents a brief overview of clustering and various clustering tech-
niques, along with an overview of the relevant financial domain concepts.

2.1 Financial domain

This section provides a brief overview of some financial terms and concepts.

Liquidity

Liquidity in finance refers to how quickly and easily an asset or security can be converted
into cash without causing a significant change in its market price [13].

Order book

An order book is an electronic list of buy and sell orders for a specific security or financial
instrument. Shows the number of shares being bid on or offered at each price point. The or-
der book helps traders make informed decisions by providing valuable trading information,
such as price, availability, and who initiates transactions [12] [14].

Market maker

A market maker maintains firm bid and ask prices in a given security by standing ready to
buy or sell at publicly quoted prices, which helps trades occur smoothly. Market makers
profit from the spread. The spread is the difference between the bid and ask prices [15].

Liquidity provider

Liquidity providers, often the largest banks or financial institutions, play a crucial role in
maintaining market stability and efficiency by ensuring that there is sufficient liquidity.
They provide the necessary funds to execute trades in financial markets. Although they
function similarly to market makers, there are some key distinctions. Liquidity providers
act as intermediaries between buyers and sellers and typically do not maintain an inventory
of assets [16] [17].
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Retail trader

Retail traders invest their capital for personal gain, rather than trading on behalf of a com-
pany or institution [18]. In contrast, institutional traders operate on behalf of another group
or institution. The key characteristics of retail traders are that they typically invest in assets
such as stocks, bonds, options, and futures but typically trade in smaller volumes compared
to institutional traders [19].

Algo-trading firm

An algo-trading firm is a company that uses computer algorithms, advanced mathematical
models, and high-frequency trading techniques to execute trades at high speeds and volumes
in financial markets. These firms rely on automated trading strategies to make decisions
based on market data, price, timing, and volume [20].

Proprietary trader

Proprietary trading occurs when financial institutions, such as investment banks and hedge
funds, trade financial instruments using their capital rather than client funds. Unlike tradi-
tional brokerage activities, where firms earn commissions from client transactions, propri-
etary trading enables institutions to retain all the profits generated from their investments
[21].

2.2 Time series data

Time series data are temporal data in which each value represents one or more observations
recorded chronologically. In other words, a time series is a sequence of ordered data points,
denoted as T = ⟨t1, t2, . . . , td⟩, where T ∈ Rd consists of observations with d real values,
where d ∈ N+ [22] [23]. A multivariate time series is a set of n ∈ N+ time series D =
{T1,T2, . . . ,Tn} [22].

2.3 Data clustering

The task of clustering is to partition a set of unlabeled data points into groups that are
as similar as possible. Clustering is an unsupervised machine-learning algorithm and a
common technique in data mining. There are numerous applications for clustering, such as
summarization, learning, segmentation and target marketing [24] [23] [25]. Additionally,
clustering can uncover dataset patterns or identify whether new samples belong to the same
dataset or are outliers [26].

2.3.1 Clustering algorithms

This section outlines some standard clustering algorithms. Generally, clustering can broadly
classified into six groups: Partitioning, Hierarchical, Grid-based, Model-based, Density-
based clustering and Multi-step clustering algorithms [23].
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However, the two most popular clustering algorithms are partitional and hierarchical clus-
tering due to their simplicity, ease of implementation and a wide range of applicability [24].

K-means clustering

The k-means clustering algorithm is a popular partitional clustering algorithm and can be
observed in Algorithm 1. The algorithm begins by selecting initial representative points
as K initial centroids. Each data point is assigned to the nearest centroid according to a
chosen proximity measure. Centroids are then updated for each cluster and repeated until
convergence [24]. The main idea of k-means is to minimize the total distance (typically Eu-
clidean distance) between all objects in a cluster from their cluster center [23]. The known
drawbacks of k-means are the initialization of the algorithm and estimating the number of
K clusters [24].

Algorithm 1 K-Means clustering

Input: N Objects {X1,X2, . . . ,XN ∈ Rd}, K
Output: K clusters C = {C1,C2, . . . ,CK}

1: Select K points as initial centroids.
2: repeat
3: Form K clusters by assigning each point to its closest centroid
4: Recompute centroid of each cluster
5: until convergence criterion met

Hierarchical clustering

Hierarchical clustering addresses the clustering problem by constructing a binary tree-based
data structure known as a dendrogram. This dendrogram represents a hierarchy of clusters.
Initially, each data object is treated as it own cluster. The algorithm iteratively merges
the most similar pairs of clusters. Clusters can be merged using various methods such as
single linkage, which merges based on shortest distance among all their members, complete
linkage, which merges based on the shortest maximum distance, and average linkage, which
merges based on the average distance between all members of the clusters [24].

Algorithm 2 Agglomerative Hierarchical clustering

Input: N Objects {X1,X2, . . . ,XN ∈ Rd}
Output: K clusters C = {C1,C2, . . . ,CK}

1: Compute the dissimilarity matrix between all data points.
2: repeat
3: Merge clusters as Ca∪b =Ca ∪Cb. set new cluster’s cardinality as Na∪b = Na +Nb.
4: Insert a new row and column containing the distances between the new cluster Ca∪b

and the remaining clusters.
5: until Only one maximal cluster remains.



6(47)

Spectral clustering

Unlike traditional clustering methods such as k-means, spectral clustering can handle more
complex scenarios and arbitrarily shaped nonlinear clusters. It does not rely on assumptions
about the underlying cluster structure. This is achieved by embedding the data in a lower-
dimensional representational space where the cluster structure becomes more evident [24].

Algorithm 3 Spectral clustering

Input: N Objects {X1,X2, . . . ,XN ∈ Rd}
Output: K clusters C = {C1,C2, . . . ,CK}

1: Construct Similarity Graph
2: Let W be the weighted adjacency matrix
3: Calculate normalized Laplacian Ls

4: Compute first k eigenvectors l1, l2, . . . , lk of Ls

5: Let U ∈ Rn×k be the matrix having vectors l1, l2, . . . , lk as columns
6: Normalize rows of U to norm 1 to obtain matrix T ∈Rn×k, i.e., set ti j = ui j/(∑k u2

ik)
1/2

7: Let yi ∈ Rk be the ith row of U for i = 1,2, . . . ,n
8: Cluster points yi for i = 1,2, . . . ,n into k clusters C1,C2, . . . ,Ck using k-means algorithm

2.4 Similarity measures

Distances between data points are crucial to creating clusters and serve as a standard for
evaluating cluster performance. This concept involves numerical measures of dissimilar-
ity or similarity between individual data points, which are often calculated based on data
features [27].

2.4.1 Euclidean

Euclidean distance, also known as ℓ2 norm quantifies the straight-line geometric distance
between two vectors P,Q in d-dimensional space [24]. Derived from the Pythagorean theo-
rem, Euclidean distance is a widely used measure for numerical attributes or features within
Euclidean space defined as [28]:

dL2(P,Q) =

√
d

∑
i=1

(Pi −Qi)2 (2.1)

2.4.2 Cosine similarity

Consider two vectors P,Q, then Cosine similarity measures the cosine of the angle between
two vectors defined using an inner product and is defined as [24]:

cos(P,Q) =
P ·Q

∥P∥∥Q∥
(2.2)
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2.5 Dimension reduction

Dimension reduction tools help handle high-dimensional data, visualize data, and provide
an understanding of cluster structure by transforming high-dimensional data into a mean-
ingful representation of reduced dimensionality. However, dimension reduction can also be
misleading because it may represent cluster structures that were not present in the original
data, i.e., data points are further or closer to each other in the projected space but not so in
the original space [29] [30].

Principal component analysis

Principal Components Analysis (PCA) is a standard linear technique for dimensionality re-
duction. PCA performs the reduction by embedding data into a linear subspace of lower
dimensionality [30]. Therefore, the objective of PCA is to learn low-dimensional repre-
sentation z ∈ Rq of the data x ∈ Rp where q < p and the goal is to retain as much infor-
mation as possible where information is measured in variance [31]. Thus, PCA preserves
the dimensions with the most variation in the data, preserving the global structure of the
high-dimensional data [32].

T-distributed Stochastic Neighbor Embedding

T-distributed Stochastic Neighbor embedding (t-SNE) is used to visualize high-dimensional
data. It converts similarities between data points into joint probabilities. It aims to minimize
the Kullback-Leibler divergence between these joint probabilities in the low-dimensional
embedding and the original high-dimensional data [33]. t-SNE is a dimensionality reduc-
tion technique that preserves the local structure of the data. Specifically, it focuses on
maintaining relationships between nearby points, ensuring that close observations in the
high-dimensional space remain close in the low-dimensional representation [32].

2.6 Logistic regression

Logistic regression is a supervised machine learning algorithm for modeling conditional
class probabilities. Logistic regression can be interpreted as an adaptation of a linear re-
gression model tailored for classification tasks rather than regression. Consider a linear
regression given by [31]:

z = β0 +β1x1 +β2x2 + · · ·+βpxp (2.3)

The key idea of logistic regression is to squeeze z from 2.3 into a restricted interval of [0, 1],
which can therefore be interpreted as a probability. This can be done by using the logistic
function of h(z) = ez

1+ez resulting in [31]:

P(y = 1) =
eβ0+β1x1+β2x2+···+βpxp

1+ eβ0+β1x1+β2x2+···+βpxp
(2.4)
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Generalization

Generalization measures a machine learning model’s effectiveness in predicting new unseen
data beyond training data. Two challenges to generalization are overfitting and underfitting.
Overfitting occurs when the model excessively learns the training data, including the noise
and outliers. The “Curse of Dimensionality” refers to problems created by high-dimensional
data; An overfitting problem is an example. Dimensionality reduction methods, described
in Section 2.5 that map the original data on smaller dimensions, are therefore less prone to
overfitting. Conversely, underfitting happens when the model is overly simplistic, failing to
predict both the training data and new data accurately [34]. Overfitting and underfitting are
illustrated in Figure 1.

Figure 1: Illustration of underfitting, overfitting and generalized.

Regularization can be applied to improve model generalization. Regularization tries to limit
the effect of useless features by adding a "penalty term" called regularizer [35]. Select-
ing the optimal model can be achieved through cross-validation and grid search. Cross-
validation provides a simple and effective model selection and performance evaluation
method, while hyperparameter optimization relies on grid search. Grid search evaluates
a predefined subset of the hyperparameters space of the training algorithm [36] [37].

A widely used cross-validation technique is k-fold cross-validation. This method randomly
divides the dataset into k equally sized subsets. Each subset serves as the validation set
once, while the remaining k-1 subsets are used for training. This process repeats until every
subset has been used for validation. The model’s performance is then averaged across all
iterations, which helps to identify the optimal parameters [36].
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3 Related work

As mentioned in Chapter 1, while extensive research has been conducted on machine learn-
ing applications in financial markets, many areas have been largely overlooked or underex-
plored. Nonetheless, some studies have been related to the application of clustering within
the financial domain, including trader classification and time-series clustering.

Several surveys have reviewed the application of clustering in finance. For example, Cai et
al. [2] examine a variety of clustering algorithms to analyze different financial data sets that
range from time series to transactions. They conclude that density-based clustering does not
suit financial datasets, and their work represents a first step in clustering financial datasets.

Another example is the review by Tang et al. [38], which focuses on clustering methods in
financial applications. Tang et al. review standard clustering techniques in finance, focus-
ing primarily on popular topics such as credit scoring, trading strategy, portfolio analysis,
and the stock market. They conclude that clustering applications can still be more widely
applied and that further development of evaluation techniques is needed, which this thesis
will address by exploring trader groupings and domain expert evaluation.

Previous work by Millberg [39] evaluated various clustering techniques on financial time-
series data. Similarly, Tangsirisakul [40] conducted a comparative analysis of clustering
techniques. However, these studies focused exclusively on stock data, whereas this thesis
aims to provide deeper insights into trader distinctions.

The comparison of cluster techniques is not a novel area of research. For instance, Yin et al.
[27] conducted a comprehensive review of existing clustering algorithms. As they noted,
there has been a shift in the focus of clustering algorithm research from solely improving
the underlying algorithms to more targeted applications in specific fields. The increasing
recognition of the diverse and complex data challenges in various domains drives this shift.

This thesis builds upon previous work related to the clustering of traders. Mankad et al.
[41] proposed a dynamic machine-learning approach to classify traders into five distinct
groups. Wright et al. [42] introduced machine learning methods for clustering active traders
for intraday classification. Ruan et al. [43] classified short-term strategies and identified
clusters of market makers and directional traders. Cont et al. [44] provided a detailed
representation of the order book and analyzed client order flow, segmenting clients into
various clusters.

The closest work to this thesis is by Cartea et al. [45], who explored statistical predictions
of trading strategies in electronic markets. This thesis builds on their work by replicating
the set of features they proposed for analyzing trader behavior. However, it extends their
approach by exploring a broader range of clustering techniques and offering insights into
the generalizability of their method.
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4 Method

An overview of the method is illustrated in Figure 2. The project begins with an in-depth
analysis of the order book and trade data. Next, the data is preprocessed and transformed
into viable features that can be utilized for the end goal. Following this, various clustering
algorithms are applied to the identified key characteristics of trading behaviors. Finally,
domain experts evaluate the resulting clusters.

Figure 2: Method overview.

4.1 Data description

The data available for this thesis comprises order record-keeping data for the Nasdaq Nordic
and Baltic markets trading on INET, Genium INET and the Nordic Derivatives Trading Sys-
tem (NDTS) as specified in [46]. INET is a trading platform for equities and the Spotlight
stock market [47]. Genium INET is the clearing platform for Nordic equity derivatives,
fixed income derivatives, commodities products and trading platform for fixed income and
commodities [48]. NDTS is a platform for trading equity derivatives [49]. The datasets
contain the fields as specified in [50].
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4.1.1 Limitations

To limit the scope of this thesis, this work exclusively utilizes data from INET, as detailed
in Section 4.1. The analysis focuses on a single stock called VOLVO with the ticker VOLV
B over a period spanning from 02 October 2023 to 21 January 2024. In addition, retail
traders, as defined in Section 2.1, are excluded from this study. Thus, the data set only
keeps records of professional traders, which is indicated as algorithmic. As shown in Table
1, professional traders dominate the market activity. Lastly, this work only considers new-
order events. As such, other order types, such as cancellations and executions, are filtered
out in the preprocessing step.

Table 1 Statistics for traders between 2023-10-02 and 2024-01-21
trader message count message percentage (%)
Professional 19822007 95
Retail 1061402 5

As previously mentioned, this study focuses on VOLVO. It was selected because it offers
sufficient liquidity for analysis, being one of the largest Nordic stocks, while its order book
is not so deep as to cause computational challenges. The statistics for VOLVO can be
observed in Table 2.

Table 2 Statistics for VOLVO between 2023-10-02 and 2024-01-21
Average daily message count Average daily traded volume C

15331 112,937,019

4.1.2 Members and Traders

In this work, members are referred to as individuals, corporations, partnerships or entities
allowed to trade on the INET Nordic Trading Platform. These members are allowed to
trade for themselves or others. Moreover, they can also trade under one or multiple dealing
capacities. The exchange determines the classification of capacities and is not regulated by
a regulator; Nasdaq Nordic has nine different dealing capacities. However, in this thesis,
only eight are interesting, as one of the capacities are retail. Furthermore, only four of these
capacities are present in the dataset. In this thesis, a trader is defined as a combination of a
member’s ID, dealing capacity, and the trade executor ID.

4.1.3 Features

Not all fields presented in Section 4.1 may be relevant; some fields might be redundant,
while others could misguide the clustering results. Furthermore, it has been proven that se-
lecting a subset of the original features enhances performance. However, in an unsupervised
setting where the ground truth is absent, identifying the most important features presents a
significant challenge [51].

An AFM study [52] shows that many trading algorithms utilize features such as order book
imbalance, volume in the order book, and price trends, all measured over various time
horizons. Moreover, the most recent data have the most predictive power. In this thesis, 53
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features1. proposed by [45] are used to reflect the state of the order book, and the set of
features can be seen in Appendix A.

Finally, the unique trading behaviors, according to [45], are direction (buy or sell), price, and
volume. The probability of a trader choosing direction, price, and volume can be modeled
with logistic regression from the proposed features. The resulting regression coefficients
capture individual trading tendencies and can be used to group similar trading behaviors.
Therefore, the final set of features for the clustering of traders will be the coefficients from
the logistic regression of the trading direction. Thus, the unique trading behavior in this
work is direction and the key characteristics (x1,x2, . . . ,xn) mentioned in Section 1.1 are the
53 regression coefficients from the logistic model.

4.2 Data preprocessing

The data preprocessing stage involves transforming the available order book data described
in Section 4.1 into the required target features, as described in Section 4.1.3. Moreover, it
also involves filtering out data as described in Section 4.1.1. Lastly, logistic regression is
performed to model trade direction and obtain the coefficients used for clustering.

The data preprocessing was primarily done in AWS Redshift, involving the development
and optimization of SQL queries. This part of the work was particularly challenging due
to the large volume of data, as processing billions of rows and handling massive datasets
placed significant strain on computing resources. To manage this, the data was processed
one week at a time for the 16-week period, resulting in 16 weekly datasets.

The 16 weeks of data were further processed by keeping only traders present in all 16 weeks
and sufficient data for logistic regression analysis. The data was split into four consecutive
weeks (i.e., weeks 1-4, 2-5, etc.), resulting in 13 data frames.

The 13 data frames were further split into training (70%) and test (30%) sets. Subsequently,
trade direction was modeled using logistic regression, with each trader’s resulting coeffi-
cients serving as the clustering analysis’s final feature set.

4.3 Clustering

The datasets containing the features outlined in Section 4.1.3 represent the state of the or-
der book for the time just before each order event. The data is aggregated using logistic
regression as described in Section 2.6 to model each trader’s probability of direction.

The clustering algorithms described in Section 2.3.1 are used to partition the datasets con-
sisting of regression coefficients derived from the logistic regression models of trading be-
havior. The hierarchical clustering uses complete linkage and cosine affinity. Moreover, the
spectral clustering uses nearest-neighbor affinity.

This thesis utilizes the implementations provided by Scikit-learn for the aforementioned
clustering techniques: KMeans, AgglomerativeClustering and SpectralClustering
from sklearn.cluster.

1Detailed descriptions of the proposed features are provided in Appendix B of [45].
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4.4 Evaluation methods

Evaluating the effectiveness of the clustering results is challenging due to the lack of a
definitive ground truth and is still an open problem. The definition of the clusters largely
depends on the user and the domain, which is subjective [23]. Nonetheless, it is possible to
evaluate clusters with intrinsic measures as described in Section 4.4.1. These metrics pro-
vide insights into the internal quality of the clustering and help address problem formulation
one as outlined in Section 1.2 [25].

However, it is important to note that these metrics primarily evaluate the quality of the
clusters and do not directly measure the correctness of the clusters. The correctness of the
clusters would have to depend on extrinsic measures as described in Section 4.4.2; due to
the lack of definitive ground truth, this thesis relies solely on domain expert evaluation to
address problem formulation two, as outlined in Section 1.2.

4.4.1 Intrinsic measures

Intrinsic measures evaluate the quality of the cluster structure using only the information
contained within a dataset, without relying on any external information. The evaluation
focuses solely on the relationships between data points to determine the effectiveness of the
clustering [25] [23]. Typical objective functions are designed to achieve high intra-cluster
similarity, ensuring that objects within the same cluster are similar, while achieving low
inter-cluster similarity, ensuring that objects from different clusters are dissimilar [23].

Silhouette score

The silhouette score measures the overall quality of a clustering result by computing the
mean silhouette coefficient across all data points. The silhouette coefficient evaluates how
well a data point is assigned to its cluster by considering both the intra-cluster and inter-
cluster distances [24].

For a given data point xi, the silhouette coefficient is calculated in two steps. First, let ai be
the average distance between xi and all other points in the same cluster. Next, let bi be the
average distance between xi and all points in the nearest neighboring cluster. Using these
two values, the silhouette coefficient for point xi is defined as [24]:

si =
bi −ai

max(ai,bi)
(4.1)

The silhouette score is obtained by calculating the mean of all individual silhouette coeffi-
cients resulting in [24]:

S =
∑

N
i=1

bi−ai
max(ai,bi)

N
(4.2)

A silhouette score of 1 indicates that the data points are well-clustered and correctly as-
signed. A score around 0 implies that the clusters overlap. Lastly, a score of -1 suggests
that the points have been misclassified and assigned to the wrong clusters [53].
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Davies-Bouldin index

The Davies-Bouldin index evaluates the quality of a clustering result by considering for
each cluster C the similarity between it and all other clusters [24]. Consider a cluster C
with members X1,X2, . . . ,Xm ∈ Ep, where Ep is a Euclidean space of p dimensions. Let
S(X1,X2, . . . ,Xm) denote a dispersion measure that satisfies the following [54]:

S(X1,X2, . . . ,Xm)≥ 0 (4.3)

S(X1,X2, . . . ,Xm) = 0 iff Xi = X j∀Xi,X j ∈C (4.4)

The dispersion measure Si for a cluster Ci is computed as the average distance between each
point in the cluster and its centroid. The inter-cluster distance Mi j is defined as the distance
between the centroids of two clusters Ci and C j. Using these measures, the pairwise cluster
similarity between clusters Ci and C j is given by :

Ri j =
Si +S j

Mi j
(4.5)

The Davies-Bouldin index is then defined as the average of the maximum similarity Ri j for
each cluster :

R =
1
N

N

∑
i=1

max
i̸= j

Ri j (4.6)

As seen in Equation 4.6, each cluster is assigned the highest similarity value relative to
any other cluster, and the final index is obtained by averaging all cluster similarities. The
smaller the index indicates more compact and well-separated clusters [24].

Calinski–Harabasz index

The Calinski–Harabasz index, also called the Variance Ratio Criterion (VRC), is a measure
that evaluates the quality of clustering results by measuring the ratio of between-cluster
dispersion to within-cluster dispersion. For a dataset with n points partitioned into k clusters
the Calinski–Harabasz index is given by [55]:

V RC =
BGSS
k−1

/
WGSS
n− k

(4.7)

Where WGSS is the Within Group Sum of Squares and BGSS is the Between-Group Sum
of Squares, these are given by [55]:

WGSS =
k

∑
g=1

ng

∑
i=1

d2
i,g (4.8)

d2
i,g denotes the squared distance between the point Pi in cluster g and the centroid of that

cluster, and ng represents the number of data points in cluster g.
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BGSS =
k

∑
g=1

ng ·d2
g,c (4.9)

d2
c,g denotes the the squared distance between the centroid of cluster g and the overall cen-

troid of the dataset. WGSS measures the dissimilarity within clusters, while BGSS mea-
sures the dissimilarity between clusters. Thus, a higher value of VRC indicates a better
partition [55].

4.4.2 Extrinsic measures

Extrinsic measures evaluate the quality of clusters by comparing them to externally supplied
class labels or ground truth. Extrinsic measures are the most commonly used approach for
assessing clustering performance [23]. However, this thesis lacks the ground truth and
commonly used extrinsic measures such as F-score, Purity or Rand index cannot be utilized
in this work2.

One extrinsic measure that is explored in this thesis is domain expert evaluation. The do-
main expert evaluation provides additional insights into the cluster results besides the in-
trinsic measures mentioned in Section 4.4.1.

Expert evaluation

As mentioned in Section 4.4, there is no definitive ground truth. Thus, this project intends
to include domain expert evaluation of the clustering results. Domain expert evaluation
can serve as an important qualitative measure of the model’s effectiveness and real-life
applications. Moreover, it addresses problem formulation two outlined in Section 1.2.

The approach for expert evaluation involves presenting the clustering results as trader group
statistics as seen in Appendix B to domain experts. The domain experts will rate how well
the clustering algorithm identifies distinct groupings/categories of traders on a scale of 1 to
7. The form also includes detailed information about the clusters, including specific traders
in each cluster.

Figure 3: Process of the human-in-the-loop

2These metrics require true class labels for evaluation. See Table 23.1 in [24] for a detailed overview.
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5 Results

This Chapter presents the logistic regression and clustering results of the 125 unique traders
present on 2023-10-02 and 2024-01-21 (16 weeks). In Section 5.3, the results of three
clusters are presented using k-means, hierarchical and spectral clustering. Similarly, in
Section 5.4, the results of four clusters are presented.

5.1 Logistic regression

In this section, the results of the logistic regression are presented. Table 3 shows the mean
accuracies of the top 5, 10, 20 and 50 traders ranked by order count. The top 5 traders will
have the most orders and, therefore, the most data points for training and validation.

Table 3 Accuracies of the logistic regression models for VOLVO, calculated over
thirteen exercises. Accuracies are reported in % with ± the standard deviation.

Accuracy (%) σ

Top 5 76,5 15,9
Top 10 70,3 12,2
Top 20 71,5 12,6
Top 50 77,9 12,0
All 77,6 15,2

5.2 Optimal number of clusters

This section presents the analysis of the optimal number of clusters. Table 4 shows the av-
erage Calinski-harabasz, Davies-Bouldin and Silhouette scores for three cluster algorithms
with different k ranges, from 2 to 10, across 13 exercises. Figure 4 displays the plots.

Table 4 Calinski-harabasz, Davies-Bouldin and Silhouette scores for cluster k.

k=2 k=3 k=4 k=5 k=6 k=7 k=8 k=9 k=10

Kmeans-c 313.26 206.97 184.29 154.61 135.26 122.90 110.75 103.76 95.94
hierarchical-c 5.70 4.79 4.29 3.66 3.18 3.32 3.31 3.13 2.97
spectral-c 6.69 6.11 5.69 9.53 8.31 7.38 6.59 5.95 5.35
kmeans-d 0.25 0.86 0.89 1.26 1.08 1.27 1.26 1.25 1.44
hierarchical-d 2.63 2.92 2.82 2.74 2.64 2.55 2.48 2.39 2.34
spectral-d 1.90 2.03 2.09 1.80 1.92 2.04 2.06 2.11 2.12
kmeans-s 0.84 0.42 0.29 0.16 0.17 0.13 0.13 0.12 0.09
hierarchical-s 0.04 -0.04 -0.09 -0.09 -0.10 -0.09 -0.08 -0.08 -0.09
spectral-s 0.07 -0.01 -0.01 0.06 0.06 0.05 0.04 0.03 0.02
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5.3 Results with three clusters

This section presents the results of the three cluster algorithms with k = 3. Section 5.3.1
shows the clustering results with k-means, and Section 5.3.2 shows the clustering results
with hierarchical clustering. Lastly, section 5.3.3 shows the clustering results with spectral
clustering.

5.3.1 K-means

Figures 5a and 5b show scatter plots created using dimension reduction methods as de-
scribed in Section 2.5. Figure 5c illustrates cluster transitions over 13 time spans of 4
consecutive weeks. Each column in the figure represents a 4-week span of data, i.e., the
first column covering weeks 1-4, the second column weeks 2-5, and so on. Lastly, Figure
5d shows the stability of the cluster exercises. The y-axis indicates the probability that pairs
of traders in two consecutive clustering exercises, A and B, are either in the same or different
clusters in both exercises. The x-axis represents the 13 time spans of clustering exercises,
while the red dotted line shows the expected probability if traders were randomly assigned
to clusters.

(a) Cluster visualization with PCA for week
13.

(b) Cluster visualization with t-SNE for
week 13.

(c) Cluster transition over 13 clustering ex-
ercises (each column represents 4 weeks
of trading data, i.e., weeks 1-4, 2-5, etc.).

(d) Stability of clusters for VOLVO across
the thirteen clustering exercises.

Figure 5: Results of k-means with three clusters.
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5.3.2 Hierarchical

Figures 6a and 6b show scatter plots created using dimension reduction methods as de-
scribed in Section 2.5. Figure 6c illustrates cluster transitions over 13 time spans of 4
consecutive weeks. Each column in the figure represents a 4-week span of data, i.e., the
first column covering weeks 1-4, the second column weeks 2-5, and so on. Lastly, Figure
6d shows the stability of the cluster exercises. The y-axis indicates the probability that pairs
of traders in two consecutive clustering exercises, A and B, are either in the same or different
clusters in both exercises. The x-axis represents the 13 time spans of clustering exercises,
while the red dotted line shows the expected probability if traders were randomly assigned
to clusters.

(a) Cluster visualization with PCA for week
13.

(b) Cluster visualization with t-SNE for
week 13.

(c) Cluster transition over 13 clustering ex-
ercises (each column represents 4 weeks
of trading data, i.e., weeks 1-4, 2-5, etc.).

(d) Stability of clusters for VOLVO across
the thirteen clustering exercises.

Figure 6: Results of hierarchical with three clusters.
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5.3.3 Spectral

Figures 7a and 7b show scatter plots created using dimension reduction methods as de-
scribed in Section 2.5. Figure 7c illustrates cluster transitions over 13 time spans of 4
consecutive weeks. Each column in the figure represents a 4-week span of data, i.e., the
first column covering weeks 1-4, the second column weeks 2-5, and so on. Lastly, Figure
7d shows the stability of the cluster exercises. The y-axis indicates the probability that pairs
of traders in two consecutive clustering exercises, A and B, are either in the same or different
clusters in both exercises. The x-axis represents the 13 time spans of clustering exercises,
while the red dotted line shows the expected probability if traders were randomly assigned
to clusters.

(a) Cluster visualization with PCA for week
13.

(b) Cluster visualization with t-SNE for
week 13.

(c) Cluster transition over 13 clustering ex-
ercises (each column represents 4 weeks
of trading data, i.e., weeks 1-4, 2-5, etc.).

(d) Stability of clusters for VOLVO across
the thirteen clustering exercises.

Figure 7: Results of spectral with three clusters.
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5.4 Results with four clusters

This section presents the results of the four cluster algorithms with k = 4. Section 5.4.1
shows the clustering results with k-means, and Section 5.4.2 shows the clustering results
with hierarchical clustering. Lastly, section 5.4.3 shows the clustering results with spectral
clustering.

5.4.1 K-means

Figures 8a and 8b show scatter plots created using dimension reduction methods as de-
scribed in Section 2.5. Figure 8c illustrates cluster transitions over 13 time spans of 4
consecutive weeks. Each column in the figure represents a 4-week span of data, i.e., the
first column covering weeks 1-4, the second column weeks 2-5, and so on. Lastly, Figure
8d shows the stability of the cluster exercises. The y-axis indicates the probability that pairs
of traders in two consecutive clustering exercises, A and B, are either in the same or different
clusters in both exercises. The x-axis represents the 13 time spans of clustering exercises,
while the red dotted line shows the expected probability if traders were randomly assigned
to clusters.

(a) Cluster visualization with PCA for week
13.

(b) Cluster visualization with t-SNE for
week 13.

(c) Cluster transition over 13 clustering ex-
ercises (each column represents 4 weeks
of trading data, i.e., weeks 1-4, 2-5, etc.).

(d) Stability of clusters for VOLVO across
the thirteen clustering exercises.

Figure 8: Results of k-means with four clusters.
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5.4.2 Hierarchical

Figures 9a and 9b show scatter plots created using dimension reduction methods as de-
scribed in Section 2.5. Figure 9c illustrates cluster transitions over 13 time spans of 4
consecutive weeks. Each column in the figure represents a 4-week span of data, i.e., the
first column covering weeks 1-4, the second column weeks 2-5, and so on. Lastly, Figure
9d shows the stability of the cluster exercises. The y-axis indicates the probability that pairs
of traders in two consecutive clustering exercises, A and B, are either in the same or different
clusters in both exercises. The x-axis represents the 13 time spans of clustering exercises,
while the red dotted line shows the expected probability if traders were randomly assigned
to clusters.

(a) Cluster visualization with PCA for week
13.

(b) Cluster visualization with t-SNE for
week 13.

(c) Cluster transition over 13 clustering ex-
ercises (each column represents 4 weeks
of trading data, i.e., weeks 1-4, 2-5, etc.).

(d) Stability of clusters for VOLVO across
the thirteen clustering exercises.

Figure 9: Results of hierarchical with four clusters.
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5.4.3 Spectral

Figures 10a and 10b show scatter plots created using dimension reduction methods as de-
scribed in Section 2.5. Figure 10c illustrates cluster transitions over 13 time spans of 4
consecutive weeks. Each column in the figure represents a 4-week span of data, i.e., the
first column covering weeks 1-4, the second column weeks 2-5, and so on. Lastly, Figure
10d shows the stability of the cluster exercises. The y-axis indicates the probability that
pairs of traders in two consecutive clustering exercises, A and B, are either in the same or
different clusters in both exercises. The x-axis represents the 13 time spans of clustering
exercises, while the red dotted line shows the expected probability if traders were randomly
assigned to clusters.

(a) Cluster visualization with PCA for week
13.

(b) Cluster visualization with t-SNE for
week 13.

(c) Cluster transition over 13 clustering ex-
ercises (each column represents 4 weeks
of trading data, i.e., weeks 1-4, 2-5, etc.).

(d) Stability of clusters for VOLVO across
the thirteen clustering exercises.

Figure 10: Results of spectral with four clusters.
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5.5 Domain expert evaluation

This section outlines the results from the qualitative evaluation of the identified clusters
shown in Section 5.3 and 5.4 with the help from domain experts with the methodology
described in Section 4.4.2.

Table 5 shows the expert scoring of the clustering results with the number of clusters set to
three (k = 3), displaying the average score for each algorithm.

Table 5 Expert scoring of the clustering results on a scale of 1-7 for three clusters.

Algorithm Expert 1 Expert 2 Expert 3 Expert 4 Avg
k-means 5 1 2 4 3.00

hierarchical 6 2 4 6 4.50
spectral 7 3 3 6 4.75

Similarly, Table 6 shows the expert scoring of the clustering results with the number of
clusters set to four (k = 4), also displaying the average score for each algorithm.

Table 6 Expert scoring of the clustering results on a scale of 1-7 for four clusters.

Algorithm Expert 1 Expert 2 Expert 3 Expert 4 Avg
k-means 4 3 3 3 3.25

hierarchical 6 3 3 5 4.25
spectral 4 1 4 5 3.50

Moreover, one domain expert provided the following detailed feedback through the evalua-
tion form:

"To me, it’s unclear how accurate the different algorithms are in separating
trader groups. I see several reasons why this is the case: (i) predicting buy vs
sell is the wrong metric to focus on. Everyone buys and sells over an extended
period of time. There is no single trader group that consistently buys or sells
over long periods; (ii) looking at a single stock does not allow the full scope of
underlying strategies employed by trader groups to be captured. The specific
stock in question here could have idiosyncratic features that make it hard to
generalize; (iii) capacity and executor ID may not accurately reflect the under-
lying trader groups due to potential limitations in how these fields are recorded
by different members. Overall, while the results do show some features of
different trader groups, the metrics reported are not all consistent."
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6 Discussion

This chapter discusses the results of Chapter 5 in relation to the research questions outlined
in Section 1.2. As the analysis focuses on a single stock, the findings should be viewed
as exploratory and context-specific. Section 6.1 examines the results of the logistic regres-
sion, Section 6.2 discusses the results of the intrinsic measures, and Section 6.3 covers the
insights of the expert evaluations. Finally, Section 6.4 provides directions for future work.

6.1 Trading behavior

As mentioned in Section 4.1.3, the defining trading behaviors are the trader’s direction,
price, and volume. In this work, only the direction has been considered and modeled using
logistic regression, which is the most straightforward approach, providing one coefficient
for each feature. However, this also means that the logistic regression step will largely
influence the clustering results, as it serves as a form of dimensionality reduction by aggre-
gating all of the order events for a trader. Furthermore, the logistic regression training step
introduces some randomness, so the results may vary for each run.

Nonetheless, Table 3 shows that the accuracy for predicting trader direction is relatively
good, better than random. Several variables could influence these results. For example, the
data points for each trader are not equal in volume. The top 5 traders, as observed in Table 3,
have more data points to train on for the logistic regression, which could explain the higher
accuracy but also the higher standard deviation, as more data points might introduce greater
variability.

Another factor could be that the top 5 traders may employ a more diverse trading strategy
and are more sensitive to market conditions, reacting quickly to changes. This adaptability
of the traders could affect the logistic regression results.

Lastly, the number of features is a crucial consideration. As mentioned in Section 4.1.3,
53 features are used to reflect the state of the order book. This high dimensionality could
lead to overfitting due to the "curse of dimensionality" as described in 2.6. During this
work, I attempted to use PCA (dimensionality reduction) as described in Section 2.5 to
lower the dimensionality, but it did not yield any improvement. Furthermore, I performed a
grid search with k-fold cross validation for each logistic regression model to try to combat
overfitting, but this did not result in any improvement in terms of accuracy.

6.2 Intrinsic Evaluation of clusters

Intrinsic cluster measures, as described in Section 4.4.1, were used to analyze the clusters
to check the optimal number of clusters and compare the different cluster algorithms. The
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first step was to check the optimal number of clusters, which can be observed in Section
5.2. Since this work is highly exploratory and the trader groups are not strictly defined,
the number of clusters is unknown. However, that is not entirely true; as stated in Section
4.1.2, there are known dealing capacities of a trader, which could serve as a baseline for
determining the number of clusters. Therefore, three or four clusters should be the optimal
number of clusters.

6.2.1 Number of clusters

Figure 4 presents the Calinski-harabasz, Davies-Bouldin and Silhouette scores for three
clustering algorithms, k-means, hierarchical, and spectral, across a range of cluster numbers
from two to ten. Table 4 shows the corresponding values.

Observations regarding the scores show that k-means have the most variation across the
metrics. However, it is consistent that lower k-values are optimal as scores degrade when k
increases. For k = 2, the Calinski-harabasz is the highest, and the score decreases steadily
as the number of clusters increases. A higher score indicates dense and well-separated
clusters. Similarly, a high Silhouette score indicates well-separated and cohesive clusters,
and it starts at a high value and drops as the number of clusters increases. However, for
Davies-Bouldin, lower values indicate a better separation, and it could be seen that initial
scores are low, and the score rises as the number of clusters grows. The intrinsic measures
show that the optimal number of clusters are k = 2 and k = 3.

The results for hierarchical clustering show consistently poor performance, as can be ob-
served in the values shown in Table 4. The Calinski-harabasz index at its highest at k = 2 is
very low and decreases even further for higher k values. Moreover, Davies-Bouldin starts
high, and while there is a decrease, the value is consistently high across all k. Lastly, the
values for the silhouette score lie near zero or even negative, which indicates overlapping
clusters. The intrinsic measures show that hierarchical clustering does not find any mean-
ingful structure.

The results for Spectral are similar to those for hierarchical, but with slightly better values,
they still indicate overlapping clusters. However, an interesting observation is that k = 5
is the optimal number for spectral. However, five clusters are not considered in this work
as the intrinsic measures for spectral show weak performance. Although the values for
k = 2 were consistently good in all clusters, two clusters are not interesting in this work.
Therefore, k = 3 and k = 4 were chosen for the clustering exercises.

6.2.2 Cluster comparison

Table 4 shows for k = 3 and k = 4 that k-means outperforms the other two algorithms
when clustering traders according to each intrinsic measure. However, this result could be
misleading. As shown in Section 5.3.1, the results for three clusters with k-means (Figure
5c) reveal that in 11 out of 13 cluster exercises, all traders are grouped into one large cluster.
This clustering behavior could explain the high intrinsic measure scores, as these metrics
typically evaluate intra-cluster cohesion and inter-cluster separation. With one predominant
cluster, the comparison with a few distant outliers would result in a high evaluation score.
The stability of k-means shown in Figure 5d also makes sense as all of the traders are
grouped into the same big cluster for each timespan; however, for the last 2 cluster exercises,
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it was able to identify more outliers, which caused a drop in the stability. Furthermore, when
observing the scatter plots in Figure 5a and 5b, it is difficult to see any significant separation
between clusters.

In contrast, the hierarchical results in Section 5.3.2 show a quite different picture. Figure
6c shows three prominent clusters for all 13 cluster exercises. However, it is clear that the
cluster transition for each timespan is very volatile, and this becomes obvious looking at
Figure 6d, which shows that the stability of the hierarchical cluster is slightly better than
random, but there is a fair amount of instability in the clusters over time, as indicated by
the gap between the blue line and 1. Similarly, as with k-means, it is difficult to see any
significant separation between clusters in the scatter plots in Figure 6a and 6b.

Lastly, Spectral clustering was also able to identify three clusters, one big cluster and two
smaller ones. as can be observed in Figure 7c. However, the stability of the spectral clus-
tering exhibits considerable variability across the different runs, which could indicate the
unreliability of the clustering solution. While the stability reaches a value of 0.89, seen
in Figure 5d, it also drops to 0.45 in another case, falling below the random benchmark.
One explanation for this variability is that spectral clustering captures the variability in di-
rection, as directionality may not entirely capture unique trading behavior. Moreover, part
of the instability might be due to traders updating their trading strategies. If any of these
traders change their trading behavior in how they send orders, the coefficients obtained in
the logistic regression will also change, resulting in unstable clusters.

The results for the four clusters present similar results to the three clusters when looking
at the intrinsic measure scores. However, Figure 8c shows that k-means could identify two
clusters; nonetheless, the stability is very volatile. While hierarchical results are similar
to those with three clusters, they remain consistent, but the gap persists between the blue
line and 1, indicating there is still instability. The results for Spectral improved a bit as
Figure 10d shows consistency, and the gap between the blue line and 1 is less than that of
hierarchical.

In conclusion, since there is a lack of ground truth, intrinsic measures are the only metrics
to evaluate the clusters. Therefore, to answer research question one, relying purely based
on these intrinsic measures, the best performing clustering algorithm to categorize trading
firms is k-means, spectral in second and hierarchical performing the worst.

6.3 Qualitative Evaluation of clusters

The results from the domain expert evaluation, presented in Section 5.5, indicate consistent
trends in the perceived quality of the clustering results. Across both evaluations for k = 3
and k = 4, k-means was consistently rated low by all four experts, resulting in the lowest
average scores in both tables. The domain expert scores suggest that k-means was the least
effective in capturing meaningful patterns in the data.

The expert evaluations of hierarchical and spectral clustering are less clear when looking at
the results for three clusters (k = 3). Two experts rated spectral clustering higher, one expert
preferred hierarchical clustering, and the fourth expert rated them similarly. In terms of
average scores, spectral clustering achieved the highest mean score (4.75), followed closely
by hierarchical clustering (4.50). Therefore, for k = 3, spectral clustering performs best,
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with hierarchical clustering as a close second and k-means as the least effective.

The results differ slightly in the case of four clusters (k = 4). While k-means remains the
lowest-performing algorithm on average, hierarchical clustering now receives the highest
average score (4.25), followed by spectral clustering (3.50). Interestingly, spectral cluster-
ing receives more mixed evaluations for four clusters, suggesting it may not capture mean-
ingful structure at this number of clusters. This observation might align with the results
in Table 4, where spectral clustering shows weaker performance for k = 4, indicating that
spectral clustering fails to identify any meaningful structures for four clusters.

In conclusion, from a subjective, expert-based perspective, k-means is the weakest per-
former in both evaluations. Spectral clustering performs best with three clusters, while
hierarchical clustering performs best with four clusters. Since the average expert scores are
higher in the results with three clusters than for four clusters, spectral clustering achieves
the highest score in that case. Thus, we can conclude that spectral clustering is the most
effective approach for categorizing trading firms in this context, thereby addressing research
question two.

6.4 Future work

The detailed feedback provided by the domain expert, as discussed in Section 5.5, indicates
that none of the clusters successfully separate traders into clearly distinct groups. While
some clustering results suggest some distinct trader groups, the metrics for the trader groups
shown in Appendix B are contradictory and do not provide insights of business value or
real-world applicability.

One key observation made by the expert is that the clustering approach modeled the direc-
tion of trading activity. However, all traders buy and sell over extended periods, leading to
overlapping and non-distinct trading behaviors. An alternative approach was explored by
modeling price instead; the results of this can be found in Appendix C. While the findings
appear promising, there was insufficient time for a qualitative evaluation. This alternative
would represent the second iteration in the process illustrated in Figure 3.

Additionally, the scope of this thesis was intentionally constrained to maintain manage-
ability, as described in Section 4.1.1. These limitations may have influenced the clustering
results. For example, important behavioral patterns may have been excluded by focusing
solely on new orders. The expert also noted that analyzing only a single stock fails to
capture individual traders’ broader trading strategies or behaviors.

Moreover, the expert highlighted that fields such as capacity and executor ID may not reli-
ably reflect actual trader identities, as different members may record these fields inconsis-
tently. This inconsistency could further undermine the reliability of the clustering results.

In conclusion, future work should consider shifting the focus from trade direction to other
distinctive trading behaviors and expanding the scope of this study. The scope could be
broadened by including data from multiple stocks and a broader range of order types. Re-
fining the feature set may help better capture meaningful distinctions between traders. These
improvements will likely enhance the quality and applicability of the clustering results.
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7 Conclusion

This thesis explored different clustering techniques for identifying groupings of trading
firms within financial markets, leveraging machine learning methodologies alongside do-
main expertise. By applying k-means, hierarchical, and spectral clustering algorithms to
trader features derived from logistic regression models, the aim was to uncover meaningful
trader categories based on unique behavioral patterns.

The findings indicate that clustering models can offer valuable insights into trader segmenta-
tion. Expert evaluations suggest that spectral and hierarchical clustering are more promising
than k-means, even though intrinsic evaluation metrics favored k-means. This discrepancy
highlights the importance of incorporating human-in-the-loop approaches to improve the
interpretability and practical relevance of clustering results.

Despite these advancements, challenges remain in achieving better separation of distinct
trader groups. Future research should focus on modeling another unique trading behavior
than directionality, expand the scope of the analysis by incorporating data from multiple
stocks, a broader set of order types, and more refined feature engineering to better capture
trader behaviors.

Ultimately, this thesis contributes to the growing work on machine learning in financial
markets by demonstrating the potential of unsupervised learning for analyzing trader be-
havior. By bridging algorithmic insights with domain expert feedback, this approach lays
the groundwork for further developments in clustering-based financial analytics.
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A Set of Features

Table 7 Set of features.
Index Features description

1 vb_5

The buy and sell volumes available in the order book for the top 5, 10 and
20 levels by the trader. These features reflects the recent activity in the
order book by the trader.

2 vb_10
3 vb_20
4 vs_5
5 vs_10
6 vs_20
7 vb_5_excl

The buy and sell volumes available in the order book excluding the trader
for the top 5, 10 and 20 levels. These features reflects the state of the order
book.

8 vb_10_excl
9 vb_20_excl

10 vb_5_excl
11 vb_10_excl
12 vb_20_excl
13 Imbalance_5 The imbalance of volumes in the order book for the top 5, 10 and 20 levels

from the trader, which indicates the current presence of the trader in the
order book.

14 Imbalance_10
15 Imbalance_20
16 imbalance_5_excl The imbalance of volumes in the order book for the top 5, 10 and 20 levels

excluding volumes from trader, which indicates the current presence of the
members.

17 imbalance_10_excl
18 imbalance_20_excl
19 imb_change_5 The change of imbalance of volumes in the order book for the top 5, 10

and 20 levels excluding volumes from the trader. This reflects current state
of the order book.

20 imb_change_10
21 imb_change_20
22 best_bid_volume The volume of orders at best bid price available in the order book
23 best_offer_volume The volume of orders at best offer price available in the order book.
24 spread_bsp The spread in basis points, the percentage change in the value of financial instruments.
25 return_1 The returns over a number of periods, the periods considered are the last 1,

5, 60 and 300 seconds. These features follows from that the most recent
have most predictive power.

26 return_5
27 return_60
28 return_300
29 volatility_1 The volatility over a number of periods. The periods considered for the

volatility is the last 1, 5, 60 and 300 minutes. These features follows from
that the most recent have most predictive power.

30 volatility_5
31 volatility_60
32 volatility_360
33 num_msg_1s The number of messages over a number of periods. The number of

messages are considered over 1 second, 100 milliseconds, 1 millisecond
and 100 microseconds.

34 num_msg_100ms
35 num_msg_1ms
36 num_msg_100us
37 agre_diff_1 The difference between aggressive buys and sells over the previous 1, 5, 60

and 360 seconds. The number of aggressive buys subtracted with number
of aggressive sells.

38 agre_diff_5
39 agre_diff_60
40 agre_diff_360
41 agre_buy_1

The number of aggressive buys over the previous 1, 5, 60 and 360 seconds.
Agressive orders aims to take liquidity.

42 agre_buy_5
43 agre_buy_60
44 agre_buy_360
45 agre_sell_1

The number of aggressive sells over the previous 1, 5, 60 and 360 seconds.
Agressive orders aims to take liquidity.

46 agre_sell_5
47 agre_sell_60
48 agre_sell_360
49 v_last_transaction The volume of the latest recorded transaction.
50 trader_inv The inventory of the trader (0 at the start of the trade day).
51 mpid_inv The inventory of the member (0 at the start of the trade day).
52 trader_cash The cash expense of the trader(0 at the start of the trade day).
53 mpid_cash The cash expense of the member (0 at the start of the trade day).
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B Statistics for clusters

B.1 Three clusters

Table 8 Statistics for traders in clusters 1, 2, and 3 for VOLVO using k-means. Last
four weeks of data.

Cluster 1 Cluster 2 Cluster 3

Number of traders 11 103 11
Order count 7,717 1,268,364 33,050
Trade count 2,967 107,055 11,154
Order to trade ratio 2.60 11.85 2.96
Order count (%) 0.59 96.89 2.52
Trade count (%) 2.45 88.35 9.20
Liquidity taking trade count 1,340 49,765 4,155
Liquidity taking trade count (%) 2.42 90.06 7.52
Average trader volume in ask side of LOB 0-5 0.35 1.96 0.40
Average trader volume in bid side of LOB 0-5 0.00 1.90 1.18
Average absolute imbalance of traders 0-5 0.20 0.27 0.50
Average ask volume of trader 11-20 0.02 0.68 0.02
Average bid volume of trader 11-20 0.00 0.68 0.05
Average daily directionality 0.64 0.04 0.51
Median resting time (milliseconds) 59 3,304 5,640
Average size of orders 1,284 313 341
Average size of orders SEK 63,331 156,114 63,351
Average size of orders Euro 5,677 13,921 5,636
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Table 9 Statistics for traders in clusters 1, 2, and 3 for VOLVO using hierarchical.
Last four weeks of data.

Cluster 1 Cluster 2 Cluster 3

Number of traders 48 33 44
Order count 1,008,359 91,994 208,778
Trade count 81,177 23,268 16,731
Order to trade ratio 12.42 3.95 12.48
Order count (%) 77.03 7.03 15.95
Trade count (%) 66.99 19.20 13.81
Liquidity taking trade count 40,593 10,443 4,224
Liquidity taking trade count (%) 73.46 18.90 7.64
Average trader volume in ask side of LOB 0-5 2.07 0.45 1.75
Average trader volume in bid side of LOB 0-5 2.04 0.76 1.58
Average absolute imbalance of traders 0-5 0.24 0.38 0.38
Average ask volume of trader 11-20 0.77 0.23 0.35
Average bid volume of trader 11-20 0.76 0.23 0.35
Average daily directionality 0.03 0.42 0.15
Median resting time (milliseconds) 3,179 3,256 4,308
Average size of orders 291 380 418
Average size of orders SEK 35,061 255,617 526,774
Average size of orders Euro 3,130 22,816 46,923

Table 10 Statistics for traders in clusters 1, 2, and 3 for VOLVO using spectral.
Last four weeks of data.

Cluster 1 Cluster 2 Cluster 3

Number of traders 90 21 14
Order count 1,248,996 28,147 31,988
Trade count 76,365 9,797 35,014
Order to trade ratio 16.36 2.87 0.91
Order count (%) 95.41 2.15 2.44
Trade count (%) 63.02 8.08 28.90
Liquidity taking trade count 17,994 3,244 34,022
Liquidity taking trade count (%) 32.56 5.87 61.57
Average trader volume in ask side of LOB 0-5 1.98 0.69 0.03
Average trader volume in bid side of LOB 0-5 1.96 0.31 0.03
Average absolute imbalance of traders 0-5 0.27 0.36 0.19
Average trader volume in ask side of LOB 11-20 0.69 0.32 0.03
Average trader volume in bid side of LOB 11-20 0.68 0.55 0.03
Average daily directionality 0.03 0.67 0.14
Median resting time (milliseconds) 3,413 1,487 100
Average size of orders 311 988 37
Average size of orders SEK 105,861 828,661 40,122.
Average size of orders Euro 9,448 73,804 3,584
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B.2 Four clusters

Table 11 Statistics for traders in clusters 1, 2, 3 and 4 for VOLVO using k-means.
Last four weeks of data.

Cluster 1 Cluster 2 Cluster 3 Cluster 4

Number of traders 10 79 30 6
Order count 30,700 1,228,782 44,095 5,554
Trade count 10,407 91,918 17,101 1,750
Order to trade ratio 2.95 13.37 2.58 3.17
Order count (%) 2.35 93.86 3.37 0.42
Trade count (%) 8.59 75.85 14.11 1.44
Liquidity taking trade count 3,896 43,646 6,809 909
Liquidity taking trade count (%) 7.05 78.98 12.32 1.64
Average trader volume in ask side of LOB 0-5 0.42 2.00 0.60 0.25
Average trader volume in bid side of LOB 0-5 1.25 1.95 0.30 0.00
Average absolute imbalance of traders 0-5 0.52 0.26 0.35 0.20
Average ask volume of trader 11-20 0.02 0.70 0.22 0.02
Average bid volume of trader 11-20 0.05 0.69 0.37 0.00
Average daily directionality 0.48 0.03 0.40 0.78
Median resting time (milliseconds) 6,069 3,303 2,999 0
Average size of orders 342 301 707 492
Average size of orders SEK 53,023 94,354 481,132 88,459
Average size of orders Euro 4,715 8,424 42,847 7,934

Table 12 Statistics for traders in clusters 1, 2, 3 and 4 for VOLVO using hierarchi-
cal. Last four weeks of data.

Cluster 1 Cluster 2 Cluster 3 Cluster 4

Number of traders 39 33 44 9
Order count 499,777 91,994 208,778 508,582
Trade count 73,699 23,268 16,731 7,478
Order to trade ratio 6.78 3.95 12.48 68.01
Order count (%) 38.22 7.04 15.97 38.90
Trade count (%) 60.91 19.23 13.83 6.18
Liquidity taking trade count 40,269 10,443 4,224 324
Liquidity taking trade count (%) 72.89 18.89 7.64 0.59
Average trader volume in ask side of LOB 0-5 1.65 0.45 1.75 2.49
Average trader volume in bid side of LOB 0-5 1.59 0.76 1.58 2.48
Average absolute imbalance of traders 0-5 0.22 0.38 0.38 0.25
Average ask volume of trader 11-20 0.58 0.23 0.35 0.95
Average bid volume of trader 11-20 0.56 0.30 0.34 0.95
Average daily directionality 0.04 0.42 0.15 0.03
Median resting time (milliseconds) 5,533 3,256 4,308 1,988
Average size of orders 295 380 418 289
Average size of orders SEK 36,272 255,617 526,774 23,126
Average size of orders Euro 3,238 22,816 46,923 2,062
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Table 13 Statistics for traders in clusters 1, 2, 3 and 4 for VOLVO using spectral.
Last four weeks of data.

Cluster 1 Cluster 2 Cluster 3 Cluster 4

Number of traders 22 13 18 72
Order count 63,383 31,694 27,262 1,186,792
Trade count 34,145 9,539 61,972 6,550
Order to trade ratio 1.86 3.32 0.44 181.19
Order count (%) 4.84 2.42 2.08 90.65
Trade count (%) 30.43 8.50 55.23 5.84
Liquidity taking trade count 6,550 33,406 3,001 12,303
Liquidity taking trade count (%) 11.85 60.45 5.43 22.26
Average trader volume in ask side of LOB 0-5 0.29 0.03 0.71 2.07
Average trader volume in bid side of LOB 0-5 0.87 0.03 0.32 2.01
Average absolute imbalance of traders 0-5 0.41 0.19 0.36 0.72
Average ask volume of trader 11-20 0.01 0.03 0.33 0.72
Average bid volume of trader 11-20 0.02 0.03 0.57 0.71
Average daily directionality 0.44 0.14 0.68 0.03
Median resting time (milliseconds) 3,502 85 1,480 3,407
Average size of orders 301 37 1,021 311
Average size of orders SEK 51,318 810 850,943 139,838
Average size of orders Euro 4,567 72 75,789 12,485
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C Results for price

C.1 Three clusters

Table 14 Statistics for traders in clusters 1, 2, and 3 for VOLVO using k-means.
Last four weeks of data.

Cluster 1 Cluster 2 Cluster 3

Number of traders 30 45 7
Order count 941,354 146,406 18,599
Trade count 45,089 72,566 1,082
Order to trade ratio 20.88 2.02 17.19
Order count (%) 85.07 13.23 1.68
Trade count (%) 38.03 61.21 0.91
Liquidity taking trade count 11,172 42,177 592
Liquidity taking trade count (%) 20.72 78.18 1.10
Average trader volume in ask side of LOB 0-5 2.28 1.48 0.14
Average trader volume in bid side of LOB 0-5 2.26 1.32 0.05
Average absolute imbalance of traders 0-5 0.25 0.34 0.23
Average ask volume of trader 11-20 0.83 0.19 0.92
Average bid volume of trader 11-20 0.83 0.11 1.13
Average daily directionality 0.04 0.09 0.27
Median resting time (milliseconds) 1,895 3,965 21,188
Average size of orders 313 295 950
Average size of orders SEK 196,969 104,787 333,843
Average size of orders Euro 17,546 9,357 29,693
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(a) Cluster visualization with PCA for week
13.

(b) Cluster visualization with t-SNE for
week 13.

(c) Cluster transition over 13 clustering ex-
ercises (each column represents 4 weeks
of trading data, i.e., weeks 1-4, 2-5, etc.).

(d) Stability of clusters for VOLVO across
the thirteen clustering exercises.

Figure 11: Results of k-means with three clusters.

Table 15 Statistics for traders in clusters 1, 2, and 3 for VOLVO using hierarchical.
Last four weeks of data.

Cluster 1 Cluster 2 Cluster 3

Number of traders 39 33 10
Order count 69,792 929,747 106,820
Trade count 48,071 35,500 35,166
Order to trade ratio 1.45 26.19 3.04
Order count (%) 6.31 84.03 9.66
Trade count (%) 40.50 29.91 29.59
Liquidity taking trade count 41,230 8,854 3,857
Liquidity taking trade count (%) 76.44 16.41 7.15
Average trader volume in ask side of LOB 0-5 0.16 2.29 2.06
Average trader volume in bid side of LOB 0-5 0.08 2.28 1.86
Average absolute imbalance of traders 0-5 0.21 0.25 0.43
Average ask volume of trader 11-20 0.26 0.83 0.33
Average bid volume of trader 11-20 0.30 0.82 0.29
Average daily directionality 0.14 0.04 0.13
Median resting time (milliseconds) 16,178 1,912 3,437
Average size of orders 413 306 391
Average size of orders SEK 55,516 34,695 368,138
Average size of orders Euro 4,957 3,096 32,819
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(a) Cluster visualization with PCA for week
13.

(b) Cluster visualization with t-SNE for
week 13.

(c) Cluster transition over 13 clustering ex-
ercises (each column represents 4 weeks
of trading data, i.e., weeks 1-4, 2-5, etc.).

(d) Stability of clusters for VOLVO across
the thirteen clustering exercises.

Figure 12: Results of hierarchical with three clusters.

Table 16 Statistics for traders in clusters 1, 2, and 3 for VOLVO using spectral.
Last four weeks of data.

Cluster 1 Cluster 2 Cluster 3

Number of traders 33 11 38
Order count 50,620 22,916 1,032,823
Trade count 40,434 2,054 76,249
Order to trade ratio 1.25 11.16 13.54
Order count (%) 4.57 2.07 93.36
Trade count (%) 34.08 1.73 64.19
Liquidity taking trade count 37,336 759 15,846
Liquidity taking trade count (%) 69.19 1.41 29.36
Average trader volume in ask side of LOB 0-5 0.19 0.11 2.27
Average trader volume in bid side of LOB 0-5 0.06 0.04 2.24
Average absolute imbalance of traders 0-5 0.21 0.22 0.27
Average ask volume of trader 11-20 0.02 0.75 0.78
Average bid volume of trader 11-20 0.00 0.91 0.77
Average daily directionality 0.16 0.28 0.03
Median resting time (milliseconds) 2,410 21,041 1,995
Average size of orders 351 814 309
Average size of orders SEK 60,351 179,475 184,100
Average size of orders Euro 5,388 15,961 16,415
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(a) Cluster visualization with PCA for week
13.

(b) Cluster visualization with t-SNE for
week 13.

(c) Cluster transition over 13 clustering ex-
ercises (each column represents 4 weeks
of trading data, i.e., weeks 1-4, 2-5, etc.).

(d) Stability of clusters for VOLVO across
the thirteen clustering exercises.

Figure 13: Results of spectral with three clusters.
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C.2 Four clusters

Table 17 Statistics for traders in clusters 1, 2, 3 and 4 for VOLVO using k-means.
Last four weeks of data.

Cluster 1 Cluster 2 Cluster 3 Cluster 4

Number of traders 7 23 26 26
Order count 18,599 919,021 131,175 37,564
Trade count 1,082 33,042 49,740 34,873
Order to trade ratio 17.19 27.81 2.64 1.08
Order count (%) 1.68 82.87 11.83 3.39
Trade count (%) 0.91 27.82 41.89 29.37
Liquidity taking trade count 592 7,978 12,749 32,622
Liquidity taking trade count (%) 1.10 14.77 23.60 60.39
Average trader volume in ask side of LOB 0-5 0.14 2.32 1.70 0.23
Average trader volume in bid side of LOB 0-5 0.05 2.30 1.55 0.05
Average absolute imbalance of traders 0-5 0.23 0.25 0.39 0.21
Average ask volume of trader 11-20 0.92 0.84 0.27 0.03
Average bid volume of trader 11-20 1.13 0.83 0.24 0.00
Average daily directionality 0.27 0.04 0.13 0.15
Median resting time (milliseconds) 21,188 1,864 4,074 787
Average size of orders 950 298 365 420
Average size of orders SEK 333,843 25,716 268,420 65,500
Average size of orders Euro 29,693 2,296 23,931 5,848
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(a) Cluster visualization with PCA for week
13.

(b) Cluster visualization with t-SNE for
week 13.

(c) Cluster transition over 13 clustering ex-
ercises (each column represents 4 weeks
of trading data, i.e., weeks 1-4, 2-5, etc.).

(d) Stability of clusters for VOLVO across
the thirteen clustering exercises.

Figure 14: Results of k-means with four clusters.

Table 18 Statistics for traders in clusters 1, 2, 3 and 4 for VOLVO using hierarchi-
cal. Last four weeks of data.

Cluster 1 Cluster 2 Cluster 3 Cluster 4

Number of traders 33 10 10 29
Order count 929,747 26,534 106,820 43,258
Trade count 35,500 23,194 35,166 24,877
Order to trade ratio 26.19 1.14 3.04 1.74
Order count (%) 83.83 2.39 9.63 3.90
Trade count (%) 29.93 19.55 29.64 20.97
Liquidity taking trade count 8,854 20,365 3,857 20,865
Liquidity taking trade count (%) 16.40 37.73 7.14 38.66
Average trader volume in ask side of LOB 0-5 2.29 0.05 2.06 0.24
Average trader volume in bid side of LOB 0-5 2.28 0.06 1.86 0.09
Average absolute imbalance of traders 0-5 0.25 0.19 0.43 0.22
Average ask volume of trader 11-20 0.83 0.01 0.33 0.41
Average bid volume of trader 11-20 0.82 0.00 0.29 0.49
Average daily directionality 0.04 0.10 0.13 0.20
Median resting time (milliseconds) 1,912 14,583 3,437 16,925
Average size of orders 306 72 391 621
Average size of orders SEK 34,695 3,729 368,138 10,3800
Average size of orders Euro 3,096 333 32,819 9,268
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(a) Cluster visualization with PCA for week
13.

(b) Cluster visualization with t-SNE for
week 13.

(c) Cluster transition over 13 clustering ex-
ercises (each column represents 4 weeks
of trading data, i.e., weeks 1-4, 2-5, etc.).

(d) Stability of clusters for VOLVO across
the thirteen clustering exercises.

Figure 15: Results of hierarchical with four clusters.

Table 19 Statistics for traders in clusters 1, 2, 3 and 4 for VOLVO using spectral.
Last four weeks of data.

Cluster 1 Cluster 2 Cluster 3 Cluster 4

Number of traders 20 20 10 32
Order count 917,310 16,243 19,029 153,777
Trade count 31,387 19,596 1,321 66,433
Order to trade ratio 29.23 0.83 14.41 2.32
Order count (%) 82.94 1.47 1.72 13.90
Trade count (%) 26.36 16.45 1.11 55.78
Liquidity taking trade count 7,124 18,867 701 27,249
Liquidity taking trade count (%) 13.20 34.95 1.30 50.47
Average trader volume in ask side of LOB 0-5 2.32 0.00 0.13 1.51
Average trader volume in bid side of LOB 0-5 2.31 0.01 0.05 1.33
Average absolute imbalance of traders 0-5 0.25 0.16 0.23 0.37
Average ask volume of trader 11-20 0.84 0.00 0.90 0.24
Average bid volume of trader 11-20 0.83 0.00 1.10 0.21
Average daily directionality 0.04 0.19 0.27 0.13
Median resting time (milliseconds) 1,859 12,129 21,172 3,893
Average size of orders 296 58 932 422
Average size of orders SEK 51,318 810 850,943 139,838
Average size of orders Euro 4,567 72 75,789 12,485
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(a) Cluster visualization with PCA for week
13.

(b) Cluster visualization with t-SNE for
week 13.

(c) Cluster transition over 13 clustering ex-
ercises (each column represents 4 weeks
of trading data, i.e., weeks 1-4, 2-5, etc.).

(d) Stability of clusters for VOLVO across
the thirteen clustering exercises.

Figure 16: Results of spectral with four clusters
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