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The use of recommender systems to assist in the provision of financial asset and portfolio recommenda-
tions to investors is increasing, spanning a wide range of algorithms and techniques. Several strategies
have been devised for the evaluation of financial asset recommendations, with the two most prominent
perspectives measuring, respectively, (a) the money customers could obtain if they followed the recommen-
dations (profitability-based evaluation) and (b) the ability of models to predict future customer investments
(transaction-based evaluation). If customers are effective investors, we would expect these two perspectives to
be positively correlated. In this paper, we explore the actual relation between these two families of metrics.
Theoretically, we prove that these perspectives are independent. Furthermore, we perform experiments over a
large-scale financial recommendation dataset with real customer investment transactions. Surprisingly, we
find that transaction and profitability-based metrics are, in fact, negatively correlated. Moreover, algorithms
that actively learn from past customer transactions might lose money in the mid-term. A thorough analysis of
model performance and customer transaction patterns over time shows that this is due to customers failing
to consistently beat the market with their investments, with time appearing as an important confounding
variable — since the point of time where recommendations are provided and the investment horizon largely
affect the customer’s investment performance.
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1 INTRODUCTION

The digital transformation of financial organisations, along with the huge increase in the data
available to them has created a need for automated analytic and artificial intelligence tools for
the financial domain [54]. A prominent role has been assigned to financial asset recommender
(FAR) systems, since they are increasingly being used to identify potential investment opportunities
for retail customers and drive automated trading algorithms [26]. Algorithms for FAR typically
leverage past customer, asset and market information to identify a list of financial assets (stocks,
bonds, funds) for a customer, ranked by their suitability for investment to that customer. However,
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Fig. 1. Example of transaction-based and profitability-based evaluation of financial asset recommendations.
Transaction-based evaluation analyzes whether the recommended assets ("Recommendation”) are among the
assets the investor adds to the portfolio between the recommendation time t and the evaluation time t + At
("Investments between t and At" in the figure). Profitability-based evaluation studies whether the value of
the assets increases or decreases between recommendation (¢) and evaluation times (¢t + At).

how suitable an asset is does not only depend on the customer’s preferences (as in movie or music
recommendation [52]), but also on external factors, including the short or long term market returns,
the value of the currency used in the trading process, and the impact of governmental regulations
or global events like pandemics or wars [72].

Besides these external factors, FAR systems have to consider customer-related factors, aligning
recommendations with their user’s preferences and needs (e.g., financial risk tolerance, investment
horizon and investment capacity). These complexities show that the financial domain is markedly
different to traditional recommendation domains, and as such we cannot assume that observations
from those conventional domains will generalize to the finance space.

The development of effective evaluation strategies for FAR solutions is key to the advancement
of the field, as this enables both the sound comparison of solutions and is also a requirement for
training many of those solutions. However, the FAR field is clearly fragmented when it comes to
evaluation, with many competing methodologies having been proposed [12, 30, 33, 42, 71]. In this
work, we focus on two of these methodologies, namely: profitability-based evaluation [42, 44, 71]
and transaction-based evaluation [12, 30, 36, 70]. Profitability-based evaluation quantifies the money
that customers would earn or lose by investing in the recommended assets, using metrics like
return on investment. Meanwhile, transaction-based evaluation uses ranking metrics such as nDCG
to derive performance scores that compare the recommended assets against what the customers
chose to invest in. Figure 1 shows an example recommendation for an investor that is evaluated
by both kinds of evaluation: at the top, transaction-based evaluation is used in terms of nDCG; at
the bottom, profitability-based evaluation in terms of return on investment (ROI).

Given the increasing customer demand on personalized services in the financial sector [28], an
ideal financial asset recommendation algorithm would optimize both perspectives: the profitability
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of the ranked items and their likeness to be acquired by the different investors. Equally, both eval-
uation perspectives should be considered when testing the effectiveness of FAR models. However,
previous works [12, 30, 36, 42, 44, 70, 71] focused only on one of these perspectives, neglecting the
impact recommendations might have on the other. If customers invest intelligently, and thereby
profit from the market, a high correlation between these two metric families would be expected
- in that case, making transaction-based evaluation superior, as it would not only be able to mea-
sure profitability, but also incorporate the customer preferences. This would allow us to evaluate
FAR models based only on one family of metrics and avoid the complexities of multi-objective
recommender systems [24]: indeed, we would just need to predict the preferences of our customers.

However, given the complexity of the financial domain, we cannot assume that this hypothesis
holds. For example, a recent study on the Robinhood service shows that retail investors are not
unlikely to acquire "experience holdings" [64]: i.e., financial assets chosen for reasons separate from
their cash flow. If the hypothesis does not hold, we might observe cases like the one illustrated in
Figure 1. In the example, while the recommendation matches the user preferences (the four first
assets in the ranking correspond to customer investments), it causes the user to lose money (as
the four preferred assets are not profitable). Hence, in this paper, we compare profitability and
transaction-based evaluation methodologies both theoretically and empirically to validate whether
predicting future customer investments leads to more profitable investments. Theoretically, we
compute the expected correlation between any profitability-based metric and any transaction-based
metric. Empirically, we first deploy a diverse set of 12 FAR approaches using a range of pricing and
transaction features, providing a representative sample of popular solutions. Over a large-scale
financial investment dataset, we then evaluate these solutions over a 2-year period using both
profitability and transaction-based metrics to assess whether those metrics are positively correlated,
followed by an in-depth analysis of the factors that influence the value-add of real investment
transaction data (and hence transaction-based evaluation and models based on this data).

This paper continues a previous study [51] where we performed an initial empirical comparison
over a 1-year period between two representative metrics: nDCG, as a transaction-based metric, and
return on investment as a profitability-based metric. Our initial results showed that these metrics
are negatively correlated and identified three different confounding factors that could affect that
correlation: customers failing to beat the market with their investments, a tendency of customers
to favour different investment lengths and the impact of global events. We expand this work as
follows:

(1) We provide a theoretical analysis of the relation between transaction-based and profitability-
based metrics.

(2) We extend our previous empirical analysis to a longer time period (2 years instead of 1) to
cover diverse market conditions.

(3) We provide a deeper exploration of the three confounding variables, performing experiments
to understand their effect on transaction-based metrics.

The primary contributions of this paper are as follows:

(1) We formalize the properties that define transaction-based and profitability-based metrics
for FAR evaluation. Using these properties, we mathematically prove that transaction-based
metrics are independent from profitability-based metrics for the FAR task.

(2) We evaluate 12 FAR approaches over a recent real-world financial pricing and transaction
dataset (spanning from January 2018 to November 2022), including profitability prediction,
personalized collaborative filtering and hybrid strategies that are rarely compared. Our
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experiments demonstrate that approaches that leverage real customer transaction data per-
form poorly, and that, empirically, profitability and transaction-based evaluation metrics are
negatively correlated.

(3) Through an in-depth analysis of model effectiveness and customer investment behaviour, we
show that customer transactions are problematic as a source of evidence of financial assets,
since customers are often unable to improve the market with their investments and success
depends on a combination of the asset purchase time and the (largely unknown) asset holding
time.

This work is organized as follows: In Section 3, we formalize the FAR task and introduce the
basic notations we shall use throughout the paper. Then, Section 2 summarizes previous works on
FAR, with a special focus on evaluation perspectives. Section 4 introduces the research questions
we address in this work. Section 5 formalizes profitability-based and transaction-based metrics
and analyses the theoretical relation between these metrics. Section 6 introduces the experimental
setup for empirically comparing both perspectives with Section 7 reporting our empirical results.
Afterwards, Sections 8 to 11 provide an in-depth analysis of the factors affecting the empirical
correlation between different evaluation perspectives. Finally, we conclude our paper in Section 12.

2 RELATED WORK
2.1 FAR Approaches

The financial domain has inspired a wide variety of techniques for suggesting products on which
to invest, based on many sources of information, including investment transactions, pricing data,
news and social networks, among others. In our later experiments, we evaluate 12 different recom-
mendation approaches from the literature, hence we summarize the main classes of FAR approach
below for reference.

2.1.1  Price-based models. Price-based or asset-based recommenders are FAR algorithms that only
consider asset-related information (e.g., prices, news) to suggest useful investments [44, 63, 66].
These methods consider the continuous changes in the market to suggest useful investments.
Therefore, the nature of the data they leverage is dynamic over different points in time: prices
change every few seconds when the markets are open, news refer to specific time points, etc. Since
they only use data about financial assets, these algorithms ignore all available customer information,
providing non-personalized suggestions [72]. Due to the absence of standardized FAR datasets with
access to customer information, this category encompasses the majority of previous FAR works.

The most representative group of algorithms — and the ones we deploy in this paper — are the
profitability prediction models. These approaches predict the future value of key performance
indicators such as the assets’ returns [15, 23, 46, 65, 66]. The simplest methods in this category
apply regression algorithms to estimate the values for each asset, based on prices, fundamental
information and technical indicators. Algorithms considered for the task include linear regression,
random forest [66], SVM [23], multi-layer perceptrons [46] and LSTM [3].

More complex works addressed profitability prediction as a ranking task where, instead of
just predicting the future value, they aim to identify the most profitable assets. Zheng et al. [71]
constitutes an example of these methods, which applies collaborative filtering to exploit similarities
between pricing time series for its pointwise prediction. Other works applied pre-existing learning
to rank [32] models such as LambdaRank or Deep RankNet for the task [2, 3]. Since these algorithms
commonly require discrete relevance degrees instead of continuous target values, these works
discretize the return values. In this vein, works like Feng et al. [15] considered point-wise and
list-wise losses during their training process.
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Finally, some papers have considered alternative sources of information such as news, social
media sentiment or knowledge graphs to develop asset recommendation methods. Song et al.
[55] trained ListNet and RankNet models to predict future returns of assets by leveraging pricing
information and news sentiment. Meanwhile, Qin et al. [45], Sun et al. [57] and Tu et al. [63]
estimated the growth of stocks from the aggregated sentiment of investors towards the stocks in
social networks like StockTwits and Guba. Moreover, some works incorporated financial knowledge
graph information into learning to rank methods for estimating asset returns [14, 22, 65].

2.1.2  Transaction-based recommendations. These models [17, 30, 33, 42, 70] use past customer
transactions as the main source of information used to estimate the utility of the assets. These
methods can integrate further information to generate recommendations, and can be divided into
five different categories depending on what information types they use: collaborative filtering,
content-based, demographic, knowledge-based and social-based algorithms. In this work, due
to data availability, we focus only on collaborative filtering and demographic models, but, for
completion, we provide a brief description of past works in all these areas.

Collaborative filtering: recommenders are based on the principle that similar customers invest
in similar assets, and similar assets are acquired by similar people [49]. These methods require
interactions between customers and assets (for example, transactions from investment logs). Some
notable collaborative filtering methods have been developed for financial asset recommendation.
First, Lee et al. [30] introduced a fairness-aware matrix factorization method for suggesting loans
to fund. They modified the matrix factorization approach with a BPR loss [47] to drive lenders to
less popular loans. Zhao et al. [70] developed a loss function for probabilistic matrix factorization
based on mean-variance portfolio optimization [34]. Barreau & Laurent [4] proposed the use of
a convolutional network-based algorithm, which enhances the user and item embeddings with
historical embeddings (averaging the embeddings of their last few transactions) for suggesting
government bonds on which customers might wish to invest. They expanded their work in [16]
to discount the utility of past customer interactions and give more importance to the most recent
ones. Then, Bogaert et al. [5] applied user-based and item-based nearest neighbor models to
recommend financial products to banking customers. Finally, Gonzales & Hargreaves [17] used the
past behaviour of customers to cluster them into groups and train classic collaborative filtering
methods for every group to recommend stocks.

Content-based: recommenders extract the investment preferences of customers based on a static
analysis of assets that they have previously invested in, with the aim of identifying similar products
that those customers have not seen before [49]. As a representative algorithm in the financial
domain, Luef et al. [33] designed an algorithm that first builds customer profiles according to
static features such as the market sector or the life cycle of the enterprises on which customers
invested previously. Then, the customer profile is matched with the financial products using Jaccard
similarity to rank those products.

Demographic: recommenders consider personal information about customers as a means to
identify similar investors [49]. An example of these models in financial recommendation is the work
by Takayanagi and Izumi [60], who incorporated domain-specific personality traits into neighbor
models.

Knowledge-based: systems apply specific domain knowledge about how different items meet
the user needs and preferences [7]. Several approaches have been proposed under this category
for producing financial recommendations. Gonzalez et al. [18] proposed an investment portfo-
lio advisor based on fuzzy logic for matching customers and assets according to psychological
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and social characteristics, while Musto et al. [40-42] designed investment portfolio case-based
recommendation algorithms that factor in the risk aversion level of customers.

Social-based: recommenders [62] consider social connections (like follow relations in networks
such as Twitter/X) to generate recommendations. For instance, Luef et al. [33] proposed a trust-
aware strategy, where customers are required to specify other investors they trust, who could then
be leveraged to identify assets to recommend.

2.1.3  Hybrid recommendations. These algorithms [8] combine several techniques and information
sources to provide recommendations. This combination allows models to overcome the limitations
of simple models. In the investment domain, a majority of the hybrid recommendation approaches
combine past investment features with temporal information about the assets (e.g., prices, technical
indicators) [12, 36, 58—61].

An early work in this space was that of Chalidabhongse and Kaensar [12], who trained an
adaptive model to learn from past investments, financial technical indicators and demographic
data about the customers. Matsatsinis and Manarolis [36] combined collaborative filtering and
multi-criteria decision analysis to generate a utility score for equity fund recommendation. Yujun
et al. [67] proposed another one of these methods, formulated as a demographic user-based kNN on
which, instead of finding similarities between past investments, the answers to a risk assessment
questionnaire are considered to determine whether pairs of customers are similar to each other or
not. Then, the method re-ranks the assets according to the big order net inflow. Swezey and Charron
[58] re-ranked the outcome of a collaborative filtering matrix factorization approach using the
weights obtained in a portfolio optimization [34] process. Takayanagi et al. proposed two different
deep learning models: first, in [61], they combined an investor modeling module that learns from
technical indicators, financial statements, business overviews and past customer transactions with
a context module inspired by the NeuMF [21] model; and second, in [59], they considered historical
tweets by investors as transactions, and combined them with technical indicators to predict the
interest of users in particular stocks. Finally, Lee et al. [31] propose a model based on temporal
graph convolutional networks that considers the profitability of the assets and the preferences of
users. For this, during training, they sample contrastive pairs using principles from mean-variance
portfolio theory [34].

Other methods combined different types of data. For instance, Luef et al. [33] proposed a hybrid
method that combines both the content-based and knowledge-based components. Later, Kubota
et al. [29] leveraged card transactions and mobile usage app statistics from customers to identify
companies they have interacted with in the past, and recommended these companies for potential
stock investments.

As we can observe in this short review, many diverse algorithms have been proposed for fi-
nancial asset recommendation. However, which approaches are the most effective is still largely
unknown because the approach types are rarely compared, and as we will discuss next, there is
little agreement on how success should be defined for these approaches. In our later experiments,
we compare 12 distinct approaches, drawn from across the profitability prediction, collaborative
filtering, demographic, and hybrid classes (the other classes are omitted from the comparison due
to cost or data unavailability).

2.2 Evaluating Financial Recommendations

In any research environment, a commonly agreed upon and experimentally sound strategy for
evaluating the different approaches is critical [68]. For the classical recommendation tasks, such as
movie recommendation, researchers and practitioners have found that implicit interactions such as
clicks on movies, or explicit ratings function well as a surrogate for whether a user is satisfied with
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a recommendation. However, in the financial domain, whether a customer will be satisfied with an
asset is more difficult to measure, since it depends on more than the inherent properties of the asset,
such as the market conditions and the amount of time the customer wants to invest for [31, 37]. This
complexity has resulted in a range of competing methods, namely: (i) transaction-based evaluation
[36, 61, 70]; (ii) profitability/performance based evaluation [3, 14, 15]; (iii) expert-based evaluation
[33, 58]; as well as (iv) hybrid methods that combine one or more of these methods with additional
aspects such as the customer’s risk appetite or the asset class preferences [66, 71]. This lack of a
standardized and agreed upon evaluation method is problematic when evaluating systems, as prior
works tend to only use one, or in rare cases, two of these methods. Hence, there is a clear need
for research efforts to understand and standardize the use of these methods. Below, we summarize
these evaluation methods and then discuss transaction and profitability-based evaluations in more
detail in Section 4, as these are the focus of our study.

Profitability/Performance Evaluation: In FAR systems, the core goal of the customer is to
maximize their profit. As it aligns with their goal, the real-world performance of recommended
assets is a natural proxy to customer satisfaction. Metrics used under this type of evaluation attempt
to quantify the benefits (or losses) that a customer might obtain by investing in a recommended
asset. However, profitability is complex to measure, since even if we have future pricing data, when
the customer will actually ‘cash-out’ is unknown. Because of this, it is common for these measures
to be defined over a fixed period of time, which differs between previous works (from days [3]
to years [44, 71]). The primary limitation of this type of metrics is that it ignores the customer’s
situation, and it cannot measure the personalization of the recommendations or consider the risk
appetite of the investor [71]. Performance is usually measured in three different ways:

e Technical indicators: Metrics within this category directly compute key performance
indicators such as net profit or return on investment over a fixed period of time. Depending on
previous works, the key performance indicators are computed over a single date [40, 41, 44, 46]
or they are aggregated over multiple dates [14, 15, 23, 57, 63].

e Regression error: In the case of regression models, it is possible to estimate the distance

between the predicted returns and the real returns of the recommended assets using metrics

such as mean average error (MAE) or rooted mean squared error (RMSE). Several previous
works apply these metrics [3, 14, 15, 66]. However, these metrics are not useful for algorithms
targeting objectives different from returns prediction.

Ranking metrics: Finally, inspired by information retrieval, some previous works have

adapted ranking-based metrics like precision, recall, nDCG or MRR to evaluate the profitability

of assets. MRR is the most commonly used metric, computed in this space as the average

reciprocal rank of the recommended assets in the ground truth profitability ranking [14, 15, 22].

Similarly, Hsu et al. [22] computed precision as the proportion of recommended assets in the

top k positions of the ground truth ranking. Alternatively, Alsulmi [2] adapted the precision

and nDCG by establishing multiple relevance degrees based on the profitability values of the
assets.

In this paper, we focus on the first family of performance-based metrics, those based on technical
indicators, as they represent the most established metrics in the community. Our theoretical analysis
also covers ranking metrics, but we leave their empirical study for future work. We chose to exclude
error metrics from both our theoretical and empirical analyses for two reasons: first, not all tested
approaches aim to predict future profitability/pricing of assets (providing an unfair advantage to
methods that do so); second, we aim to provide a short list of recommended items to customers —
and error metrics over the whole item set do not necessarily reflect algorithm performance at the
top results [13].
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8 Sanz-Cruzado et al.

Transaction-based Evaluation: For non-cold-start investors, their past transaction history con-
taining buy and sell actions may be available. It has been hypothesized that these transactions are
a good alternative measure for customer satisfaction, since if the customer chose to invest in some-
thing then this is a strong signal that they like it. Moreover, under the assumption that customers
invest intelligently and hence make a profit, metrics based on these transactions should positively
correlate with the profitability metrics. In this way, it is theorized that transaction-based evaluation
is a superior method if such transaction data is available. Transaction-based evaluation re-uses
metrics from the information retrieval domain, such as precision [12, 36, 70], recall [36, 70] and
normalized discounted cumulative gain (nDCG) [61, 70], among others. Notably, transaction-based
evaluation is equivalent to classical recommendation evaluation using explicit interactions [11, 19],
whereas the buy transactions are similar to positive ratings and the sell transactions are simi-
lar to negative ratings. In practice, transaction-based evaluation using non-synthetic data is still
under-researched in the literature, primarily due to the lack of publicly available data (since logs of
individual customer investments are naturally considered sensitive).

Expert-based Evaluation: This method involves the participation of domain experts to establish
what constitutes a good recommendation for a customer. Experts have a deep understanding of the
prevailing market conditions, the historical asset performances and the different factors that might
influence the market evolution. Consequently, they are capable of providing advice on the long and
short term viability of investments. However, it can be difficult and costly to obtain access to such
experts. There are many ways to leverage expert judgments for evaluation, such as comparing the
recommended assets with the expert’s asset selection using accuracy metrics such as precision,
recall or F1 [18]. Previous works have also experimented with manually showing recommendations
to experts for their assessment [58].

Hybrid Evaluation: Due to the multiple factors that influence what a customer might value in an
asset, hybrid approaches have been proposed, which combine multiple asset, customer and market
features together to produce a single score for an asset. A simple example is the Sharpe Ratio [71],
which represents a ratio between the profitability of a product and its volatility (risk). However, as
we show from our literature survey in Table 1, these hybrid measures are rarely reported in the
literature, likely due to the additional complexity when attempting to interpret such measures.

Of these four classes of evaluation methods, profitability / performance evaluation is by far the
most frequently used method in the literature as shown in Table 1 (likely due to the high availability
of asset pricing data). However, this method has clear limitations due to its customer-agnostic na-
ture. On the other hand, transaction-based evaluation intuitively seems to be a more comprehensive
metric, as it is based on real customer interactions. However, there are a number of caveats around
whether this type of evaluation would be effective in practice — since it assumes the customers
are effective investors. Hence, in the remainder of this paper, we investigate to what extent this is
the case, by comparing how profitability and transaction-based metrics perform over a real pricing
transaction dataset when evaluating a wide range of FAR approaches.

3 NOTATIONS AND FAR TASK DEFINITION

FAR systems are concerned with two groups of entities: the customers/users who are interested
in investing (which we shall denote by u € U) and the financial assets/items they can invest in,
(which we denote by i € I). At a given time, ¢, customers can purchase or sell the different financial
assets at a given price, price(i, t), which varies over time according to supply and demand. We
define by I,(t) C I the set of financial assets a customer u has interacted with at some point before
t. We divide this set into two subsets: I} (t) and I, (t), representing, respectively, the assets that u
has bought and sold before ¢. The goal of a FAR system is then to rank the available financial assets,

ACM Trans. Inf. Syst., Vol. 1, No. 1, Article . Publication date: December 2025.



Investors Are (Not) Always Right 9

Table 1. Comparison of recommendation techniques and associated evaluation strategies reported across 35
research papers.

Evaluation method

Transaction- Profitability- .
FAR Approach based based Expert-based Hybrid
[2, 3, 14, 15, 22,
Price-based 23, 44-46, 55, [3, 45, 66, 71]
57, 63, 66, 71]
Transaction-based [4, 5, 16, 17, 30, 60, 70] [17,40-42] [18, 33]
Hybrid [12, 29, 31, 36, 59, 61] (31, 67] [33, 58] [31]

R, c I\ I,,(¢t) that are unknown to the customer u (i.e., those they have not interacted with in the
past), based on their investment suitability (i.e., how adequate an asset might be for a customer).

4 PROBLEM FORMULATION

Following the definition of the transaction-based and performance-based evaluation perspectives
in Section 2.2, it is clear that they represent complementary strategies for assessing the quality
of investment recommendations. Therefore, an ideal FAR system should target the optimization
of both angles: helping customers increase the money they earn from their investments while
tailoring recommendations to their individual preferences.

Table 1 illustrates the evaluation methodology of 35 FAR algorithms from the literature. Each
row represents a family of algorithms, whereas every column represents an evaluation perspective.
By observing the table, it is possible to observe the fragmentation of the evaluation procedures: the
transaction-based and hybrid strategies typically evaluate their ability to predict future customer
investments (transaction-based evaluation), whereas the price-based methods are mainly assessed
by their capability to recommend profitable assets (performance-based evaluation). Although the
use of both evaluation perspectives results in a more complete analysis of the recommendations’
utility, only Gonzales and Hargreaves [17] and Lee et al. [31] reported both perspectives: in the
first case, profitability-based evaluation is only used to check whether their best algorithm in
terms of MAP@10 provides profitable recommendations, but it is not compared to others regarding
profitability; in the second study, both perspectives are evaluated for the whole set of tested models.

In a hypothetical scenario where both evaluation perspectives were highly correlated, we would
be able to focus on a single group of evaluation metrics: by identifying the set of assets in which
customers were interested, we would be able to suggest profitable investments and vice-versa.
However, whether there is a relation between these two perspectives still needs to be established.
We therefore explore the relation between profitability and transaction-based evaluation from
both theoretical and empirical points of view. First, we explore the theoretical expectations in the
relation between both groups of metrics. Afterwards, we experimentally compare financial asset
recommendation algorithms targeting each of the perspectives, and provide an empirical analysis
of the relation between the two families of metrics. Finally, we explore which factors affect the
relation between the metrics.

Overall, this paper investigates three research questions:

e RQ1: What is the theoretical relation between transaction-based and profitability-based
metrics for evaluating financial asset recommendation systems?
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e RQ2: What is the empirical relation between transaction-based and profitability-based metrics
for evaluating financial asset recommendation systems?
e RQ3: What are the main factors that influence transaction-based metrics?

Section 5 explores RQ1. The experimental setup for our empirical experiments is provided in
Section 6. Then, Sections 7 and 8 answer the empirical research questions, RQ2 and RQ3, respectively.

5 RQ1: THEORETICAL ANALYSIS

In this section, we explore the relation between relevance-oriented transaction-based metrics such
as nDCG, precision and recall and profitability-based metrics such as return on investment from
a theoretical viewpoint. We aim to gauge whether there are any theoretical guarantees on the
correlation between the two families of metrics. In the case those guarantees existed, they could
support the hypothesis that developing algorithms improving one of the evaluation perspectives
also improves the other. To perform such a theoretical analysis, we first provide formal definitions
for the evaluation metrics in the context of financial asset recommendations.

Definition 5.1. An evaluation metric is a function m : U x R x T x R* — R, where U
represents the set of all possible customers, R represents the set of permutations of the set of assets
I, T represents the possible timestamps where a recommendation can be provided to the customer
and the fourth element R* is the length of the test period.

In this theoretical analysis, we assume that all customers are different and, therefore, invest on
different sets of assets. Therefore, given a time point ¢ and a time horizon At, a customer u € U
is unequivocally defined by two sets: (a) the set of assets in which u has invested before time t,
I,(t) € I and (b) the set of acquisitions in the following time period (¢, t+At): I} (t+At)\Z,(¢) € 1.
Although in empirical scenarios several investors might share the same past and future transactions,
this assumption is reasonable from a theoretical perspective. As we shall prove later, the studied
metric values only depend on these two sets.

Definition 5.1 applies to any metric we can use for the evaluation of FAR algorithms, regardless
of its nature or the underlying information it uses. For instance, nDCG(u, R, t, At) indicates the
value of the transaction-based nDCG metric [25] for customer u when we serve this customer
the recommendation R, at time t, and take all the information in the (¢,t + At) period as test,
with At representing the length of the test period. In the recommender systems field, however,
it is uncommon to consider the full ranking in the evaluation [11, 19]. Customers typically see a
small fraction of the recommendation ranking, containing the top recommended assets. Hence, it
is common to apply a rank cutoff to the recommendation ranking in the evaluation process. We
therefore provide a formal definition for a metric at cutoff k:

Definition 5.2. Given k € IN, an evaluation metric at cutoff k is a function m@k, where
m@k : U X R@k X T x R* — R where R@k is the set of possible rankings of size k that can be
built from I (all the possible permutations of k different elements taken from 7).

Following the previous example, nDCG@10 indicates the value of the nDCG metric [25] when
we explore only the top 10 assets in the recommendation ranking. In this work, following common
practice in the recommender systems community, we consider only metrics with cutoffs. If a ranking
R with more than k elements is provided to a metric at cutoff k, we shall assume the metric only
considers the first k elements.

In the rest of this section, we shall provide formal definitions for the properties that the
transaction-based and performance-based metrics we compare in this article must satisfy. Then, we
shall explore the theoretical relation between the two families of metrics. We summarize in Table 2
all the notations that we shall use throughout this section.
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Notation Meaning
U Set of customers.
I Set of financial assets.
T Set of all possible timestamps.
Z,(1) Set of financial assets a user u € U has interacted before time t.
(1) Set of financial assets a user u € U has acquired before time ¢.
17 (1) Set of financial assets a user u € U has sold before time t.
R Set of all possible rankings (permutations of assets in 1).
R@k Set of all possible rankings of size k that can be built from 7.
m Evaluation metric.
m(u, R, t, At) Value of a metric for a user u € U, and a ranking R in the test period (t, ¢t + At).
m@k Metric at cutoff k.
|S| Number of elements in set S.
rel, (t,At) = I*(t + At) \ 7,(t) Relevant assets for user u € U in the time period between ¢ and t + At.
price(i, t) Value of an asset i € I at time ¢.
p(i, t, At) Performance function of asset i for a profitability-based metric.

Table 2. Summary of the notations used in the theoretical analysis.

5.1 Transaction-based Metrics

We first provide a definition for the properties that a transaction-based metric has to satisfy.
Transaction-based metrics provide an estimate of the relevance of the recommendation ranking
for the users. Most of the metrics within this category were originally devised for information
retrieval: e.g., precision, recall, reciprocal rank, average precision, or nDCG. In order to formalize
these metrics, we first need to provide a definition of the relevance of an asset.

Definition 5.3. Anasset i is relevant for a customer u in the (¢, t+At) periodifi € I} (t+At)\Z,(¢),
i.e. if the customer acquires i for the first time in the test period (¢, t + At). We denote the relevant
set of assets for a customer u between t and ¢t + At as rel, (¢, At) = I (¢t + At) \ I,,(t)

Considering this notion of relevance, we can now formalize the fundamental properties of
transaction-based metrics. For the task, we take the work by Moffat [38] as a foundation. However,
there are two differences in our formalization: first, we do not consider graded notions of relevance
[25]; second, where the properties proposed by Moffat [38] represent those that an ideal information
retrieval metric should satisfy, we aim to define properties that any relevance-based metric must
satisfy — therefore we define less restrictive properties. We divide our properties in three categories:
relevance promotion, asset identity independence and customer equivalence properties.

5.1.1 Relevance promotion properties . The first set of properties focuses on the position of relevant
assets in the recommendation ranking. The basic principle of these metrics indicates that having
relevant assets in the ranking is better than not having them, and the closer those relevant assets
are to the top positions of the ranking, the better. We consider two properties within this category:

o Inter-ranking relevance promotion (InterRP): Given fixed u, t, At, and given | € IN with
1 < I < k and two recommendation rankings, R\, R C I \ I,(t) with R/ = [i{, . ..,ii] such

that il = i2 forn # L. Ifll1 is relevant (1,1 € rel,(t, At)) and il2 is not (ll2 ¢ rel,(t,At)), then,

m@k(u, R, t, At) > m@k(u, R% t, At).

This property ensures that evaluation metrics favour recommendation rankings with a larger

number of relevant assets in the top ranks. To do this, it indicates that, if a non-relevant asset

in the ranking is swapped with a relevant asset, the value of the metric shall increase. Moffat

[38] refers to this property as convergence.
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e Intra-ranking relevance promotion (IntraRP): Given fixed u,t, At, and givenl;,l, € N

with1 < I < Iy < k and two recommendation rankings R, R? ¢ I \ 1,(t) withR/ = [l{ 1£]
suchthatil = i2 forn # 13,1, and ill1 = ilz2 =j andill2 = ilz1 = jo.If j1 isrelevant (j; € rel,(t, At))
and j, is not (jo ¢ rel,(t,At)), then, m@k(u, R%, t, At) > m@k (u, R?, t, At).
This property is a relaxed version of the top-weightedness property defined in [38] and
favours the presence of relevant assets in the first positions in the ranking - at least, moving
a relevant asset from lower positions in the ranking to higher positions does not diminish
the value of the metric. The original version of the property establishes a strict increase in
the metric when this occurs — but, as this effectively excludes well-known metrics such as
precision or recall, we apply a more relaxed version in this work to define the properties of a
transaction-based metric.

5.1.2  Asset identity independence properties. This group of properties ensures that the value of the

metric only depends on the relevance judgments — and not on the identity of the assets. They are
meant to prevent unfair situations where an asset is given more importance than others with the

same relevance for its particular characteristics. Instead, the value of a transaction-based metric
should only depend on the number of relevant assets and their position in the recommendation

ranking. We define two properties in this category that a transaction-based evaluation metric must

fulfill':

e Asset identity independence 1 (AII1): Given fixed u, t, At and two assets ji, j, € I \ 1,(¢)
such that j; € rel,(t,At) &= j; € rel,(t,At) (i.e., they are either both relevant or both
non-relevant for customeru). Given1 < l; < I, < |1 \ 1,,(t)| and two recommendation rankings
RLR?2 withR/ = [1{, ’iljf\fu(t)l] such that, for alln # 13,1, i,ll = ifl, and ill1 = 1'122 = j; and
ii = ill2 = j,. Then, m@k(u, R%, t, At) = m@k (u, R, t, At).

This property establishes that, given two equally relevant assets in the recommendation

ranking, we can swap their positions without affecting the value of the metric.

Asset identity independence 2 (AI12): Given fixed t and At, let u,v be two customers such

that 1,,(t) = 1,(t) and |rel,(t, At)| = |rel,(t, At)|. Let jy, jo, € I \ Z,,(t) such that:

— ju € rel, (2, At) (jy is relevant for u)

— Jo € rely(t, At) (j, is relevant forv)

- rel, (t, At) \ rely(t, At) = {ju} (ju is not relevant for v, and the rest of relevant assets for u are
also relevant forv)

— rel,(t, At) \ rel, (¢, At) = {ju} (o is not relevant for u, and the rest of relevant assets for v are
also relevant foru)

Given1 <y <, < |I \ 1,| and two rankings R, R, C I \ 1,,(t) withR; = [i{, e ’i{]\fu(t)\]

such that: foralln # I, 1y, il = i7, and iZ = i;’z = j, and i;; = iZ = j,. Then, m@k(u, Ry, t, At) =

m@k (v, Ry, t, At).

This property establishes the behaviour of metrics when two customers differ on a single

relevant asset (j, being relevant to u and j, being relevant to v). If we have two rankings

differentiated only by a swap in the positions of j, and j,, the value of the metric for u and v,

respectively, should be the same.

5.1.3 Customer equivalence. Finally, we define another property, which controls that, if we have

two customers with the same relevance judgments (i.e., they both first invest on the same assets

ITo simplify the definition of these properties, we assume that the size of the rankings is equal to all the recommendable
assets. That way, we do not need to care whether assets appear or not in the top k.
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for the first time during the test period) and a ranking that can serve as a recommendation for both
of them, then, the value of the metric for that ranking is the same for both users:

e Customer equivalence (CE): Given fixed t and At, let u, v be two customers and i € T
an asset such that 7,(t) = Z,(t) U {i} and rel, (t, At) = rel,(¢, At). If there is a ranking
R\ Z,(t) = R\ Z,(t) = R (i.e., it can be used as a recommendation for both u and v), then
m@k(u, R, t, At) = m@k (v, R, t, At).

5.1.4 Additional properties. Given the previous set of properties, it is possible to prove that the
value of a transaction-based metric depends only on (a) the position of the relevant assets in the
ranking and (b) the number of relevant assets. This can be expressed through the following theorem:

THEOREM 5.4. Given a transaction-based metric m, I a set of assets and a test period (t, At). Let
u,0 € U be two customers and R, = [if,...,i] € T\ L,(t),R, = [if,...,i}] € T \ Z,(t) are two
recommendation rankings such that:

(1) VL, i} € rel,(t,At) & i} € rely(t, At) (the asset in the I-th position of ranking Ry, is relevant

foru if and only if the asset in the I-th position of ranking R, is relevant forv)

(2) |rel, (t, At)| = |rely(t, At)| (the number of relevant assets is the same for both customers)

Then, m@k (u, Ry, t, At) = m@k(v, Ry, t, At)

Proor. For conciseness, we provide here a sketch of the proof. A thorough proof of this theorem
is provided in Appendix A.1. In order to prove this theorem, we first need to simplify the conditions.
For this, we can use the CE property to find two equivalent customers, u’,v” with 7, () = 7, (t) = 0
such that m@k(u’, R, t, At) = m@k(u, Ry, t, At) and m@k(v’, Ry, t, At) = m@k(v, Ry, t, At). It is
then enough to prove the theorem for the particular case where 7, (¢) = Z,(t) = 0. For the proof,
we gradually transform u and R, into v and R, making use of properties AIl1 and AII2. Since
AII1 and AII2 preserve the value of the metric, by only using these two properties, we prove that
m@k(u, Ry, t, At) = m@k (v, Ry, t, At). O

We shall use this theorem in Section 5.3 to provide a value of the correlation between transaction-
based and profitability-based metrics.

5.2 Properties of Profitability-based Metrics

We next formalize the definition of profitability-based metrics. This group of metric considers
only pricing information to determine whether a recommendation is of good quality. Examples of
performance-based metrics include the average return of investment or the average net profit, as
well as more complex measures inspired from the information retrieval and recommender system
domains [22]. We only formalize here those metrics based on technical indicators and rankings -
As previously mentioned, we leave the error metrics out of our formalization, since they cannot be
applied to all models. We provide the following definition for the profitability of an asset:

Definition 5.5. A recommended asset i is profitable if it increases its value in the (t, At) time
interval (with At fixed), i.e., if price(i, t) < price(i, ¢ + At).

Profitability-based metrics often establish degrees of profitability for the different assets. These
degrees are defined by a performance function p : 7 X T x R* — R, where I represents the set of
assets, T the possible recommendation timestamps and the third element indicates the length of the
evaluation period. The performance function needs to satisfy that, for every two assets i, j such that i
is profitable (price(i, t+At) > price(i, ¢)) and j is not (price(j, t+At) < price(j,t)), then p(i, t, At) >
p(j, t, At). Every pricing-based metric has one of these performance functions associated to it.
Examples include the net profit of the asset, the return on investment or the ranking of the asset
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in the ground truth. In case the metric does not aim to compare different degrees of profitability,
it is enough to define p as 1 when the asset is profitable, or as 0 when the asset is not profitable.

We can use this definition to provide multiple properties. Note that, as mentioned before in
Section 2, the properties proposed here exclude error-based metrics like RMSE or MAE, measuring
the difference between the predicted and the real profitability of the assets. The reason behind
this exclusion is two-fold: first, many recommendation approaches do not perform profitability
estimations (and therefore, error metrics are not suitable to evaluate them); second, as we only
focus on the top ranking positions, having a low error score does not necessarily lead to the
recommendation of profitable assets. Therefore, we have excluded these metrics from our study
and from our definitions for profitability-based metrics.

We can differentiate two groups of properties: profitability promotion and customer indepen-
dence.

5.2.1 Profitability promotion properties. These metrics consider that good FAR algorithms should
return the most profitable assets in the first positions of the ranking. We can define three metrics
within this group:

o Inter-ranking positive profitability promotion (Inter3P): Given fixed u, t, At, and given
I € N with1 < I < k and two recommendation rankings, R\, R> ¢ T\ I, (t) withR/ = [1{ ii]
such that iy, = i}, forn # L. If i} is profitable and i} is not profitable, then m@k (u, Ry, t, At) >
m@k(u, Ry, t, At).

This property is equivalent to the inter-ranking relevance promotion we defined for the
transaction-based metrics, but considering profitability instead of relevance. It ensures that,
if we substitute in our recommendation ranking an asset losing money with another one
increasing its value in the test set, then the value of the metric increases - i.e., the metric
values recommendation rankings with profitable assets.

Inter-ranking higher profitability promotion (InterH2P): Given fixed u, t, At and given
I € N withl <1 < k, and two recommendation rankings, RLR? ¢ T\ I,(t) withR/ =

[i], ... ii] such that il = i3 forn # L. pr(ill,t, At) > p(ilz,t,At), then m@k(u, Ry, t, At) >
m@k(u, Ro, t, At).

This property ensures that the result of the metric does not decrease when we substitute an
asset in the ranking by a similar or more profitable asset. The definition of the performance
function p used here is not independent of the evaluation metric — we are referring here to
the specific definition used for the metric.

Intra-ranking higher profitability promotion (IntraH2P): Given fixed u, t, At, and given
Ii,l; e Nwithl < I} < Il < k and two recommendation rankings RLR? ¢ T\ I,(t)
with R/ = [i{, ii] such that i, = i% forn # 1,1, and j; = ill1 = 1'122 and j, = ill2 = ilzl, If
p(in, t, At) > p(jo, t, At), then m@k(u, R%, t, At) > m@k(u, R%, t, At).

This property, similarly to the intra-ranking relevance promotion property of the transaction-
based metrics, favors the presence of the most profitable assets in the top positions of the

recommendation ranking.

5.2.2 Customer independence properties. This group of properties establishes that the value of the
profitability-based metrics must only depend on the price of the recommended assets — and not on
the customer who receives the recommendation. This is defined by the following property, which
expects the score of the performance-based metric to be the same for two different users receiving
the same recommendation:
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e Customer independence (CI): Given fixed t and At, if we have two customers, u,v and
a recommendation ranking R = [iy, ..., ix| such that R ¢ I \ I,(t) and R C I \ L,(t), then
m@k(u, R, t, At) = m@k (v, R, t, At).

5.3 Theoretical Relation Between Transaction-based and Profitability-based Metrics

We finally study whether there is a matching behavior between the two families of metrics and
whether we can use them interchangeably. Following the previously defined properties, it is possible
to prove that, from a theoretical point of view, we cannot use them interchangeably. The reason is
that, if we take one metric from each family, their values are independent. We formulate this in the
following theorem:

THEOREM 5.6. Givenk > 1, a fixed test period (t,t+ At) a set of financial asset I , and a transaction-
based metric mrr@k and a profitability-based metric mpp@k. Over the set of all possible user-ranking
pairs, mrr@k and mpp@k are independent (the correlation between mrr@k and mpp@k is 0).

Proor. We provide here a simplified sketch of the proof. The complete proof is provided in
Appendix A.2. In order to prove independence, we need to confirm that the theoretical correlation
between the metrics is equal to 0, or, equivalently, prove that:

E [mrr@k|t, At] - E [mpp@k|t, At] = IE [mrr@k - mpp@Kkl|t, At] (1)

where the expected values (represented by IE[-|t, At]) are defined over the set of all possible
customer-ranking pairs at time ¢, namely Uggx (t):

Uger(t) ={(w,R) € U XR@kKIRC I\ I,(1)} )
To demonstrate this, we first use combinatorics to compute the size of Uggk (t), which is:
[Ugar(1)| = 2° - 3717 - |[R@K| (3)

Then, making use of the calculations leading to Equation (3) and the Customer Independence prop-
erty of the profitability-based metrics, we demonstrate that the expected value of the profitability-
based metric is as follows:

zk 3\I|*k
E[mpp@k|t, At] = ———— mpp@k (R, t, At) (4)
[Uran (D) x i

To compute the expected value of the transaction-based metrics, we define S(R, j, t, At) as the
sum of the values of mrr@k for a ranking R over the set of customers for which (a) R is a valid
recommendation and (b) the customers’ histories 7, (t) are of size j. Theorem 5.4 is then used to
prove that S(R, j, tAt) does not depend on R, i.e., VR € R@k, S(R, j, tAt) = S(j, t, At). With this
observation, the expected value can be defined as follows:

|I|-k

_IR@k|_ Z S(jt, At) 5)

E[mTR@k|t, At]
R@k(t)l

Finally, through reordering of the sums and term substitutions, we demonstrate that the expected
value of the product of the metrics is as follows:

> mps@k(READ|  (6)

|7]-k
1
E [mrr@k - mpp@k|t, At] = ——— l Z S(j, t, At)
j=1 ReR@k

| Uk (1)]

thus proving our theorem. O
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To answer RQ1: The previous theorem highlights that there is no theoretical relation between
any pair of transaction-based and profitability-based metrics. Therefore, any recommendation
optimizing one perspective has no theoretical impact on (or neglects) the other.

Despite this result, in realistic scenarios, multiple factors might affect the relation between
the metrics, including the ability of the customers as investors, the target of recommendation
algorithms, or the global market conditions. Therefore, in the following sections, we empirically
investigate the relation between these two perspectives over real investment data.

6 EXPERIMENTAL SETUP

The theoretical analysis in Section 5 formally demonstrated that the transaction and profitability-
based metrics are independent from each other. To prove the lack of relation between the metrics,
Theorem 5.6 considers the set of all possible customer-ranking pairs. However, in real-world scenar-
ios, we commonly evaluate our systems using a limited dataset, which covers only a tiny fraction
of the potential customers, and a selection of recommendation models.

In the case that all the customers selected their investments randomly, we would expect our the-
oretical analysis to hold in real-world scenarios. However, we cannot assume this, since customers
choose what assets they want to buy and sell according to their needs, and preferences as well as
suggestions from their financial advisors. Since these investments are not made randomly, they
can introduce systematic biases in the data [35] such as popularity or discovery bias [9, 10, 56].
Moreover, the recommendation algorithms limit their exploration space based on their training
process and their target (and this exploration might also be affected by the previously mentioned
biases). Hence, it is necessary to analyze the relation between the metrics using real investment
data.

Therefore, we perform a comparison study of 12 FAR approaches using a real large-scale financial
asset pricing and transaction dataset. In this section, we summarize this dataset and its statistics,
the cleaning techniques employed, how we split this dataset into temporal settings, as well as
discuss the FAR approaches deployed and the evaluation metrics used. We report our results and
primary analysis in Section 7.

6.1 Dataset

Pricing and Transaction Data: One of the novelties of this work is that we compare both (personal-
ized) collaborative filtering and demographic-based recommenders to (un-personalised) asset-based
recommenders that are more common in the financial domain. To enable this comparison, we
require a dataset that provides (real) financial transaction data. Hence, we use FAR-Trans [50], a
financial asset recommendation dataset collected from a large European financial institution. This
dataset represents a 5-year snapshot of the Greek market, and covers a range of different assets:
stocks, bonds and mutual funds for the period between January 2018 and November 2022, inclusive.
In addition to asset pricing data for that period, the dataset also includes investment transaction
logs (asset buy and sell actions) handled by the institution. Table 3 summarizes the characteristics
of the dataset.”

Dataset Cleaning (Pre-Split): Collaborative filtering algorithms typically receive as input a rating
matrix — where each user-item pair is represented by a numerical value representing the interest of
the user in the item. In our experiments, we consider that a customer has interest in a financial
asset (Rel(u, i) = 1.0) if they have acquired instances of the asset. Otherwise, it is considered that
the customer is not interested in that product (Rel(u, i) = 0.0). Whether a customer has acquired

The dataset can be downloaded from https://doi.org/10.5525/gla.researchdata.1658
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Table 3. Dataset description.

Market data Customer data
Property Value Property Value
Unique assets 806 Unique customers 29,090
Assets with investments 321 Transactions (unique) 388,049 (154,103)
Price data points 703,303 Acquisitions (unique) 228,913 (89,884)
Average rc?turn (by assets, 37 16% Average rc?turn (by customers, 92.89%
whole period) whole period)
% profitable assets 54.28% % customers with profits 54.56%
to .
time
Alldata > D> All data >
: L L a
Split1 | Training data Test data
! t; - t; + At .
: At
Split2 | Training data Test data
|
E ty ty; + At
. At
SplitS Training data Test data
ts ts + At

Fig. 2. Dataset temporal split procedure.

instances of an asset for training/testing each model is determined by the temporal split, discussed
next.

Dataset Temporal Splitting: This dataset spans 59 months (almost 5 years). The effectiveness
of different recommendation algorithms will naturally vary as market conditions change (as we
will show later). Hence, it is important to examine how performance varies over time if we are to
gauge more accurately when and where different recommendation strategies succeed and/or fail.
To this end, we divide our dataset into 61 distinct variants, each representing a recommendation
setting for a different point in time. Each variant defines a time point when recommendations are
produced, ¢t € T, with pricing data and investment transactions recorded prior to ¢ available for
model training/validation, and the pricing data and investment transactions made after ¢ being used
for evaluating the resulting recommendations. To avoid contamination of the test set, if a customer
has acquired an asset during both the training and test periods, we only keep the interactions
in the training set. Our first time point # is the 1st of August 2019 (providing 1.5 years worth of
training data in the first instance, starting 1st January 2018). Time points ¢t € T are spaced two
weeks apart, so t; is mid August 2019, t; is the beginning of September 2019, and so on, until the
end of November 2021. In total, our dataset variants allow us to explore changing market conditions
over a period of 2 years and 4 months. We illustrate this process in Figure 2. When reporting results,
we chart the recommendation model performance over time for all 61 time points.

Dataset Cleaning (Post-Split): After we have generated a dataset variant for a time point ¢, we
next subject it to a second-stage cleaning process to remove inconsistencies between users and
items across the training and test periods. First, we only keep those customers with at least one
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interaction in the training period. Second, our test set is restricted to customers who have at least an
interaction during both the training and test periods as well as assets that have pricing information
during the test period. This post filtering is important, since otherwise the pricing-based metrics
and transaction-based would be calculated over different customer and asset subsets, which would
make them non-comparable.

Price-based Model Recommendation Horizon: The most common types of content-based
recommendation models aim to predict how asset prices will change in the future. Indeed, if the
price is predicted to go up faster than the market as a whole, then it should be a good investment.
How far into the future the model tries to predict is known as the time horizon, which we denote
by At. For our experiments, we use a fixed At of six months, as a mid-term investment horizon.

Dataset Statistics: Figure 3 summarizes the statistics of the dataset. First, Figure 3(a) shows the
average close price across the different assets in our dataset. Then, Figures 3 (b) to (e) illustrate the
characteristics of each split, post cleaning, in terms of the monthly profitability of an index fund
investing equally on all the assets for our selected time horizon (i.e., profitability at ¢+6 months),
the number of customers, the number of financial assets, the number of transactions and ratings -
i.e., (customer, asset) pairs without repetitions — in the training and test sets. Finally, Figure 3(f)
depicts the transactions distribution, where the x axis shows the number of ratings, and the y axis
the number of customers who have acquired as many assets over time. Axes are in a log-log scale.

As we can observe in Figure 3 (a), the studied period is not stable: in March 2020 there is a sudden
drop in the average price, which is only recovered around the end of 2020. This is primarily due to
the Covid-19 pandemic, which had its greatest economic impact in Europe from March 2020. As
we can see in Figure 3 (b), this is reflected in the profitability of the assets as a downturn period
starting in September 2019 (six months prior to March 2020) and ending in March 2020 where
the market loses money and only a few assets provide positive returns. Having such an unstable
period allows us to analyze how this market instability impacts our deployed algorithms over time.
Besides the Covid-19, the extension of our data also allows us to study algorithm performance
during more stable periods (including both periods of market growth and decline).

6.2 Metrics

Primary Metrics: The primary focus of this paper is a comparative study between the transaction-
based evaluation and the profitability-based evaluation. As such, in this work, we compare two
primary metrics: one as a representative of transaction-based metrics and another one as a repre-
sentative of profitability-based metrics.

e Transaction-based Evaluation: We employ the normalised cumulative discounted gain
(nDCG) metric [25] to measure how close the recommendations produced by each deployed
FAR approach are to the investments made by the customers. This metric prioritizes having
relevant assets (i.e., assets acquired during the test period) in the top ranks. The formulation
for this metric is follows:

DCG@k (u, Ry, t, At)

nDCG@k(u, Ry, t, At) = IDCG@k (. 1. AD) (7)
where
DCG@k(u, Ry, t, At) = , M (3)
= log,(j+1)
and
IDCG@k(u, R, t, At) = max DCG@k(u,R', t, At) 9)
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Fig. 3. Basic properties of the dataset for a At = 6 months investment horizon.
and g, (i, t, At) is the grade of relevance of item i for user u in the (¢, ¢ + At) period, and i; is
the j-th item in ranking R,,. In this work, we consider g, (i) = Rel(u, i), i.e., 1 if u acquires i
during the test period and 0 otherwise (i.e., if i € I} (t + At) \ Z,(¢)).
°

Profitability-based Evaluation: In our experiments we report the average return on in-
vestment (ROI) of the top-k recommended assets after a fixed time At as our measure of
profitability. Following with the definition in Section 5, we define the performance function
p as the ROI of the assets — the relative difference between the future and present prices of
the asset:

price(i, t + At) — price(i, t)
price(i, t)

p(i,t,At) =ROI(j, t, At) = (10)
By averaging the returns over the top-k recommended assets in a ranking R, = [i1, ..., ix],
this metric represents the profitability of a fund or portfolio on which we invest one euro on
every asset:

ROI@k(u, Ry, t, At) = ROI(ij, t, At) (11)

a0
Ngle

~.
1l
=

a0

k
> plijt.An) =
=
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However, this metric has a limitation: we cannot compare the results for this metric when we
explore different time horizons. The common way to do this in finance is to convert the ROI
into a return over a period of fixed length. Because of this, we choose a month as our fixed
length period, and compute the monthly return on investment, i.e., how much money the
previously mentioned portfolio would make every month. This measure is defined as follows:

Monthly ROI@k (4, Ru, , At) = (1+ ROI@k (1, Ry, £, At))30/dAYS@AD) _ 4 (12)

where days(At) is the number of days covered in the (¢, t + At) period. We define a month as
a 30-day period.

Secondary Metrics: In addition to the above primary metrics we also report the following sec-
ondary metrics to support our analysis in this paper:

e Profitable Asset Ratio (%prof): The proportion of the top-k recommended assets with a
ROI > 0.

e Volatility: The standard deviation of the daily returns for an asset, averaged over the top-k
recommended assets.

6.3 Algorithms

To provide a meaningful comparison of evaluation methods, we need to apply these methods over a
range of different FAR approaches, hence, we deploy a diverse suite of 12 FAR approaches from the
literature, including random recommendation, profitability prediction models, transaction-based
models and hybrid models. We summarize them below:

¢ Random recommendation: As a simple, sanity-check baseline, we include an algorithm
that randomly selects the assets to recommend.

o Profitability-based models: As representative algorithms, which only consider the pricing
history algorithm of the assets, we test three regression approaches, predicting return at

t + 6 months: linear regression, random forest and LightGBM regression, a method using

gradient boosted regression trees [27]. As features, we use a selection of technical analysis

indicators. Technical analysis [39] studies past prices and trade volumes of the assets to
forecast future price trends. The indicators are heuristic values used by technical analysis,
computed from past asset prices. In our work, we use indicators based on the closing price:
average price, return on investment, volatility, moving average convergence divergence,
momentum, rate of change, relative strength index, detrended price oscillator (DPO), return
on investment/volatility ratio, and maximum and minimum values over a time period prior
to prediction. We include descriptions of these indicators in Table 4. Note that, in the table,
the time period prior to the prediction is indicated in financial days (i.e., days in which the
market is open - excluding weekends and certain holidays).?

e Transaction-based models: We choose several methods exploiting investment transactions
to generate recommendations. We divide these approaches into three categories:

— Non-personalized: As a basic, non-personalized baseline, we consider a popularity-based
recommender, which ranks assets according to the number of times they have been pur-
chased in the past.

— Collaborative filtering: As collaborative filtering methods, we deploy three proposals:
LightGCN [20], matrix factorization (MF) [48] and user-based kNN (UB kNN) [43]. We also
add the Apriori association rule mining (ARM) algorithm [1], which identifies groups of
assets which are commonly acquired together, and establishes rules for recommending
assets according to the past investments of the customers.

3In financial days, it is considered that a year has 252 days and every month has 21 days.
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— Demographic methods: We add another method based on user-based kNN, which instead
of using the past customer investments to compute the similarities between customers
uses the demographic profile of the customers. In this case, our features are derived from a
questionnaire regarding their risk appetite (similarly to [67]). We denote this method by
customer profile similarity (CPS).

e Hybrid methods: Finally, we deploy two hybrid methods, based on gradient boosting
regression trees [27]: first, a regression LightGBM algorithm, targeting the profitability at
six months in the future (Hybrid-regression), and, second, the Light GBM implementation
of the LambdaMART learning to rank algorithm [6], optimizing nDCG (Hybrid-nDCG). As
features, we use the outcome of all the previous listed recommendation algorithms.

For each algorithm, we select as the optimal hyperparameters those maximizing the ROI at 6
months at three dates: April 1st 2019, October 1st 2019 and January 31st 2020.

7 RQ2: EMPIRICAL COMPARISON

Under the experimental setup described in Section 6, we explore the empirical relationship between
two evaluation metrics - nDCG and ROI — when we deploy and compare 12 recommendation
algorithms over real investment data. Our experiments aim to analyze whether, differently from the
theoretical scenario described in Section 5, the transaction-based evaluation and performance-based
evaluations are positively correlated. If the correlation were positive, it would mean that optimizing
the transaction-based metrics should lead to profitable recommendations — therefore simplifying
algorithmic design as well as the evaluation.

To explore how nDCG and monthly ROI relate to each other, we analyze the correlation between
the two metrics at cutoff k = 10. Results are reported in Figure 4, where we show two metric
comparisons. First, Figure 4(a) contrasts the average nDCG@10 and monthly ROI@10 values of
the different algorithms. In the figure, the x axis indicates the nDCG@10 value for every algorithm
(averaged over the different splits) and the y axis indicates the monthly return on investment. The
dashed line indicates the trend line of the comparison and the horizontal dotted line the monthly
return on investment of the market. Meanwhile, Figure 4(b) visualizes the Pearson correlations
between all pairs of metrics described in Section 6.2. In order to compute those correlations, we
first compute the metric values for every user, algorithm and dataset variant triplet (approximately
1.5 million values), and then we calculate the correlation between the metric pairs. Blue values
represent a positive correlation coefficient whereas red values indicate negative correlations.

Both figures show that both metrics (ROI@10 and nDCG@10) are in-fact negatively correlated:
Figure 4(a) shows a negative trend, whereas Figure 4(b) shows a -0.13 Pearson correlation between
the metrics. Although this correlation is small, it is significantly different than 0 (following a
t-test with p < 0.05)*. This indicates that the recommendation models that are good at predicting
assets that the customer might buy might lead to the customer actually losing money. From the
combination of these results with the theoretical results, it appears that the underlying assumption
behind using the transaction-based metrics does not hold, calling into question the validity of these
types of metrics for FAR. Hence, in the next section, we examine why this is the case.

In summary, and in answer to RQ2: the transaction and performance-based metrics are negatively
correlated, indicating that correctly identifying future customer investments might actually lead the
users to financial losses. Therefore, both types of metrics are not interchangeable for evaluating financial
asset recommendations from an empirical point of view.

4Full results of the statistical analysis test for the Pearson correlation are provided in Appendix C.2.
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Fig. 4. Evaluation metrics comparison for a At = 6 months investment horizon.

8 RQ3: FACTORS INFLUENCING TRANSACTION-BASED METRICS

From the analysis in Sections 5 and 7, it is clear that the transaction-based metrics cannot be used
as a proxy for profitability. However, we have yet to find the reasons why, in our experiments,
the correlation between the metrics remains negative (although weakly negative, it significantly
differs from the lack of correlation expected by our theoretical analysis). As an initial study on why
increasing nDCG might lead to lower earnings, we report the individual performances of the 12
deployed FAR approaches. By studying the individual algorithm performances, we aim to determine
the strong points of different groups of algorithms, and use them to identify a potential set of
underlying causes that can affect the relation between the metrics. We report both the averaged
results over the 61 splits, and the performance over time in Sections 8.1 and 8.2.

8.1 Averaged Performance

We first study the overall performance of the recommendation models, averaged over the 61 time
splits. Table 5 reports the performance of all 12 deployed FAR approaches, where every column
represents an evaluation metric averaged over all the considered time points. For further analysis,
we do not just include nDCG@10 and Monthly ROI@10, but also the percentage of profitable assets
(%prof@10) and the volatility of the recommended assets (Volatility@10). The highest performing
model under each metric is highlighted in bold and underlined, and the performance distribution
for each metric is color coded (blue for highly performing and red for poorly performing). From
Table 5, we observe the following key points.

First, we observe that, in general, all algorithms are capable of suggesting profitable assets
(following the %prof@10 metric, on average over the 61 dates, between 46.7% and 55.3% of the
recommended assets are profitable). However, if we consider the magnitudes of the profitability, only
a few of the algorithms are able to provide a set of assets that improve the profitability over a market
index (in blue in Table 5), namely the price-based algorithms, the hybrid model, which optimizes a
profitability regression function and the user-based kNN collaborative filtering algorithm. Among
these algorithms, the best alternatives are notably the profitability prediction models, with the three
of them (linear regression, random forest and LightGBM) beating the monthly profitability of the
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Table 5. Effectiveness of the compared models at cutoff 10. A cell color goes from red (lower) to blue (higher
values) for each metric, with the top value both underlined and highlighted in bold. In the case of the monthly
ROI, %prof and volatility, the blue cells indicate an improvement over the average market value.

Monthl
Data source Category Algorithm nDCG (;{IE)I Y %prof  Volatility
None - Random 0007060 o0.0071 | 05009 [O26550
Random forest 0.0237 0.5019 0.6094
Prices Regression Linear regression 0.0215 0.7283
LightGBM 0.0221 0.0225 0.4676 0.6073
Non-personalized Popularity 0.2710 0.0006 0.5302 0.4393
LightGCN  [JJOBZ0ZIN0I0604 05022 0.4990
Transactions Collaborative ARM 0.2556 0.0007 0.4744 0.5075
filtering MF 0.1780 0.0038 0.5030 0.4728
UB kNN 0.1599 0.0119 0.5004 0.4265
Demographic CPS 0.2722 0.0026 0.5097 0.4647

Hybrid-nDCG 0.2313 0.0063 0.5170 0.4934

Hybrid -

ybrt Hybrid-regression | 00261 © 00132 05169  0.4613
Market average - 0.0079 0.4624 0.2881
Customer average - 0.0018 0.5504 -

market by more than an 180%. From these three models, the random forest regression appears as the
best alternative, closely followed by the other two. However, these methods fail to identify assets in
which customers are interested (achieving nDCG values barely above a random recommendation).

Second, the transaction-based algorithms are able to reasonably predict customer preferences (as
shown by their high nDCG values). We observe that the algorithm with a highest nDCG value is
the most advanced LightGCN algorithm. However, we can also see that the rest of the approaches
are not able to clearly beat the non-personalized popularity-based recommendation algorithm.
This suggests that the customers in our dataset tend to concentrate a large proportion of their
investments into a small set of assets. Although collaborative filtering approaches achieve high
nDCG values in our experiments, they show an overall poor performance in terms of the ROI
(indeed, with the exception of UB kNN, all of them are close to 0 and underperform the market
average). However, these methods can recommend several profitable assets, as indicated by the
%prof metric, similar to the random forest algorithm.

Finally, when looking at the volatility metrics, we observe that only random recommendation
achieves values below the average market volatility: the rest of the FAR algorithms recommend
far more volatile assets than the market average. Profitability prediction algorithms are the ones
choosing the most risky assets (with values between 0.6 and 0.72), whereas collaborative filtering
methods, despite being high risk, recommend less volatile assets (volatility values between 0.42 and
0.51). This indicates that, although they do not provide profitable results, losses from collaborative
filtering algorithms might be potentially lower than losses from the profitability prediction models
as the ROI variation is lower.

The previous results highlight that those models ignoring customer preferences achieve better
profitability than those using the customers’ past history. Since the transaction-based methods
are capable of identifying customer preferences on financial assets but their predicted returns are
low, we hypothesize that one of the reasons that might explain the observed relation between
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the metrics is that our customers are suboptimal investors, unable to beat the market with their
personal asset choices. We shall further investigate this hypothesis in Section 9.

8.2 Performance Over Time

Although the numbers in Table 5 show a general overview of the recommendation effectiveness,
a given algorithm’s performance might vary when applied over different splits and time periods.
Therefore, it is important to look not only at the broad average performance, but also at the perfor-
mance of our recommendation algorithms on every split. Figure 5 shows the average performance of
the different types of recommendation strategies (pricing-based, transaction-based or hybrid) over
time divided in three charts for readability. The top row represents our primary transaction-based
metric (nNDCG@10) on the y axis, while the bottom row represents the results for the profitability-
based metric (Monthly ROI@10). In both rows, the x axis value represents the split date. On each
of the plots, the lighter areas represent the full range of values that a family of algorithms achieves
at a given date. We include a more detailed plot illustrating the performance over time of each
individual model in Appendix B. Furthermore, we include statistical significance tests for this
experiment in Appendix C, comparing each pair of algorithms. The statistical tests (two-tailed
Student’s t-tests with p-value p < 0.05 and Bonferroni correction) were carried separately for each
of the dataset variants.

As we can observe from the upper row of Figure 5, the nDCG comparison remains stable during
the studied dates: the transaction-based models commonly achieve the highest values for the metric,
and their ranking remains stable over different time splits. Only one of the hybrid models is capable
of beating them at certain dates: the Hybrid-nDCG model in the period between February and
September 2020. The interaction-based models consistently — and, following a two-tailed Student
test with p-value p < 0.05, significantly — outperform the pricing-based methods over the whole
period.

A different trend appears, however, when we look at the monthly ROI values (the lower row
of Figure 5). In this case, influenced by the fluctuation of market returns (represented in black in
the different plots), the monthly ROI of the different algorithms notably varies. Overall, Figure 5
shows that the pricing-based approaches generally provide positive results over the market average.
However, these models are not infallible, and some market conditions (like the market downturn at
the beginning of 2022, represented in the last splits) can cause them to fail.

The interaction-based methods work differently: first, lossy periods for these models are com-
monly very severe, as it can be seen in the Covid-19 period between September 2019 and March
2020. During that period, assets recommended by the collaborative filtering algorithms experienced
a 5% monthly decrease in their value. With the exception of the Covid-19 period, we observe that the
collaborative filtering models appear to experience less fluctuations in returns between dates than
the profitability prediction models. However, that also leads to a worse performance than those
models for a majority of the studied period: the only times where the transaction-based models beat
the price-based models are clearly shown at the end of the market downturn at the beginning of
2022. Overall, the profitability prediction models (random forest, LightGBM and linear regression)
achieve improvements over all the collaborative filtering methods in more than half of the splits
(at least in 36 out of 61 variants), and, in a majority of these cases, the difference is significant
(two-tailed Student t-test with p < 0.05). This highlights the superiority of the profitability-based
methods’ performance in terms of monthly ROL

However, there are also points in time where the collaborative filtering algorithms are able to beat
the pricing-based models in terms of monthly ROI — something hidden when we average over the
time splits (as seen in Section 8.1). Considering these changes and the variations in market behavior
over time, we hypothesize that the timing when a recommendation is presented to a customer
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influences the relation between the metrics (and therefore, there might be specific market conditions
in which the transaction-based metrics provide a better global overview of the recommendation
performance).

8.3 Conclusions

Following the analysis of the algorithmic performance of the deployed recommendation methods, we
have identified two potential causes that explain why the transaction-based metrics are not sufficient
to measure the utility of financial asset recommendations: (a) customers might be suboptimal and
(b) recommendation time might act as a confounding variable due to the changes in the market
conditions. Therefore, we propose the study of the following research questions:

¢ RQ3.1. How does the effectiveness of the customers affect the relation between the transaction-
based and profitability-based metrics?

e RQ3.2. How do market changes affect the relation between the transaction-based and
profitability-based metrics?

In addition, since we are considering time as a potential confounding factor, we also need to
assess the importance of the investment horizon: the amount of time our investors hold their assets.
The reason behind this is that selling financial assets at different moments in time might also affect
the profitability of our recommendations. Hence, we also aim to answer the following research
question:

e RQ3.3. How does the customer’s investment horizon affect the relation between the transaction-
based and profitability-based metrics?

In the following, we explore question RQ3.1 in Section 9, RQ3.2. in Section 10 and RQ3.3 in
Section 11.

9 EFFECTIVENESS OF CUSTOMERS AS INVESTORS

The first hypothesis for why the transaction-based metrics perform poorly (and also why the models
trained with transaction-based data do not make money) questions the capacity of our customers
to effectively navigate the market and invest in profitable assets. If our customers were effective
investors (they earned money on average), identifying those items they might be interested in
investing on should lead to profitability. However, the opposite also stands: if our customers were
bad investors and they lost money from their investments, identifying those assets they might
choose to invest on might lead to even further losses. As the correlation between nDCG and ROI is
negative, we hypothesize that, on average, our customers belong to the second group.

9.1 Dataset Analysis

We can evaluate the investment skills of our investors by comparing the return on investment of
our customers over time against the market. If our customer investments are under-performing
the market, then this would explain the negative correlation between the transaction-based and
profitability metrics. To analyze this, we compute the monthly return on investment obtained by
customers in the six months following each of the split points in our dataset.

Table 6 shows a comparison between customers and assets. The first two columns show the
average and median profitability of the market (first row) and customers (second row) in terms of
monthly RO, while the last column shows, respectively, the proportion of assets increasing their
values, and the number of customers whose portfolio increases in value. All numbers are averaged
over the 61 split points. Results in the table show that, although a majority of customers (55%) earn
money from their investments, on average (and median), they are not performing better than the
market (0.18% vs. 0.43% monthly ROI on average, 0.135% vs. 0.143% on median).
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Table 6. Comparison between the profitability of assets and customers in terms of monthly ROI, averaged
over the different time splits.

Average Monthly ROI  Median Monthly ROI % profitable

Assets 0.004259 0.001433 46.2447%
Customers 0.001776 0.001356 55.0379%

We expand this analysis in Figure 6 by analysing the evolution of these differences over time.
In the three figures, the x axis indicates the time of the split, whereas the upper axis shows the
target date (6 months after the split), whereas the y axis shows the metric value. The red curves
indicate the customer values, whereas the blue curves show the market values. Figures 6 (a) and (b)
illustrate the average and median monthly return on investment for the market and customers,
whereas Figure 6 (c) compares the proportion of profitable assets in the market with respect to the
proportion of profitable investments of the customers.

Figure 6(c) shows that, even in the worst moments for the market (the period between October
2019 and March 2020), there are some winner assets, which provide profitability to investors (at
least, 10% of the assets in the market). However, from the three figures, we also observe that the
capacity of customers to identify those winning assets is not consistent over time. First, during
the period between September 2019 and March 2020 where the market loses money (the Covid-19
period), the customer’s curve lies notably below the market (customers lose up to a 6% of their
investments every month vs. at most 3% monthly loss of the market). Customers have a notorious
advantage over the market in the period between June 2020 and January 2021 (achieving up to a 6%
profitability against a 3% of the market). Then, for the final period, we observe that customers are
unable to beat the market during the period of deceleration where the market still increases its
value, but at a slower pace (January to June 2021) and then they regain some advantage during the
actual downturn of the market starting in August 2021.

The previous analysis illustrates that the customers in our dataset are not particularly effective
investors, as there are large periods of time where they are unable to beat the market. This provides
some explanation about why transaction-based metrics are not correlated with the profitability
metrics.

9.2 Experiment with Synthetic Customers

The analysis in Section 9.1 reveals that the customers in our financial investment dataset are not
good investors. This observation might provide an explanation for why the prediction of future
customer investments leads to the recommendation of non-profitable assets. However, to claim this,
we need to confirm that having good customers leads to a better performance of transaction-based
metrics, and to positive correlation between metrics like nDCG and ROI Therefore, we empirically
check our hypothesis (having effective customers leads to positive correlation between the metrics)
by performing experiments over synthetic customer data.

As we mention in Section 6, as far as we know, the dataset we use represents the only public
dataset containing both pricing data for financial assets and explicit investment transactions.
However, the previous analysis shows that it is challenging to identify a subset of good investors
over which we can test our hypothesis. Therefore, we rely on the automated creation of effective
investors.

9.2.1 Construction of the synthetic dataset. We first describe the procedure for generating the
dataset to use in our experiment. We create it from the original dataset: we keep the same assets
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Fig. 6. Split by split comparison between customer and market performance (At = 6 months investment
horizon)

and the pricing time series that we have on each of them (cleaned following the setup indicated
in Section 6). Therefore, it is only necessary to generate the new customers and their investment
transactions. For that, we apply the following steps:

(1) Choose the number of customers to create: In our experiments, we take the number of
customers that acquired at least one asset in the dataset.

(2) Choose the number of assets every customer invests in: For every customer, we need
to choose how many assets they acquire in the newly generated dataset. For that, we mimic
the investment distribution of the original data, illustrated in Figure 3 (f). The plot resembles
an exponential distribution, where most customers acquire a single asset, and only a few of
them acquire higher numbers of assets. We model it using a generalization of the exponential
distribution: a Gamma distribution I'(k, 0), where k and 0 represent, respectively, its shape
and scale parameters. As a more general distribution, the Gamma distribution allows to better
capture the original data distribution.

We obtain these parameters from the rating distribution of the original dataset, trying to
preserve both its mean and its variance. Considering that, in the Gamma distribution, the
mean value y and the variance o are defined as follows:

p=kf and o°=kb* (13)
we compute the parameters as:
52 52
k=t and 0= (14)
2
g H

where /I is the average number of acquisitions for each asset obtained from the original
dataset, and & is the standard deviation. Since we have chosen the number of customers
with at least one purchase as the number of customers, we limit ourselves to those users to
compute the mean and variance of the dataset.

(3) Choose the time points of the investments: In this case, for every investment we need to
generate, we choose the moment in time at which the customer invests on an asset. We pick
this time point uniformly from the time interval between the beginning and the end of the
dataset.
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(4) Choose the assets in which to invest: Finally, we need to select the assets our customers
acquire. We aim to create effective investors, hence we need to choose profitable assets for
our synthetic customers. For a customer u and time ¢, we choose an asset among the top n
assets with higher return on investment between t and ¢ + At (where At is the investment
horizon, equal to six months in our experiments). By selecting a fixed number of assets from
which to choose, we pursue a double objective: (a) we only select among the most profitable
assets, and (b) we ensure some clustering between the customers, allowing collaborative
filtering algorithms to work. From those top n assets, the probability of choosing an asset
is proportional to its return on investment. The probability of picking a particular asset is
defined as follows:

ROI(i, t, At .
G ) - if i € top(Z, n|t, At)
p(ilt, At) = { 2jetop(r.nrar) ROI(, £, At) (15)

0 otherwise

where top(Z, n|t, At) represents the top n assets by return on investment ROI(i, t, At), com-
puted using Equation (10).

Finally, we add to the new dataset the investment, and a sell transaction for the same customer
and asset at time t + At. In our experiments, we take n = 50.

9.2.2 Experimental setup. We keep the experimental setup described in Section 6, where we
study the effectiveness of multiple recommendation algorithms over 61 temporal splits. The main
difference in our experiments is the substitution of the real customers by our synthetic investors,
generated by the procedure defined in Section 9.2.1. Since the synthetic generation procedure is
subject to randomness, we generate 10 synthetic datasets to mitigate the variance. We conduct our
experiments over each of them, and report the average values.

In our experiments, we use the same algorithms, features hyper-parameter settings and evaluation
metrics as in the original experiment with one difference: since we do not have demographic data
for our synthetic customers, we do not use the CPS algorithm in our new experiments.

Figure 6 includes, in yellow, the profitability of the synthetic customers’ investments (averaged
over the ten synthetic datasets). As expected, our synthetic customers are outstanding investors,
achieving profits above the market (and the real customers). Thus, this demonstrates the effective-
ness of our customer generation procedure.

9.2.3 Results. We aim to confirm the hypothesis that, if we have effective investors as customers,
the correlation between the profitability and transaction-based metrics should be positive. Since our
synthetic datasets contain a majority of effective customers, we evaluate the outcome of the FAR
algorithms over them, and compare the nDCG@10 and monthly ROI@10 metric values, similarly
to what we did in Section 7. Then, we just need to check whether the correlation between metrics
is positive.

We report a comparison between the predicted asset profitability (ROI@10) and the customers’
preferences (nDCG@10) in Figure 7 (a). As can be seen from the figure, when using our (more)
effective synthetic investors, the trend line now has a positive slope, illustrating that the profitability
and customer preference have indeed become positively correlated, as we hypothesized. To quantify
this, Figure 7 (b) presents a metric correlation matrix (Pearson correlation) for the experiment.
From this figure, we observe that the correlation between profitability (ROI@10) and customer
preferences (nDCG@10) is positive, at 0.13. However, this correlation is still weak, indicating that
there are likely other factors that make profitability and customer preferences different when
investing.
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Fig. 7. Evaluation metric comparison over the synthetic datasets

9.3 Conclusions

In this section, we have analyzed whether, if our customers were expert investors, we would have
observed a positive correlation between metrics. Through experiments with synthetic customers,
we have validated our hypothesis. Since the users in our initial experiments have difficulties
outperforming the market for long periods of time during the studied time span, we conclude
that their sub-optimal performance is one of the reasons behind the negative correlation between
nDCG@10 and monthly ROI@10.

In answer to RQ3.1: the effectiveness of investors affects the correlation between transaction-based
and profitability-based metrics, with the correlation achieving positive values when the effectiveness
of the customers increases. Therefore, predicting investment transactions if customers are not good
investors on their own might make them lose money.

10 CHANGING MARKET CONDITIONS

Our second hypothesis is that the difference in behaviour between the customer’s preferences and
the profitability metrics is a side-effect of the changes in market behaviour during the period of time
that we examine. If this is the case, it might be possible to rely solely on these metrics when certain
situations occur (for instance, if transaction-based metrics mimicked performance-based metrics
during market growth periods, we could just focus on optimizing nDCG during these periods).

Figure 6 revealed that customer performance is influenced by the profitability of the markets:
on average, they lose money during downturn periods like the market drop-down caused by the
Covid-19 pandemic and they increase their wealth during growth periods. Market turns also modify
customer behaviour. Referring back to Figure 3(e) in Section 6.1, there are three spikes in both
asset purchases and sales: the first one, between January and March 2020 and the third one, around
September 2021 correspond to those splits covering in the test set the beginning of the Covid-19
and Russian-Ukrainian war downturn periods. The second one, between October 2020 and January
2021, corresponds to the moment of maximum profitability of the market. Therefore, as market
conditions seem to affect the behaviour of users, we hypothesize that they also affect the correlation
between metrics.
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Fig. 8. Pearson correlation between ROI@10 and nDCG@10 over time.

If market conditions have an impact on our financial asset recommendation algorithms (and their
evaluation metrics), this should be apparent if we contrast the correlation between profitability-
based and transaction-based metrics over time. In a scenario where the time period has no impact,
then we would expect the correlation between the metrics to remain roughly constant. However, if
the market conditions have impact, correlations will vary over time — with downturn periods like
the Covid-19 pandemic showing lower correlations than periods where the average market value
increases. Therefore, for each time split, we compute the Pearson correlation between Monthly
ROI@10 and nDCG@10 over all possible algorithm-customer pairs. We plot the results in Figure 8(a),
which shows a high variation of the correlation values (from -0.65 to 0.4). This confirms that the
recommendation time affects the relation between the metrics.

However, are these variations really caused by the upturns and downturns of the market? In
order to check this, we explore to what extent three market variables can be used to predict the
sign of the correlation: the market returns, the customer returns and the difference between them
(customer returns - market returns). We evaluate these predictors using accuracy (the fraction of
time points where the sign of the market variable and the correlation match).

We show the results in Figure 9. From the three studied signals, surprisingly, the profitability of
the market can only explain the correlation between metrics in around 50% of the studied time
points — thus showing that market behaviour by itself is not an influential factor driving the relation
between the metrics. Instead, the most effective signal to determine whether recommending those
assets preferred by customers yield more profits to these customers is actually the customer’s
capacity to beat the market — with an accuracy around 85%.

We further confirm this result over the synthetic datasets described in Section 9.2. Following
Figure 6 (previously analysed in Section 9.2), our synthetic customers beat the market at all 61
time splits. Figure 8(b) shows the average correlation value at each split date over the 10 synthetic
datasets. This figure illustrates that, in 59/61 splits, the correlation is positive (showing a 97%
accuracy of the difference in returns between the customers and market).

Consequently, in answer to RQ3.2: the time period where recommendations are produced represents
a confounding variable that affects the relation between metrics. However, market profitability changes
are not a major predictor for changes in the correlation. The (changing) capacity of customers to beat
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the market represents a much stronger signal to determine whether customer preference metrics align
with the profitability of the recommendations: correlations are generally positive when customers beat
the market and generally negative when they are unable to.

11  ANALYSIS OF DIFFERENT INVESTMENT HORIZONS

Up-to this point, our analysis has followed the assumption that we can judge the suitability of
an asset for investment based on whether investing in it would result in a profit 6 months later.
However, as we analysed in Section 10, customers appeared to be buying assets when they were
under-valued due to global events such as the pandemic and that these were predominantly not
profitable short-term - but what if the customers held these investments for more than 6 months?
If that is the case then the customerwould not necessarily expect such assets to return a profit
in only 6 months time, but on a longer (or shorter) period of time after acquiring the asset: the
investment horizon. This investment horizon, which defines how long we should wait to determine
whether an asset is profitable for a customer, is user-defined and depends on the investor’s strategy
(it might even be different for separate investments).

We determine the proportion of short and long-term investments held by the customers, by
calculating the average stock holding time of the customers in the dataset. If ROI after 6 months is
a reasonable metric, then we would expect our customers to hold assets for around 6 months on
average. Figure 10 reports the stratified average stock holding time of the customers in this dataset.
Note that the FAR-Trans dataset is only a snapshot of investment transactions, meaning that we
do not necessarily have both the buy and sell transactions for each asset. As such, to perform this
calculation we assume any assets that the customers held at the start of the dataset were bought on
day 1 of the dataset and that all customers holding assets sell those assets on the final day of the
dataset. This will skew the data towards a shorter holding time, since some customers may have
held an asset for a long time before the start of the dataset, and may want to continue to hold that
asset for a longer time after the end of the dataset.

As we can see from Figure 10, contrary to our expectations (and despite the skew inherent to
this analysis), customers in this dataset appear to favour longer-term investments over short-term
ones, with a peak around 15-18 months of holding time. This may be because the asset mix in this
dataset is not only stocks, but also covers mutual funds and bonds that customers are likely to hold
onto for extended periods. This also raises an important point about working with real transaction
data either when training models or evaluating them - indeed, we need to factor in the customers’
investment strategy and time horizon, otherwise it is difficult to interpret whether investors are
succeeding or not.
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Fig. 10. Classification of customers according to the average time they hold each stock unit.

Therefore, in the following sections, we seek to gauge the effect that the investment horizon has
on the correlation between nDCG and return on investment. In particular, we explore whether our
previous conclusions change when, instead of six months, we assume that our customers keep their
assets for longer or shorter periods of time. Hence, we repeat our experiments in Sections 7 and 10
for four additional investment horizons: At = 1, 3,9 and 12 months. For this analysis, we first study
how the market and customer effectiveness change when we consider different investment horizons
in Section 11.1, and then we explore the empirical effects of those changes over the recommendation
models in Section 11.2.

11.1 Market and Customer Analysis

Due to the volatility of investment markets, a change in the investment horizon is expected to
alter the performance of the market and customer portfolios. Since we are working with multiple
horizons, we first explore the effect of those changes by analyzing the average profitability of
customer investments and assets over the five horizons. Figures 11(a)-(e) illustrate the average
monthly returns of the market (in blue) and customers (in red) for the 1,3,6,9 and 12 months
horizons.

As expected, there are notable discrepancies in the time series represented in these plots. First,
the monthly ROI values become smaller as we increase the investment horizon. This is due to the
normalisation applied to compute monthly returns: even when customers might be increasing
their wealth over 12 months further than they do in 1, the (compound) monthly increases are
smaller. Besides, the shape of the curves is different: for instance, the length of the period affected
by the downturn periods notably depends on how far into the future we look. For instance, if
we consider the prices drop in March 2020 (start of Covid-19 pandemic), and if we assume that
customers keep their investments for a month, we will only see that fall in February 2020; however,
if investors keep assets for a whole year, the losses will appear for assets purchased in the period
between March 2019 and March 2020. This is clearly observed in Figure 11 as, in the case of At =1
month (Figure 11 (a)), the downturn period lasts 3 splits, whereas, in the 9 and 12 month periods
(respectively, Figures 11 (d) and (e)), all the splits since the first one until March 2020 show negative
returns.

Finally, we also observe differences in customer behaviour: when we analyze shorter horizons,
we observe a greater variance in their performance over time — in the 1 month and 3 month time
horizons, we observe both earnings and losses over all the studied time points. However, as we look
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Fig. 11. Profitability of customers and assets for different time horizons.

further into the future, customer behavior seems more stable and tied to the market performance
(where customers earn money during upturns and lose money during downturns).

In conclusion, choosing different investment horizons modifies the profitability of the market
and the effectiveness of customers as investors across the different splits. As we shall see later, these

differences might lead to changes in the relation between the transaction and profitability-based
metrics.

11.2  Algorithm Comparison

Considering the changes to the profitability of customers and assets, we aim to study whether
the investment horizon is a confounding factor in FAR evaluation, affecting the relation between

metrics. Hence, we repeat the experiments in Sections 7 and 10, but vary the investment horizon
At in 1,3,9 and 12 months.

11.2.1  Global correlation. We first compute the Pearson correlation between nDCG@10 and
monthly ROI@10 for each time horizon At using the same procedure as in Section 7: across all (split
date, algorithm, customer) triplets. We show the results in Figure 12(a), where the x axis shows the
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Fig. 12. Pearson correlation at different investment horizons.

investment horizon At (in months) and the y axis represents the value of the correlation for that
investment horizon.

Examining the figure, we observe that the correlation is slightly negative for all the tested
horizons. The maximum correlation between the metrics is achieved at the smallest investment
horizon (1 month), and it reaches its lowest value at 3 and 6 months. However, these changes are
small (from -0.13 to -0.05) - seemingly suggesting that the investment horizon does not affect much
the relation between ROI and nDCG.

11.2.2  Correlation over time. The perception that the investment horizon does not affect correla-
tion changes when we focus on the correlation for each individual split, rather than the overall
correlation, as illustrated in Figures 13 (a-e). Each of these figures represents the correlation between
the metrics over time for each investment horizon. When we observe the correlation from this
perspective, we notice important differences in the correlations at different splits, comparable
to the differences in profitability illustrated previously in Figures 11 (a-e). For instance, in the
second time split, we observe a positive correlation (~ 0.2) when we study At = 1 month (Figure 13
(a)), but that value becomes more and more negative when we increase the horizon, reaching a
negative correlation smaller than —0.5 at the At = 9, 12 months targets (Figures 13(d) and (e)). This
illustrates that the investment horizon can importantly affect the correlation between the two
metrics — especially, for a particular date.

11.2.3  Market factors affecting the relation between metrics. Finally, we explore the reasons behind
the changes in the relation between the metrics. Following Sections 9 and 10, we would expect these
changes to be due to how the investment horizon modifies the effectiveness of customers in beating
the market. We check this by estimating the importance of three market variables to predict the
sign of the correlation between the metrics, following Section 10: the market returns, the customer
returns and the difference between them (customer returns vs. market returns). If our hypothesis is
true, the best predictor among the three should be the difference between the customer and market
returns. Figure 14 shows the results for the 5 studied investment horizons. In the plot, the x axis
represents the investment horizon, while the y axis represents the accuracy of the signal. Market
ROl is represented in blue, customer ROI in red, and their difference is represented in green.

As hypothesized, from the three market variables, the capacity of customers to beat the market
is a major signal to determine the relation between the evaluation metrics, achieving, consistently,
accuracy values over 75% over the different investment horizons.
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11.3 Conclusions

The study of the effect of different time horizons in the correlation between nDCG and monthly
returns allows us to answer RQ3.3: the investment horizon has a noticeable effect on the profitability
and the ability of customers navigating the market. Although this might not noticeably affect the
correlation between the metrics when studied over a long period, it is very notorious when we study the
relation between the metrics at specific dates.

12 CONCLUSION AND RECOMMENDATIONS

Enabling a sound and interpretable evaluation is a critical component of financial asset recom-
mender (FAR) systems. However, multiple competing evaluation methods are currently used by
FAR researchers and developers, with little guidance regarding when and where each approach
should be used. This paper aims to bridge that gap by analyzing the relations between the two
most common evaluation perspectives: transaction-based and profitability-based evaluation. We
showed that these two strategies cannot be considered equivalent to each other: First, we provided
a theoretical proof that these two evaluation approaches are independent from each other. Then,
when we compared these two perspectives in a realistic experimental setup over a large finan-
cial asset pricing and transaction dataset, we demonstrated a negative correlation between the
profitability and transaction-based metrics across a diverse array of 12 deployed FAR approaches.
This highlights that we cannot assume that customers invest effectively, and therefore, predicting
future investment transactions does not permit customers to increase their wealth - the negative
correlation shows that the opposite might actually happen.

Through analysis of these models and customer investment behavior over time, we showed
that customer investment transactions are a problematic data source for evaluation on their own:
there are periods when customers are unable to improve the performance of the market with their
investments and identifying their future investments in those cases might then lead to a decrease
in wealth; Moreover, models are unaware of the customer investment strategy — which can lead to
great variations in returns.

While it would be premature to suggest that transaction-based evaluation should be abandoned
for FAR systems, our results demonstrate that transaction-based metrics have important limitations
that need to be understood if they are to be useful. Hence, we provide the following recommen-
dations for researchers and practitioners:

e Complement Transaction-based Evaluation: due to the limitations of transaction-based
metrics, these metrics should not be used alone to evaluate FAR models. At least, researchers
and practitioners should also evaluate the profitability of their proposed approaches.

e Consider Changing Market Conditions: Financial markets are in a state of continuous
change, something that might be even more noticeable with the emergence of global events
like pandemics or wars (which have a huge impact over the market). Major events influence
the expectations people have on market segments, prompting customers to change their
investment positions. Models trained using transaction-based metrics will perform poorly
during such times, as past and current investment behavior are no longer similar. In addition,
sudden market changes might confound profitability prediction algorithms and affect their
performance. Hence, it is important to report performance over time to reveal when these
changes occur, and solution developers might wish to consider fall-back strategies during
such times.

e Investment Horizons are a Confounding Variable: Different customers plan for different
investment time horizons (how long they want to hold an asset for). Analysis of our dataset
indicated that these time horizons are markedly longer than we anticipated, with the peak
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between 15-18 months, but with a wide range of horizons being observed. This has sev-
eral important consequences for evaluation. First, individual customer transactions become
difficult to interpret, as we cannot know in advance the customer’s envisaged investment
horizon. Second, aggregate metrics like nDCG conflate customers with different horizons,
hence models trained based on such metrics will likely perform poorly in practice (since we
do not know how long to hold a recommended asset for).

e Know Your Customers: Identifying the strengths and weaknesses of customers as in-
vestors is fundamental for the identification and development of effective financial asset
recommendation algorithms. For instance, if customers commonly perform under the market,
exploiting their past transactions as input of collaborative filtering algorithms might further
increase the gap between user and market performance. A thorough analysis of the skills
and expertise of the users is needed to find profitable algorithms.

As future work, we envisage the creation of an adequate and robust framework for FAR evaluation,
which puts the focus on the customers and their trading strategies. To develop such a framework, it
is necessary to understand what role customer features — such as the effects patterns of spending,
relationship with the financial institutions, risk aversion, trading platform or sector interest — might
have on FAR evaluation. Another line of research might address how the past actions of financial
institutions might affect the evaluation, as past actions of financial advisors might introduce some
biases on the collected datasets (similarly to how the actions of past recommendation policies
introduce selection biases on offline datasets for general domain recommendation [53]).

LIMITATIONS

We discuss here the limitations of the theoretical and empirical analysis carried in this work. We
focus this discussion on three aspects: the fixed investment horizon, the customer independence
property of transaction-based metrics and the limitations of the dataset.

Investment horizon: In our theoretical formulations and experiments, we commonly consider
a fixed investment horizon shared by all customers. As seen in Figure 10, this is a simplification,
as people might consider different holding times for their investments. We have applied this
simplification as it is common practice in the evaluation of financial asset recommendations [3, 31,
44, 71].

In our experiments, we consider only short-to-mid term investment horizons, ranging from 1
month to a year. While Figure 10 suggests that customers in our data hold their investment for
even longer times (79.86% of the customers hold their investments for more than one year), the
time span of our dataset does not allow us to test longer horizons: for a fixed investment horizon,
At, we would need sufficient data after the last split date of our dataset. For instance, for At = 2
years, we would need at least 2 years of data after the last split date of our dataset, November 2021,
but our dataset only has data until November 2022. Therefore, the maximum value of At we can
test with this dataset is one year. Furthermore, it is not possible to move the splits to earlier dates,
since we also need a sufficiently long training period to train the different models: for instance, for
the profitability-based models, we need, at least, At + 6 months of training data before the first split
date. In our experimental setup, we have 18 months of data before the first split, corresponding to
the minimum period needed for At = 1 year.

While customers might take more time to sell their assets, we argue that these shorter horizons
still represent a realistic scenario: while investors might hold their investment for longer, financial
institutions recommend investors to check and rebalance their investment horizons at least once a
year [69]. This periodical check aligns with our investment horizons choices. In addition to this,
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the experiments in Section 11 seem to indicate that our findings should generalize when looking at
longer investment horizons.

Customer independence: The profitability-based metrics that we have defined in this work
follow the customer independence property. This property indicates that the profitability of a
recommendation does only depend on the recommended assets, and not in the customer. We
have considered this property as it represents a common simplification applied in past financial
asset recommendation research. However, this simplification might not always hold in realistic
investment scenarios for two reasons:

(1) Portfolio weights: By considering profitability-based metrics independent of the customer,
we are assuming that a customer invests the same amount of money on every asset. However,
this is rarely true in practice. Customers build their investment portfolios by allocating
different amounts of money according to factors like their risk awareness (for example, a
very risk-averse investor should allocate more money to safer assets like government bonds
than to stocks).

(2) Customer goals: Different customers might also react differently to the same level of
profitability, depending on factors like their initial investment or their goals. For instance, it
is easier to achieve enough money to buy a videogame console with low returns than it is to
buy a house.

Any metric considering these two factors would fall into the hybrid metric category — and, are,
therefore, out of the scope of this work. Hybrid metrics capable of considering aspects like portfolio
weights or customer goals require additional customer information that is not easily accessible: for
instance, if we wanted to consider portfolio weights, we would need to estimate how much money
a customer might invest on each asset — even on assets on which the customer has never invested
before. We envision exploring these hybrid metrics as future work.

Another alternative to evaluate customers according to their goals/portfolio allocation might
rely on expert ratings to evaluate the models. However, this evaluation is unfeasible on a large
dataset like the one explored in this work: we would need expert scores for 29,090 customers at 61
points in time for 12 algorithms. The cost would be even bigger if we consider the experiment with
synthetic users and the different time horizons.

Dataset limitations: Our analysis is limited to a single investment dataset, FAR-Trans [50]. As far
as we are aware, FAR-Trans is currently the only public large-scale investment dataset containing
both asset information and customer investment transactions. This dataset has limitations. First, it
only provides a partial view of the investors’ portfolios, representing investments in publicly-traded
financial assets that might pose a risk to the investor. Banking institutions commonly have privately
created risk-less assets that can complement the riskier stocks or funds and are not available in the
data. And second, it does only provide pricing information about the assets, ignoring other factors
that might influence their profitability, such as stock dividend or bond coupon payments.

However, it still represents a real-world dataset, representing the day-to-day operation of invest-
ments in a large financial institution. While the global correlations between transaction-based and
profitability-based metrics might change if we analyze the same data for a different institution, we
expect our main conclusion to remain the same: investment transactions represent a problematic
source of data for evaluating financial asset recommendations, as they do not reflect whether
customers earn money with them.
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COMPLETE PROOFS

This appendix includes the complete and thorough formal proofs for the lemmas and theorems
stated in Section 5.

A.1 Theorem 5.4

We aim to prove Theorem 5.4. In order to do this, we first need to prove the following lemma:
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LEMMA A.1. Let m be a transaction metric. Givent, At and a customeru € U, it is possible to build a
customerv with I (t) = 0 such that, forallR c T\ 1,(t),|R| = k, n@k(u, R, t, At) = m@k (v, R, t, At).

ProOOF. We can prove this lemma by induction on the number of assets in 7, (t).

e Case |7, (t)| = 1: For any valid R,R C I \ Z,(t). If we remove the only asset from 7;,(t), we
create a new customer v, with 7,(¢) =0.R € 7 \ 1,,(t) ¢ I = I \ 1,(t). Therefore, by the
customer equivalence property, mn@k(u, R, t, At) = m@k(v, R, t, At).

e Case |1,,(t)| = k + 1: Let’s suppose that the previous lemma is true for |7, (t)| = k > 1. Now,
we want to prove it for |7, (t)| = k + 1. Without loss of generality, we can pick any asset i
from Z,,(t) and remove it. This creates a new customer w with 7, = 7,, \ {i}. By the induction
principle, as |1,(t)| = k, we can find a customer v such that 7, (¢) = 0 and, for every ranking
R C I c 1,(t), m@k(v, R, t,At) = m@k(w, R, t,At). AsT \ I, c T\ (I, \{i}) =T\ 1,
that equality is true for all valid recommendation rankings for u. Then, for the customer
equivalence property, we have that, for all the possible rankings for u, m@k(u, R, t, At) =
m@k(w, R, t, At) = m@k(v, R, t, At).

[m}

Now, we can continue by proving theorem 5.4. The formulation of the theorem is the following.

THEOREM A.2. Givenr > 0, a transaction-based metric m, I a set of assets and a test period
(t,At). Let u,v € U two customers and R, = [if, ..., ] € T\ 1,(t),Ry = [if, ..., i}] € T \ Z,(t)
recommendation rankings such that:

(1) VL i} € rel,(t,At) & i} € rely(t,At)
(2) |rel,(t, At)| = |rel,(t, At)|

Then, m@k (u, Ry, t, At) = m@k (v, Ry, t, At)

Proor. By Lemma A.1, given u, v, we can find two equivalent customers, u’,v” with 7, (t) =
I, (t) = O such that m@k (u, Ry, t, At) = m@k(u’, Ry, t, At) and m@k (v, Ry, t, At) = m@k(v’, Ry, t, At).
It is therefore enough to proof the theorem for the particular case where 7,,(t) = Z,(¢) = 0. For
proving the theorem, we just need to gradually transform u and R,, into v and R, without modifying
the value of the metrics. For this, we shall consider properties All1 and AII2 as follows:

Step 1: For every asset i € rel, (¢, At) \ rel, (¢, At), we choose j € rel,(t, At) \ rel, (¢, At). Then, we
replace j by i in rel, (t, At) and:

(1) if i, j € R, we swap them.

(2) ifi € Ry, j ¢ R, we replace i by j in R,,.

(3) ifi ¢ Ry, j € R, we replace j by i in R,,.

We need to check that these transformations are possible and do not affect the value of the metric.

First, we need to observe that, for every asset i € rel, (¢, At) \ rel,(t, At), another asset j €
rel, (t, At) \rel, (¢, At) exists. As |rel, (¢, At)| = |rel, (¢, At)|, by symmetry, it is true that |rel, (¢, At) \
rel, (¢, At)| = |rely (¢, At) \ rel, (¢, At)|.

Next, we need to prove that the newly created customer/ranking pair w, R,, at the end of
this step can substitute u in terms of the theorem conditions. For this, we should first notice
that, after processing every asset i € rel, (t,At) \ rel,(t, At), we get a new customer w where
rel,, = rel, (t, At) U {j} \ {i}. For this customer w, |rel,,(t, At)| = |rel, (¢, At)| = |rel,(t, At)|. If we
repeatedly apply the previous transformations over the resulting w, these observation stays the
same. This means that the new customer, w, satisfies property (2) of the theorem.

Now, we need to observe the four ways of modifying the ranking:
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(1) If i, j ¢ Ry, ranking Ry, is not modified (R,, = R,,). Then, for all [, i’ € rel, (t,At) & i€
rel,, (¢, At) and, consequently, for all [, i) € rel,(t,At) <= i] € rel,(f, At) - satistying
condition (1) in the theorem.

(2) Ifi € R, j ¢ Ry, we substitute i by j in the ranking (and set j it in the same position as i).
The position of relevant assets for w in R,, is the same as the position of relevant assets for u
in R, - meaning that condition (1) in the theorem holds for w, R,,.

(3) Ifi ¢ Ry, j € Ry, we follow the same reasoning as in case 2.

(4) If i, j € Ry, the ranking R, is modified into R,, by swapping the positions of i, j. By doing
this, w has relevant assets in R,, in the same positions as u has for R, (hence condition (1) of
the theorem still holds for w, R,,).

Finally, due to property AII2 of transaction-based metrics, we satisfy that m@k(u, Ry, t, At) =
m@k(w, Ry, t, At) for the four transformations. As long as we apply a finite number of transforma-
tions, the remaining pair w, R,, will then satisfy that m@k(u, R, t, At) = m@k(w, R,,, t, At) and
can substitute u for the remaining of the proof (as it still satisfies the conditions of the theorem).

Step 2: For 1 <[ < k, if i, # i., substitute i}, by i, in the ranking.

First, we can prove that, after the previous step, the remaining customer w is equivalent to v. For
this, as 7,,(t) = I,(t) = 0, it is enough to show that rel,, (¢, At) = rel,(t):

rel,, (t, At) = [rel,, (¢, At) U (rely (¢, At) \ rel, (t, At))] \ (rel, (¢, At) \ rel, (¢, At))
= (rel, (t, At) Urel,(t, At)) \ (rel, (¢, At) \ rel, (¢, At))

= (rely (£, At) Urely (£, At)) \ (relu(t, At) N rel, (7, At))
= (rel, (t, At) U rely (£, At)) N (relu(t, AD) Urel,(t, At))

= (rely (£, At) N rely (£ At)) U (relu(t, A N rely (2, At))
= rel, (¢, At)

Therefore, as w = v, we just need to modify the ranking. By applying the previous transformation,
we gradually modify the ranking R,, into R,. All those transformations change relevant assets by
relevant assets and irrelevant assets by irrelevant assets (meaning, that, for every intermediate
Ry, il, € rel,(t,At) & i, € rel,(t, At). Then, by Alll, m@k(u, Ry, t, At) = m@k(w, Ry, t, At) =
m@k (v, Ry, t, At), concluding the proof. O
A.2 Theorem 5.6

THEOREM A.3. Givenk > 1, a fixed test period (t,t + At) a set of financial asset I, a transaction-
based metric mrr@k and a profitability-based metric mpg@k, the correlation between mrr@k and
mpB@k is 0.

Proor. We need to prove that the correlation between a transaction-based metric mrr@k and a
profitability-based metric, mpp@k, given a fixed period of time (¢, + At), is, exactly, 0. For this
purpose, it is sufficient to prove that:

E [mrr@k|t, At] - E [mpp@k|t, At] = IE [mrr@k - mpp@k|t, At]

First, we can observe that we need to run these averages over all the possible customer-ranking
pairs. We denote this set as U@k (1) where

Urak(t) = {(u,R) € U XR@kKIR € I\ L,(1)} (16)
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To simplify the notation, for the rest of this proof, we shall refer to this set as Ugr. We can
count the amount of elements of that set as follows, by partitioning the set of customers by the size
of their history 7, (¢):

| 7]-k |T|-k

HIES YD YR ED YD YRED YR ED WD WD RN
ueUU ReR@k Jj=1 uel ReR@k j=1 ReR@k ueU
RCI\I,(t) [ Zu(t)|=j RCT\ L, (t) [ 2 (2)|=]

RCI\I, (1)

We can find an explicit value for the last sum:

IZ1-j .
|{uefu|RgI\fu<t>A|Iu<t)|=j}|=('I'._k) )3 ('I'_J)=('I'._k)2'“‘f (18)
] 1=0 ! J

In this calculation, we consider that we first have to choose j elements outside of the ranking to
build 7, (t) (therefore, there are as many possible user histories as combinations of j elements from
|| — k). Then, for every of them, we select a size for |rel, (¢, At)| between 0 and | 1| — j and, then,
choose those elements from the assets not appearing in the customer history (take |rel, (¢, At)|
elements from |7 | — j possibilities. As we can observe, this value does not depend on R, hence:

|I|-k

[Urerl = D) D) Hue URC T\ L) A L) =} (19)
j=1 ReR@k
| |-k
-k X
~iRak|- | Y ('I ; )z'f'—f (20)
=\
=2k . 31717k . |R@k| (21)
We now compute the value of I [mpp@k|t, At]:
E[mpp@k|t, At] = ——— - > mpp@k(uR 1, AL) (22)
iﬂﬂ@ki uel ReR@k
RuCT\Zu(1)

We can divide the complete set of users according to the size of 7, (t). Therefore, we can rewrite
the previous expression as follows:

[ Urar| - Elmps@klt, At] = >° > mpp@k(u, R t, At) (23)

ueld ReR@k
RCI\I,(t)

|T|-k

- Z Z Z mpg@k(u, R, t, At) (24)

j=1 uel ReR@k
[Zu(t)|=j RET\L,(t)

|T|-k

- Z Z Z mpB@k(u,R, t,At) (25)

Jj=1 ReR@k ueU
RCI\1,(¢)
[ Zu()1=j

By applying the customer independence property of profitability-based metrics, we know that
the value of mpp@k(u, R, t, At) does not depend on u. Therefore, by defining mpg@k (R, t, At) as
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the value the metric has for every possible (u, R) pair we can then observe that:

iq’lﬂ@ki : ]E[mPB@k|ts At] = Z Z mPB@k(ua Rua L At) (26)
ucUU ReR@k
RCI\IL(1)
|T|-k
=), 2, MueUlL=jARCS T\ L0} mps@k(R 1, A1)
Jj=1 ReR@k
(27)
We can finally use Equation (22) to show that:
[Urak| - Elmps@klt, Al = D D" mpp@k(u, Ryt A) (28)
ueUU ReR@k
RCI\IL(1)
| I|-k
=2 X (']'. k)z'f"f - mpp@k(R, 1, At) (29)
j=1 ReR@k J
||k B
:[Z (III' k)z'“‘f'l- Z mpp@k (R, t, At) (30)
— J
J ReR@k
=k . 3lll-k . Z mpp@k (R, t, At) (31)

ReR@k

Next, we compute the value of E[mrr@k|t, At]. Following the same steps as for E[mpp@k]|t, At],
we can observe that:

[Urer| - Elmrr@klt,Atl = >° )" mrg@k(u, Ry t, AL) (32)
ueU Ry:R, CI\I, (1)
[Ru |=k
| I|-k

= Z Z Z mrr@k(u, R, t, At) (33)

j=1 ReR@k uelU
RCI\I1,(t)
[Zu(t)|=j
Now, let’s define as S(R, j, t, At) the sum of the metric values of a ranking R over the set of
customers for which (a) R is a valid recommendation (R C I \ ,,(¢)) and (b) they have interacted

with j assets in the past (i.e., | Z,(?)| = j):
S(R, j,t,At) = Z mrr@k (u, R, t, At) (34)
ueld
RCI\I1,(¢)
[ Zu(2)|=j

We want to prove that S(R, j, t, At) does not depend on R, i.e., that for every pair of rankings
Ri,R; € R@k, S(Ry, j, t,At) = S(Ry, j, t, At) = S(j, t, At). For this, we first need to prove that, for
every customer u with |Z,(t)| = j such that Ry ¢ I \ Z,(t), there is another customer v with
|Z,(t)| = j such that R, C T \ 1,(t) with m@k(u, Ry, t, At) = m@k(v, Ry, t, At).

Then, if we define the set of customers with history size j for which R is valid as Ug(j), we
would need to check that it is possible to build a bijection g : Ug,(j) — Ug,(j) matching
customers in both sets such that m@k(u, Ry, t, At) = m@k(g(u), Ry, t, At). If that is true, then,
S(Ry, j, t,At) = S(Ro, j, t, At).

We first check that, if we have two rankings, R, R, and u € U such that R, C I C I, (t) we can
find a customer v such that:
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(1) [rel, (¢, At)| = |rely (2, At)]

(2) iff € rely(t,At) & i} € rely(t, At)

) ()] = L()] = j

If we define relg(u, t, At) = rel,(t, At) N R as the relevant assets in the ranking for customer
u, we can choose v by (a) adding to rel,(t, At) the assets in R, occupying the positions of the
relevant assets in R, for rel, (¢, At); (b) choosing |rel, (¢, At)| — |relg(u, t, At)| outside of R, to get
the rest of relevant assets for v; (c) fixed rel, (), choosing choose any j assets from 7 which do not
appear in the ranking or in the set of relevant assets for v. Then, by Theorem 5.4, we know that
mrr@k(u, Ry, t, At) = mrr@k (v, Ry, t, At). With this, we know that, for every customer u € Ug, (j)
we can find another customer v € Up, (j) such that mrr@k(u, Ry, t, At) = mrr@k (v, Ry, t, At). Now,
we need to find whether we can establish a bijection:

For this, let’s establish an equivalence relation over Ug(j) where u ~ w if

(1) |rel, (t, At)| = |rel,, (t, At)|

(2) i; e rely (t,At) = ij € rel,,(t, At)

) ()] = Ly(8)] = j
This function defines a partition of the set Ug(j), on which m@k(u, R, t, At) = m@k(w, R, t, At)
for every pair of users u, w in the same partition. We define the equivalence class of a specific
customer u as UR. Then

|I| -k |I| — k — |rely, (¢, At)| + |relg(u, t, At)|
|UR| = : e (35)
|rel, (t, At)| — |relg(u, t, At)| j
where first factor indicates the possible choices of relevant assets outside the ranking R, and, fixed
that, the second factor indicates the number of possible ways to choose 7,,(t).
Then, if we go back to the case where we had R,,, R,, for every v € Upg,, chosen by the procedure

described above, we have that:

U | = 1 -k 1] = k — [rely (£, At)| + |relg, (o, £, At)]|
2 1 \|rely (8, At)| — |relg, (o, t, At)] j
_ 1l - k (M1 = et A0+ el (£ ADI 1 e,
|rel, (2, At)| — |relg, (u, t, At)| j u

or, in other words, that by applying this transformation over u, we can choose I%I,f “| options.
If we apply the transformation over any of the elements in UL, we would choose one of the
customers in ‘Llf ?. And, as they are both the same size, we can then create a bijection from (Llf u
to ’Llf “. As this is true for every equivalence class, we have proved that, for every R, R, € R@*k,
S(Ry, j, t, At) = S(Ry, j, t, At) = S(j, t, At).

Now, we can substitute this in Equation (33):

[Urer| - Elmrr@klt, Atl = > >\ mrr@k(u, Ry, 1, At) (36)
ueU R,:R,CT\I,(t)
[Ry |=k
7=k |T|-k
= Z Z S(j,t,At) = Z IR@K|S(j, t, At) (37)
j=1 ReR@k Jj=1
| I-k
= [R@K| ) S(j.t,AL) (38)
j=1
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Now, combining Equations (31) and (38), we have that:

ok 371k R@k| [R5
E[mrr@klt, At|E[mp@K|t, At] = | 2, SG.LAD|| > mes@k (R, AD)
U k| =1 ReR@k
(39)
1 | 7I'|-k
=——| D} S(.t.An) mps@k (Rt A1) (40)
il 20| 52,

For the last step, we just substitute the numerator of the fraction applying Equation (21). Finally,
we just need to compute E [mrr@k - mpp@k|t, At]:

E [mrr@k - mpp@k|t, At] = ——— mpg@k(u, R, t, At) - mrr@k(u, R, t, At) (41)

| R@k| (u.R) e Urak

where we apply similar steps to those for E[mrr@k|t, At] and E[mpp@k|t, At]:

|(L[‘R@k| - IE [mrr@k - mpp@k|t, At] = Z mpg@k(u, R, t, At) - mrr@k(u, R, t, At) (42)
(u,R) e Ugar
| I1-k
= > > D mes@k(wRt AL mrr@k(uR t,AL)

j=1 ReR@k ueclU
RCI\L,(t)

|Zu(D)]=j
(43)

| T|-k

= Z Z Z mps@k(R, t, At) - mrr@k(, R, t, At)

J=1 ReR@k uelU

RCSI\L,(z)
[Zu(t)|=j
(44)
| I]-k
= Z Z mpp@k (R, t, At) - Z mrr@k(u, R, t, At)
j=1 ReR@k uel
RCI\T1,(t)
[Zu(t)1=j
(45)
| I|-k
= > D mes@Kk(R t,AL) - S(j,t, At) (46)
j=1 ReR@k
|T|-k
= [ Z S(j,t,At)| - Z mp@k(R, t, At) (47)
j=1 ReR@k
= |Urek| - E [mrr@k - mpp@Kk|t, At] (48)
As E[mrr@k|t, At] - E[mpg@k|t, At] = E [mrr@k - mpp@k|t, At], the correlation between
metrics in these families is equal to 0, proving our theorem. O

B FULL RESULTS

We include in Figure 15 the comparison of performances of different algorithms between the
transaction-based nDCG@10 and the profitability-based Monthly ROI@10 metrics over time when
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considering a At = 6 months investment horizon. Each line represents a different algorithm. Figure 5
shows the average performance of the different types of recommendation strategies (pricing-based,
transaction-based or hybrid) over time divided in three charts for readability. The top row represents
our primary transaction-based metric (nDCG@10) on the y axis, while the bottom row represents
the results for the profitability-based metric (Monthly ROI@10).

We include statistical significance tests for this experiment in Appendix C. The statistical tests
(two-tailed Student’s t-tests with p-value p < 0.05 and Bonferroni correction) were carried sepa-
rately for each of the dataset variants.

C STATISTICAL SIGNIFICANCE TESTS
C.1 Statistical significance test of comparisons between algorithms

We include in this section the statistical significance test results for our experiments in Section 9.
Following the experimental procedure followed, for each date, we studied the statistical significance
of our experiments by performing a two-sided Student’s t-test with p-value p < 0.05. In order to
account for multiple testing, we apply the Bonferroni correction.

Results are shown in Tables 7, 8,9 and 10. Each table represents the statistical significance results
for a single metric (respectively, nDCG@10, monthly ROI@10, volatility@10 and %prof@10). On
each table, every row and column represent an algorithm. For the i-th row and the j-th column, the
value represented on the cell shows the fraction of dates on which the i-th algorithm significantly
beats the j — th algorithm with respect to the number of times algorithm i beats algorithm j. For
example, in Table 7, the first value (32/38) indicates that the random forest algorithm beats random
recommendation 38 times, and, from them, the different is significant 32 times according to our
statistical test. Bold cells indicate that 100% of the tests highlight significant value differences.

Colours in the tables represent the percentage of times on which a test is significant with respect
to the number of wins. Red cells indicate that less of 50% of the tests correspond to a significant
advantage, yellow cells indicate that between 50% and 75% of the metric differences are statistically
significant, and green shows that more than 75% significant tests are positive. Darker colours
indicate that the row algorithm outperforms the column algorithm at least in half of the dates (>30
times). Finally, white cells show that the row algorithm never outperforms the column algorithm
with respect to the metric.

C.2 Statistical significance test of Pearson correlations

We also include the statistical significance test results for the Pearson correlations between metrics
shown in Figure 4, Figure 7, Figure 12 and Figure 13. These tests aim to check whether the correlation
is different than 0.0. For this, we perform a Student’s t-test with p-value p < 0.05. Table 11 shows
the p-values for the Pearson correlation values shown in Figure 4(b). As we can show, for most
of the comparisons (except for the comparison between nDCG@10 and %prof@10), the Pearson
correlation is significantly different than 0 - indicating that there is a linear relation between the
metrics. Table 12 shows the equivalent table for the experiments with synthetic users (correlations
shown in Figure 7(b))

Figure 16 further shows that the p-values for the statistical tests of the Pearson correlation
between nDCG@10 and Monthly ROI@10 are all lower than 0.05 for the different investment
horizons tested in Section 11. Finally, Figure 17 illustrates whether the Pearson correlations over
time illustrated in Figure 13 significantly different than 0.
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Price-based Transaction-based Hybrid

E:E 0 22 2 % s B Bz ¢
Random - 19/23  18/29 0/0 0/0 0/0 0/0 0/0 0/0 1/8
g Random forest - - 28/40 0/0  0/0  0/0 0/0 0/0 0/0 5/7
'g LightGBM 23/32 | 17/21 0/0 0/0 0/0 0/0 0/0 0/0 4/6
E Linear regression | 23/30 | 14/24 20/24 - 0/0 0/0 0/0 0/0 0/0 0/0 2/2
< Popularity - 0/0 = 26/44 26/26

54

§ LightGCN - 32/49
.g ARM 2/17  0/0 24/26
g | MF 04 00 17/18
é UB kNN 0/0 0/0 0/0 0/0 - 0/0 11/13
CPS 0/0 ~ 27/45 - 26/26
:‘i Hybrid-nDCG 5/12 -

T | Hybrid-regression 24/28  27/30 0/0  0/0  0/0 0/0 3/3 0/0 9/9 -

Table 7. Statistical significance test results for the nDCG@10 metrics at 6 months.
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Fig. 16. P-values for the Pearson correlation at different investment horizons (see Figure 12).
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Price-based Transaction-based Hybrid
g g g ¢
Sz blr oz 2 ¢
Flé 2 2|2 2 E &5 8 £ |2 £
Random 18/19 16/19 19/19 27/29  28/29 25/26 15/17 27/27 22/23
g Random forest - 27/28
@ LightGBM -
& | Linear regression 28/28 29/29 -
= Popularity 21/21 24/25 25/25 - 25/26  20/22 22/26 | 24/28 21/22
13
§ LightGCN 20/20 20/24 25/25| 21/25 - 22/22 14/14 16/23 | 21/26 23/23
.g ARM 19/21  20/22 24/24 | 24/29 22/28 - 14/23  12/15 14/15 | 20/25 21/21
g MF 22/23  19/21 24/24 - 19/20  26/28 21/22
g UB kNN 20/21 23/24 22/24 - 29/29
CPS 21/21 23/24 24/24 18/20 - 22/24
E Hybrid-nDCG 25/26 25/25 24/24 27/28 24/24 25/27 - 25/26
T | Hybrid-regression 23/24 25/25 23/23 -
Table 8. Statistical significance test results for the Monthly ROI@10 metrics at 6 months.
Price-based Transaction-based Hybrid
g g
€ 2z 9P| E 7 7§
g g e} =1 =t Q i T
Fl: 2 2|5 % % s B 8% %
Random 29/30 25/28  28/29
F“z Random forest
—"3 LightGBM 24/24 27/27 24/25 23/26 23/23
E Linear regression
- Popularity
é LightGCN 17/25 28/29 21/26
§ ARM 12/19 24/24 9/21 | 17/22 24/24
g | MF - PBBL 2620 23/26
é UB kNN 27/30 - 23/24
CPS
g Hybrid-nDCG
T | Hybrid-regression

Table 9. Statistical significance test results for the %prof@10 metrics at 6 months.
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Price-based Transaction-based Hybrid
% ‘g ©) é
E oz sz oz = b
02 2 5|8 2 B g 8 B2 E
Random
% | Random forest 18/20 17/18 13/13 3/3 14/14| 18/19
—g LightGBM 19/19 20/20 17/18 2/3 18/19 | 19/19
E Linear regression 11/11  10/11 9/9 7/7 9/9 11/11
< Popularity 30/30
1
% | LightGeN 14/16
.g ARM 3/4
g | MF 10/15
[—<§ UB kNN B
CPS 21/21
:‘é; Hybrid-nDCG 13/14
T | Hybrid-regression 25/25 28/29 30/30 26/27 19/20

Table 10. Statistical significance test results for the volatility@10 metrics at 6 months.

Monthly ROI@10
Volatility@10

nDCG@10
Monthly ROI@10
%prof@10
Volatility@10
Table 11. P-values for the Pearson correlation values shown in Figure 4(b).

Monthly ROI@10
Volatility@10

nDCG@10
Monthly ROI@10
%prof@10
Volatility@10
Table 12. P-values for the Pearson correlation values for the synthetic users experiment shown in Figure 7(b).
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Fig. 17. P-values of the Pearson correlation between monthly ROI@10 and nDCG@10 for different time

horizons, divided by date (matching Figure 13).
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