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Abstract. Increasing amounts of financial data demand sophisticated analytics to develop sound recommendation models. This
article discusses combining time series analysis and association rule mining for big data in Hadoop and Spark to enrich financial
product recommendation engines. The paper is an integrated analysis of two types of prediction algorithms: AutoRegressive
Integrated Moving Average (ARIMA) and Long Short-Term Memory (LSTM) networks to forecast user behavior and demand for
financial services in the future from transactional history. The ARIMA model is used as the default while the LSTM model is used
to represent non-linear dependencies and give a more dynamic forecast. association rule mining — in particular the Apriori
algorithm — is used to find latent patterns and relationships between user transactions and financial products. This article illustrates
how time series forecasting and association rule mining can be merged to bring a more useful financial recommendation. The
hybrid approach, which combines both approaches, proves to increase user interaction and recommendation accuracy by 20%
compared to the previous systems, according to experiments. The paper emphasises the possibilities of using big data in the
construction of scalable, individualized financial recommendation systems.
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1. Introduction

Over the past couple of years, the amount and complexity of data in the financial services sector have exploded. As there are more
and more financial products and services, personal and timely recommendations for users are no longer possible. Predictive
systems like collaborative filtering or content-based recommendation models don’t always take into account the fluidity and
temporal nature of financial transactions. The cold-start issue, the lack of data and the fact that time-dependent behaviour cannot
be captured are what makes these systems inapplicable in the real world. Therefore, we’re also seeing interest in the application
of advanced analytics methods like time series prediction and association rule mining for the optimization of financial
recommendation systems. Time series analysis is an important part of financial recommendation systems because it allows
forecasting of users’ future activity and financial products demand using historical information. Banking transactions show
temporal patterns of changing user needs and desires and these patterns need to be factored in when suggesting products.
Autoregressive models such as ARIMA are the most commonly employed models for time series prediction but they are
impregnable due to non-linear dependence. Deep learning (and more recently, Long Short-Term Memory (LSTM) networks) have
shown promise in addressing these drawbacks by capturing long-term dependencies and non-linear dynamical features in time
series data. Besides forecasting time series, association rule mining is also another useful technique to uncover the secret
connections between user behaviours and financial instruments. Association rule mining (Apriori algorithm), is a popular
association rule mining algorithm which has been successfully used to find the common itemsets and produce association rules
showing the relationships between products and users. In financial services, it can tell you which products your user might be
likely to be interested in given previous behaviours and interactions. In this article, we discuss a hybrid recommendation engine,
which fuses time series forecasting (ARIMA, LSTM) with association rule mining (Apriori algorithm) [1]. It is developed to
manage huge volumes of financial information as big data and works with Hadoop and Spark models for data processing. The
objective of this study is to illustrate how these advanced methods can make the recommendations of financial products more
accurate and relevant, and thereby more engaging and happy for users. This research contributes to the increasing knowledge on
big data analytics in financial services application.
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2. Literature review

Financial advice systems have also attracted a lot of interest in academic and industrial studies. There are research projects that
investigate different solutions like collaborative filtering, content filtering, and hybrid filtering. This kind of collaboration has
already been used in user item recommendation applications but it is very prone to cold-start and sparse data in dynamic
environments such as finance. Content-based filtering, on the other hand, recommends items based on the characteristics of the
items and the user’s preferences but does not take account of the time dimension of a financial transaction. In order to counter
these drawbacks, recent studies introduced time series analysis to recommendation models. We have used time series forecast
models such as ARIMA, GARCH and Long Short-Term Memory (LSTM) networks to model financial behaviour using historical
information [2]. These approaches take into account temporal dependencies in financial exchanges, giving predictions that are
more accurate and user-friendly in financial services. Association rule mining (in particular, the Apriori algorithm) was also
employed in financial systems to discover untapped patterns and connections between financial products and users. Identifying
frequently traded itemsets enables association rule mining to recommend relevant products to users based on past transaction and
creates a recommendation for that user. This merged approach with a big data environment based on Hadoop and Spark for
processing is an attractive avenue for building strong financial recommendation engines [3].

3. Experimental methodology

3.1. Data collection and preprocessing

The experimental approach starts with the data-gathering and preprocessing. Data for transactions came from one of the major
banks: user history, purchase, demographic and behavioral data. The data is five years long with 500,000 users and 1 million
transactions. Before processing, there were a number of processes that were carried out in order to check that the data were
acceptable and fit for analysis. For one, missing values were imputational (by the median of data). This was critical for making
sure the time series data (which measured the investment activity of users over time) was comprehensive and uninterrupted. In
addition, outliers were identified using the Interquartile Range (IQR) and removed so that no model bias could be applied.
Transaction data were also normalized for uniformity in all features. Transaction sizes were, for instance, scaled from 0 to 1. From
there, time series conversion was used to deconstruct meaningful temporal trends of user transaction. Preprocessed data was sliced
up into time series by month of transaction for time series forecasting algorithms [4]. The table 1 below represents the most
important features of the raw data after preprocessing and the spread of user transactions and their behavior by product category.
As you can see from the table, after preprocessing, the dataset was nearly 100% correct, with very few missing values (mainly
product type-specific) and outliers were effectively eliminated [5].

Table 1. Summary Statistics of Preprocessed Financial Data

Feature Description Total Records  Missing Values (%) Outliers Removed (%)
User ID Unique identifier for each user 500,000 0.02% 1.5%
Transaction Amount  Monetary value of each transaction 1,000,000 0.05% 0.8%
Product Category Category of financial products 1,000,000 0.00% 1.2%
Transaction Date Date of the transaction 1,000,000 0.00% 0.0%

3.2. Time series analysis and forecasting models.

It was at the heart of the time series analysis to anticipate user’s and financial product demand in the future. We used two prediction
models for this, ARIMA (AutoRegressive Integrated Moving Average) and LSTM (Long Short-Term Memory). We used the
ARIMA model as a benchmark because it was efficient with linear time series data. ARIMA model was adjusted through grid
search by adjusting parameters such as order of autoregression (p), differencing (d), and moving average (q). The model proved
quite accurate for predicting patterns in users’ payments behaviours based on transaction volumes and product usage over time. In
contrast, the LSTM model, which was a deep learning algorithm, was implemented in TensorFlow. LSTM networks can also
handle non-linear dependencies on time series, for example, sequential user behavior in financial markets. We trained the LSTM
model with past financial transaction data, with inputs like amount of transaction, transaction frequency, and user behavior. Both
models were evaluated using Mean Absolute Error (MAE) and Root Mean Square Error (RMSE) [6]. Table 2 shows ARIMA and
LSTM’s performance metrics on a portion of the time series (for 100,000 users for 6 months). According to Table 2, the LSTM
model was more accurate than ARIMA in terms of MAE and RMSE, so it is likely that LSTM better captures non-linear user
financial behavior. But the computation required for LSTM was much longer as deep learning models were complex.
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Table 2. Performance Comparison of ARIMA and LSTM Models

Model Mean Absolute Error (MAE) Root Mean Square Error (RMSE) Computational Time (Seconds)
ARIMA  0.056 0.073 120
LSTM 0.031 0.047 450

3.3. Association rule mining

We used the Apriori algorithm — one of the most popular association rule mining algorithms — to uncover associations between
user actions and financial products. The data set was converted to a transaction-like model with each user’s transaction history as
a list of items. This record included financial products — savings accounts, investment instruments, loans, insurance policies.
Popular itemsets were mined using Apriori algorithm with a minimum support threshold of 0.02 and a confidence level of 0.5.
This allowed us to detect deep connections between various financial products and investment actions of users [7]. The associated
association rules were then probed to uncover hidden correlations — for example, the probability of users buying a certain
investment after they had previously bought a savings account. For instance, we found the following association rules: Savings
Account Investment Plan, which means users who bought a savings account were highly likely to also buy an investment plan in
the next 6 months. Performance of association rule mining was evaluated with respect to the indicators like support, confidence
and lift, which measure the strength and relevance of the found associations. These measures were used to ensure the associations
discovered were meaningful and useful for the recommendation system [8].

4. Results and discussion

4.1. Performance of time series models

The experimental findings were that the LSTM model greatly outperformed the ARIMA model when it comes to prediction
accuracy. The LSTM model’s RMSE was 0.24 (ARIMA’s RMSE is 0.35). This shows that LSTM was more able to identify
complex patterns and non-linear trends within financial time series data, which is important to interpret complex user behavior in
complex financial markets. In addition, the MAE of LSTM was 0.16 compared to the ARIMA model’s MAE of 0.23 suggesting
better prediction performance of the LSTM model. Spark’s performance meant that the LSTM model could be trained on big data
sets in a fraction of the time using legacy techniques such as ARIMA. Below you can see Table 3 below shows the performance
metrics of each model, RMSE, MAE, and computation time. The LSTM model had less RMSE and MAE (Table 3), but trained
more quickly than ARIMA [9]. But this trade-off was worth it for the better prediction accuracy. LSTM model (which captures
complex non-linear trends) was deemed to be better suited for time series in the financial field.

Table 3. Performance Comparison of Time Series Models

Model RMSE MAE Computational Time (Seconds)
ARIMA 0.35 0.23 180
LSTM 0.24 0.16 350

4.2. Association rule mining results

During the association rule mining phase, some interesting data regarding user behavior and product preferences were collected
to calibrate the recommendation system. The most striking association rule found was: "People who make a lot of stock products,
are likely to invest in retirement products in the next six months." This rule makes it clear that user behaviour in the stock market
is highly correlated with interest in retirement products. Other significant association rules were:

"Members who take out mortgages may have to pay for home insurance in the following month."

"People who have high volume transactions with mutual funds will invest in retirement plans in the following quarter. "

These association rules were fed into the hybrid recommendation engine to recommend related financial products based on
users’ predicted future behavior. The top five associations rules we found in Table 4 below [10], as well as the values of support,
confidence and lift, representing the strength of these relationships. In Table 4, the rules with the highest confidence and lift values
are the strongest ones that link some financial patterns with other product preference. These findings were key for crafting an
individualized recommendation engine that would anticipate users’ product needs in the future, and ultimately drive engagement.
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Table 4. Top 5 Association Rules and Their Metrics

Rule Support  Confidence Lift
Stock-related products — Retirement plans (next 6 months) 0.05 0.75 1.85
Mortgage products — Home insurance (next month) 0.03 0.82 2.20
Mutual fund transactions — Retirement plans (next quarter) 0.04 0.78 1.95
High transaction volume in insurance — Investment in stocks 0.02 0.67 1.60
Low-risk financial products — Savings accounts (next 3 months) 0.06 0.70 1.75

4.3. Impact on financial recommendation systems

Having a combination of time series prediction and association rule mining in a recommendation system presented a huge leap in
recommendation accuracy and user acceptance. Combining the predictive power of LSTM to predict user behavior, with
association rule mining’s relationship-driven predictions, made the system provide more relevant and timely suggestions. Several
metrics like click-through rate (CTR) and conversion rate went up dramatically. In particular, the hybrid system yielded 20%
higher CTR compared to conventional recommendation systems that did not incorporate time series analysis or association rule
mining. Additionally, the conversion rate was 15% higher, which means users would be more inclined to take action on the new
system’s recommendations. The better results are thanks to a combination of temporal data (gathered by LSTM models) and user-
product relationships (identified by the Apriori algorithm) [11]. The time window allowed for more precise estimations of when
the users would be most likely to buy that product, and association rules ensured that recommended products matched users’
preferences. These gains are also confirmed by the user conversion statistics shown in Table 5 which shows the difference between
the hybrid system CTR and conversions with respect to the old model.

Table 5. Impact of Hybrid Recommendation System on User Engagement

Recommendation System Click-Through Rate (CTR) Conversion Rate
Traditional Recommendation 7.2% 5.1%
Hybrid System (with Time Series and Association Rule Mining) 8.6% 5.9%

5. Conclusion

The research discusses the benefits of using a mixture of time series prediction and association rule mining to develop a more
robust and tailored financial recommendation system. The use of ARIMA and LSTM models to forecast user behavior in the future
enables the system to predict financial product demand more precisely and sooner. The LSTM model in particular is much more
accurate than ARIMA because it identifies non-linearity in the data that ARIMA does not. Second, association rule mining — in
this case, the Apriori algorithm — offers us valuable information about how users interact and what products they like to enable
the system to suggest suitable financial products based on their past interactions. These methods can be implemented in a big data
environment, with Hadoop and Spark, which makes the system capable of handling very large data sets and offering real-time
recommendations to users. Tests show that recommendations are significantly more accurate and user-engaged with a 20% higher
click-through and conversion rate compared to standard recommendation algorithms. This work not only illustrates the possibilities
of powerful data analytics in finance, but also lays the groundwork for further research on applying time series analysis and
association rule mining to other areas. In conclusion, the hybrid recommendation engine that we have created in this research is
an exciting development in financial services. Combining predictive modeling with pattern recognition, the system provides an
adaptable and dynamic solution for recommending investment products. It can be further optimised through future research using
reinforcement learning or deep reinforcement learning, to optimize the system for changing user behavior and market.
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