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Evaluating The Predictive Performance Of LSTM
Models On Chilean Pension Funds: A Comparative
Study Using The S&P 500 Index

Cristian Andrés Gajardo Montecino
24122246

Abstract

The expanding need for sustainable pension systems requires data-driven fore-
casting tools which help both financial planning and institutional decision-making.
This research examines how three Long Short-Term Memory (LSTM) architec-
tures—Multivariate LSTM, Attention-Based LSTM, and Multi-Input LSTM, per-
form in forecasting the daily quota values of “Fondo A” which is managed by AFP
Habitat in Chile. The S&P 500 index served as an exogenous input to address
traditional model limitations in volatile financial environments. The preprocessed
historical time series data underwent standardized normalization followed by sliding
window techniques before Python models with TensorFlow/Keras were trained for
evaluation through RMSE, MAE and R? metrics. Model architecture proved to be a
decisive factor in accuracy because the Attention-Based LSTM enhanced temporal
feature extraction while the Multi-Input LSTM delivered the highest performance
(RMSE: 909.62, R%: 0.9820) by processing local and global signals independently.
The research demonstrates that specific architectural improvements produce su-
perior results than conventional methods which provide a flexible framework to
enhance pension fund predictions in emerging market environments. The study
faces limitations because it uses data from a single AFP and only one external in-
dicator; future research should include more macroeconomic variables and expand
datasets while investigating real-time deployment to maximize operational value.

1 Introduction

Worldwide pension systems face an urgent sustainability challenge because populations
are aging and economic markets are becoming more volatile and connected to each other.
The Mercer CFA Institute Global Pension Index Knox et al| (2024) ranks Chile among
the top-performing pension systems in Latin America regarding overall performance but
shows ongoing difficulties in maintaining long-term sustainability. The report demon-
strates that combining strong investment plans with predictive risk evaluation methods
is crucial for maintaining retirement income systems during demographic and economic
challenges. According to |(Gubalova et al. (2025) the Sustainability Pension Sub-Index
reveals that pension systems require transparent governance alongside diversified asset
allocation and active management of long-term risks to stay sustainable.

The current worldwide pension fund management practices demonstrate an increasing
requirement for improved forecasting methodologies. According to Trends in State and



Local Pension Funds (Giesecke and Rauh; 2023) pension funds have been transitioning
their assets to alternative investments while expanding their global market presence and
requiring innovative risk management solutions. The changing environment requires pen-
sion funds to move beyond market event responses by using predictive modeling systems
that analyze various economic and financial signs.

The financial industry has experienced a substantial transformation in forecasting meth-
odologies because of recent advances in machine learning (ML) and deep learning (DL)
which provide valuable tools for extended investment planning. The research by Sonkavde
et al.| (2023) explains how ensemble models including Random Forest and XGBoost and
LSTM produce better results than statistical methods when it comes to stock price pre-
dictions and market trend assessment and portfolio risk control. The modeling techniques
used for short- and medium-term market movements also apply to long-term investment
scenario modeling which pension fund management requires. Advanced models that com-
bine sentiment analysis with technical indicators and macroeconomic variables produce
forecasts which are stronger and more adaptable. Pension systems need this forecasting
capability because accurate scenario modeling helps fund managers make strategic asset
allocation decisions which enhances investment sustainability across multiple decades.
Pension fund investments in Chile serve both as a protection mechanism for individual
retirement security and a foundation for national economic stability. These funds have
such extensive size and influence that small enhancements in forecasting precision would
produce major positive effects on both investment returns and risk reduction over time.
This research aims to develop scenario modeling for pension fund investments in Chile
to provide fund managers with better predictive tools for market trajectory assessment
and asset allocation strategy development.

The research investigates whether advanced LSTM architectures that include attention
mechanisms along with multi-input designs will boost the predictive accuracy of pension
fund performance when analyzing global market indicators such as the S&P 500. Three
LSTM-based models will be developed to answer this research question including the
Multivariate LSTM and the Attention-Based LSTM and the Multi-Input LSTM.

This study makes three main contributions by using advanced deep learning models in
pension fund forecasting for emerging markets and by integrating global financial indic-
ators and assessing different architectural improvements for complex temporal depend-
encies. The research follows a particular structure which begins with LSTM applications
for financial time series prediction then progresses to architectural developments includ-
ing multi-scale processing and attention mechanisms and hybrid models. The analysis
consists of examining the relative performance of LSTM against statistical models and
their applications in emerging markets and institutional finance and their combination
with other machine learning approaches. The research gap that this thesis addresses is
established through the ordered sequence of literature review. The research design has
a limited scope because it focuses on Fondo A of AFP Habitat in Chile and uses the
S&P 500 index as the benchmark for the global market. However, the methodological
framework can be extended to other pension funds and markets.

This report continues as follows: Section 2 discusses relevant research while Section 3
explains the research design. Section 4 explains the model architectures together with
their design specifications. Section 5 explains the implementation process. Section 6 re-
veals the evaluation findings. The final section of this report (Section 7) presents research
conclusions alongside recommendations for upcoming investigations.



1.1 Research Hypothesis

The research follows this hypothesis: The research predicts that advanced LSTM ar-
chitectures with attention mechanisms or multi-input designs will generate more precise
forecasts of Chilean pension fund values than a basic multivariate LSTM when using
external macroeconomic indicators such as the S&P 500 index. The research evaluates
this hypothesis through a comparison of predictive accuracy between three LSTM-based
models using historical time series data from AFP Habitat’s “Fondo A” while examining
the effect of adding a global market variable.

2 Related Work

Financial time series forecasting relies heavily on Long Short-Term Memory (LSTM)
networks because they excel at handling temporal dependencies and detecting nonlinear
relationships.

Bahador (2018)) tested the predictive capabilities of LSTM models on the S&P 500 index
through a univariate framework. The research showed that forecasted values differed from
actual backtesting results which demonstrated the weaknesses of using single-variable
models in complex financial systems. The research established essential theoretical prin-
ciples which future studies used to develop hybrid models that included external variables
before the current study integrated the S&P 500 index into its predictive framework.
Fu et al.| (2022) created an integrated forecasting framework that used ICEEMDAN and
VMD decomposition techniques together with multi-factor analysis and an attention-
based LSTM (ALSTM) network. The approach improved the LSTM’s pattern recogni-
tion capabilities for financial data through its decomposition of original time series into
more stable components. The proposed decomposition-attention architecture demon-
strated superior predictive accuracy compared to Random Forest and GRU and standard
LSTM models according to the research findings. The research proves how preprocessing
combined with attention mechanisms improves LSTM performance which aligns with the
present study’s objective to investigate advanced architectural enhancements.

Teng et al. (2022) developed the Multi-Level Context-Aware LSTM (MLCA-LSTM)
model to improve LSTM network predictive power through time scale integration with
hierarchical attention mechanisms. The model uses local descriptors including Piecewise
Aggregate Approximation (PAA), slope, and HOG-1D to detect short-term trends and
reduce financial data noise effects. The experimental results showed that MLCA-LSTM
outperformed traditional LSTM architectures in trend prediction tasks. The research
findings are directly applicable to this study because they demonstrate how attention
layers combined with multi-scale feature extraction can enhance forecast stability in un-
predictable market conditions.

Zhang et al. (2024) proposed the 1D-CapsNet-LSTM hybrid model which unites the spa-
tial feature extraction abilities of one-dimensional Capsule Networks (CapsNet) with the
temporal modeling abilities of LSTM networks. The architecture was developed to over-
come the spatial-temporal dependency limitations of traditional LSTMs in financial time
series analysis. The model achieved superior performance than baseline approaches in
its evaluation of the S&P 500 index and multiple global indices through Multiple-Input
Multiple-Output (MIMO) strategies for modeling complex market relationships. The re-
search results validate the effectiveness of hybrid deep learning architectures which match
the current investigation into multi-input and attention-based LSTM models.



The research of Assaf et al.| (2021)) directed LSTM applications toward volatility forecast-
ing instead of price prediction through stacked multivariate LSTM models. The authors
used multiple asset prices together with longer lag periods to improve their model’s ability
to forecast high-frequency intra-day volatility. The proposed LSTM framework achieved
better performance than traditional GARCH models in volatility prediction because it
successfully detected intricate temporal patterns in volatile financial markets. The re-
search demonstrates how LSTM architectures can handle various financial forecasting
needs by showing their ability to model indicators that extend past basic price move-
ments.

Kobiela et al.| (2022) conducted a comparative analysis between ARIMA and LSTM mod-
els to predict NASDAQ stock prices for short- and medium-term periods. The research
showed that ARIMA performed better than LSTM in multiple cases especially when
forecasting 30 days ahead because it produced results that were 3.4 times more accurate.
The research demonstrated that the choice of forecasting model depends on the dataset
features and the length of the prediction period. The research findings support the cur-
rent investigation by demonstrating the need for model selection based on context and
showing instances where deep learning methods do not provide better results.

Research in recent times has concentrated on enhancing LSTM architectures together
with the integration of other deep learning paradigms. |Geras et al. (2015) developed
“model blending” as a method to merge the inductive properties of LSTMs and CNNs.
Research revealed CNNs and LSTMs learn distinct patterns and transferring LSTM know-
ledge to CNNs resulted in better accuracy and computational efficiency than using in-
dividual architectures. The research supports financial forecasting methods that utilize
hybrid structures and multiple inputs because they require simultaneous detection of
temporal patterns and feature-space relationships.

Traditional forecasting methods have received extensive comparison to LSTM models
in various studies. |Meghana and Shailaja (2024) performed a benchmarking study to
evaluate the performance of LSTM networks relative to traditional forecasting models
including ARIMA, Support Vector Machines (SVM), and Random Forest. The study
evaluated how well the models detected nonlinear relationships in financial time series
data. The results showed that LSTM performed better than traditional models when
dealing with complex and nonlinear data patterns but the study did not include hybrid
enhancements or macroeconomic indicators. The study’s findings had restricted applicab-
ility to complex financial environments because of this exclusion. The research supports
the current study by demonstrating that LSTM performs better than traditional models
yet shows how adding external variables and architectural enhancements could produce
better results.

Muncharaz| (2020) tested the predictive capabilities of LSTM models against Exponen-
tial Smoothing (ETS) and ARIMA models using a dataset of 284 S&P 500 stocks. The
results demonstrated that LSTM produced lower prediction errors than both traditional
models when analyzing complex and noisy financial datasets. The research demonstrated
how LSTM models excel at detecting complex time-based relationships which standard
statistical approaches struggle to identify. The research supports the current study’s im-
plementation of LSTM architectures for financial prediction because market behavior in
such contexts involves multiple interacting factors.

Nguyen and Slepaczuk (2022) analyzed the effect of adding technical indicators to LSTM
models for financial prediction tasks. The research analyzed daily returns by adding
two technical indicators MACD and RSI as supplementary input features. The research



showed that using technical indicators as additional inputs led to better forecast accuracy
than using only price data. The research supports the current study by demonstrating
how feature engineering improves LSTM performance which justifies the combination of
worldwide market indices with domestic financial indicators.

Zhang et al.| (2018)) developed an LSTM model that combined with a multi-factor selec-
tion method to enhance financial time series prediction accuracy. The model achieved
90% predictive accuracy when applied to the CSI 300 index and produced substantial
excess returns. The model demonstrated weak performance in predicting neutral returns
because it excelled at detecting extreme market movements but struggled during periods
of market stability. The research findings from this study match the current investiga-
tion because they demonstrate both the strengths and weaknesses of using factor selection
with LSTM models which supports further investigation into multi-input structures and
attention mechanisms.

The comparative analysis by [Kijewski et al.| (2024)) used two decades of S&P 500 index
data to compare the performance of classical forecasting strategies, such as ARIMA, mo-
mentum, and contrarian approaches, with recurrent neural networks, including LSTM.
The study found that LSTM models outperformed traditional methods during periods
of heightened market volatility, such as the 2008 financial crisis and the COVID-19 pan-
demic. Furthermore, the authors highlighted the benefits of integrating multiple pre-
dictive signals to improve accuracy and reduce portfolio risk. This work is relevant to
the present study as it reinforces the suitability of LSTM models for volatile market
conditions and supports the integration of diverse data sources to enhance predictive ro-
bustness.

Santos| (n.d.) used recurrent neural networks with Gated Recurrent Unit (GRU) lay-
ers to predict age-specific mortality rates in Chile to enhance actuarial predictions for
pension fund planning. The results showed that GRU-based models outperformed tradi-
tional demographic decomposition methods in terms of accuracy and stability in mortality
forecasting. Although the focus was on demographic rather than financial time series,
the study is relevant to the present research as it illustrates the value of recurrent ar-
chitectures in institutional contexts such as pension fund management, where accurate
long-term projections are essential for policy and investment decision-making.
Silvestre-Ponce et al.| (n.d.) used a multi-output LSTM model to predict Chile’s bond
market yield curve. The method sought to reduce model complexity while enhancing
the directional accuracy of forecasts for various maturities. The model generated bet-
ter directional predictions than traditional benchmarks although it did not produce the
highest returns which makes it suitable for strategic planning in developing markets. The
research findings are relevant to this study because they show how LSTM architectures
work in Chilean institutional finance and validate the use of multi-output and multi-input
designs for complex financial forecasting problems.

Sebastian and Tantia (2025) used an attention-based multivariate LSTM model to pre-
dict Indian stock prices. The Diebold-Mariano statistical test was used to validate that
the attention-based LSTM outperformed traditional forecasting models in terms of pre-
dictive accuracy. The attention layer allowed the model to filter out noise and focus on
the most relevant time steps, resulting in more reliable predictions under volatile market
conditions. This study is relevant to the present research as it highlights the benefits of
integrating attention mechanisms into LSTM architectures, a core aspect of one of the
models evaluated in this thesis.

Wekwete et al.| (2023)) investigated the application of Deep Reinforcement Learning (DRL)



for Asset Liability Management (ALM) in institutional finance. Their framework dynam-
ically optimized portfolio strategies by effectively detecting and responding to interest
rate movements, outperforming traditional ALM models in both accuracy and adaptab-
ility. Although not based on LSTM, the study is relevant to the present research as it
demonstrates how advanced machine learning techniques can enhance decision-making
in institutional contexts, such as pension fund management, by adapting to changing
market conditions in real time.

Jahan et al| (2025) used a Multi-Head Attention LSTM model to predict stock prices
in the Bangladeshi market which is known for its volatility and limited data availability.
The architecture used multiple attention heads to capture different aspects of temporal
dependencies which improved the model’s ability to extract relevant patterns from noisy
datasets. FExperimental results showed that the Multi-Head Attention LSTM outper-
formed GRU, Bi-LSTM, and standard LSTM models, delivering more accurate and robust
forecasts. This study is relevant to the present research as it underscores the effectiveness
of advanced attention mechanisms in enhancing predictive performance, particularly in
emerging market contexts similar to Chile’s pension fund system.

The financial prediction tasks benefit significantly from the implementation of atten-
tion mechanisms that enhance LSTM performance. Pardeshi et al. (2023) proposed the
LSTM-SSAM model, which integrates a sequential self-attention mechanism into the
LSTM architecture to enhance its ability to focus on the most relevant time steps in a
sequence. Tested across various financial datasets, the LSTM-SSAM outperformed Bi-
LSTM, CNN, ARIMA, and Prophet models in terms of predictive accuracy. The incor-
poration of self-attention allowed the model to dynamically adjust its focus, improving
performance in environments with high volatility and complex temporal relationships.
This study is relevant to the present research as it demonstrates how attention-based
enhancements can significantly improve LSTM forecasting, aligning with the objectives
of one of the models evaluated in this thesis.

Qiu et al.| (2020) created an attention-based LSTM framework that utilized wavelet trans-
forms to predict stock prices from major indices such as the S&P 500, DJIA and HSI.
The wavelet transform processed historical stock data to remove noise while extracting
vital features before the LSTM model received the data. The preprocessing technique
improved the model’s pattern recognition abilities which produced a coefficient of determ-
ination greater than 0.94 and a mean squared error less than 0.05. The research remains
relevant to this study because it shows how combining signal processing techniques with
attention mechanisms leads to better predictive results in unstable financial markets.
The Chinese stock market benefited from the attention-based Multi-Input LSTM model
of |Li et al.| (2018]) proposed an attention-based Multi-Input LSTM model to handle noisy
auxiliary inputs in financial forecasting. The architecture used separate LSTM layers to
process the primary and auxiliary input sequences while using an attention mechanism to
select the most relevant features from each source. The model achieved better forecasting
accuracy and robustness than standard LSTM and other baseline methods when applied
to the Chinese stock market. The research is relevant to the present study because it
shows how multi-input structures can be combined with attention mechanisms which is
a design principle used in one of the models in this thesis.

Li et al.| (2019) introduced the Evolutionary Attention-based LSTM (EA-LSTM) which
combines an attention mechanism with competitive random search optimization inspired
by evolutionary algorithms. The optimization strategy selects better time steps by escap-
ing local minima and speeding up convergence than standard gradient-based training of



attention layers. The EA-LSTM achieved better predictive accuracy on multivariate time
series datasets through the integration of evolutionary computation methods with deep
learning. The research supports the current investigation because it demonstrates that
optimizing attention mechanisms leads to improved LSTM performance which matches
the thesis objective to explore architectural enhancements.

The 2022 Entropy publication conducted by Nabipour et al.|(2020) introduced a Multi-
Input LSTM framework which processed various financial time series simultaneously be-
fore uniting them for prediction purposes. The LSTM branches handled individual input
streams to maintain their temporal characteristics before the feature fusion process. The
experimental results demonstrated that this architecture delivered better forecasting ac-
curacy and robustness than single-input LSTM models when processing data streams
with different statistical characteristics. The research findings from this study validate
the implementation of multi-input architectures for uniting local pension fund data with
global market indicators in one of the models developed in this thesis.

Hybrid approaches that combine LSTM with other learning paradigms further expand the
modeling frontier. [Zhou (2024)) created a hybrid attention-based forecasting framework
which combines LSTM networks with XGBoost and Support Vector Machines (SVM) to
enhance stock price prediction. The architecture utilized LSTM for temporal dependency
modeling and XGBoost for structured data handling and SVM for classification bound-
ary robustness. The combined model achieved superior performance than all individual
baselines especially during periods of high market volatility. The research findings sup-
port the current investigation because they demonstrate how combining deep learning
models with other machine learning techniques produces effective financial market fore-
casting systems.

The research by |Chou et al.| (2020) presented an interval forecasting framework for fin-
ancial time series through an Accelerated Particle Swarm-Optimized Multi-Output Ma-
chine Learning System. The method focused on generating forecast ranges instead of
single point predictions because it aimed to handle financial market uncertainties. The
system used simultaneous modeling of multiple outputs to exploit financial indicator cor-
relations which resulted in better predictive accuracy. The accelerated particle swarm op-
timization algorithm outperformed traditional optimization methods by delivering faster
convergence rates and superior solution quality. The research findings support the cur-
rent investigation because they show how multi-output forecasting and metaheuristic
optimization work together to enhance predictive accuracy through advanced modeling
techniques.

Roszyk and Slepaczuk (2024) developed a hybrid volatility forecasting model for the S&P
500 by merging GARCH with VIX and LSTM which produced better results than indi-
vidual models and showed that combining statistical and sentiment with deep learning
approaches delivers robust predictions. Research into financial forecasting now uses at-
tention optimization techniques to blend hybrid modeling approaches with architectural
blending methods which demonstrates a growing research trend for leveraging multiple
algorithmic strengths.

No study has examined advanced LSTM variants including multi-input and attention
mechanisms and evolutionary optimization in the Chilean pension fund system or in-
tegrated S&P 500 economic indicators to model local fund performance. This study
evaluates and compares three LSTM-based architectures which use Multivariate LSTM
and Attention-Based LSTM and Multi-Input LSTM to train on AFP Habitat’s Fondo
A data with S&P 500 index values to find the optimal design for improving predictive



accuracy in institutional finance.

3 Methodology

The research employed an experimental approach to assess how three Long Short-Term
Memory (LSTM) architectures namely Multivariate LSTM, Attention-Based LSTM and
Multi-Input LSTM performed in predicting daily quota values of AFP Habitat’s Fondo
A in Chile. The methodology follows a structured pipeline, illustrated in Figure [I}, which
integrates data acquisition, preprocessing, model training, evaluation and output.

System Flow Diagram of the Research Pipeline
Fondo A (AFP Habitat) S&P 500 (exogenous)

Y

Time alignment & merge
Missing values (forward fill)

Y

Min-Max normalization

Y

Sliding window (lookback = 60) -
(TralnNalldationﬂest split (EOIQU)j Preprocessing

Y
Commaon setup T

Adam, MSE, early stopping,
epnchs 100 batch=32

e\ 2: Model 3: - -
[Altentlon Based LSTMJ MultiInput LSTM Modeling & Training (TensorFlow/Keras

Model 1:
Multivariate LSTM

Y
[Metrlcs: RMSE, MAE, MAPE, R*

Predicted vs. actual plots Evaluation & Selection
Best model selection

A

Best: Multi-Input LSTM (RMSE 909.62; R2 0.9820) 0
Practical implications for pension-fund forecasting UtPUt

Figure 1: System Flow Diagram of the Research Pipeline

3.1 Data Collection and Preprocessing

The main dataset consisted of daily quota values of different Chilean pension fund admin-
istrators (AFPs) together with their corresponding values from the S&P 500 index. The
consolidated data was stored in a CSV file named Cuota_value_&_SP500.csv. The experi-
ments utilized quota values of AFP Habitat’s "Fondo A” as well as S&P 500 index values



which served as external inputs. The preprocessing pipeline included: The approach
for dealing with missing values consisted of forward filling. Min-Max scaling normaliza-
tion was used to prepare data for neural network training purposes. The preprocessing
involved converting date indexes and organizing time series data for joint multi-input
processing. Lag-based features were developed to incorporate temporal dependencies
according to LSTM input specifications.

3.2 Model Architectures

The development of three different LSTM variants happened in Python using TensorFlow
and Keras platforms. The Multivariate LSTM served as the baseline model since it took
both the Chilean pension fund value and the S&P 500 index as multiple input variables.
The model contained one hidden LSTM layer and a dense output layer which worked to-
gether to forecast the fund value for the following day. The attention mechanism enabled
the multivariate model to become more accurate and interpretable through its imple-
mentation in the model. The attention mechanism assigned weights to time steps which
improved both the interpretability and predictive power of the model. The Multi-Input
LSTM architecture consisted of two separate LSTM branches that processed fund values
and S&P 500 series before joining them into a single output. The model structure followed
Li, Shen, and Zhu (2018) by permitting independent learning of exogenous information
and gate control over external inputs.

3.3 Experimental Setup

All models were trained using an 80/20 train-test split. The data was structured into
sequences by applying the sliding window technique which employed 60 previous time
steps for predicting the next value. The training process employed Mean Squared Error
(MSE) as the loss function together with the Adam optimizer. To ensure robustness
and comparability: All models received identical hyperparameter settings which included
epochs set to 100 and batch size set to 32. The model implemented early stopping to
stop training when validation loss reached a certain threshold for preventing overfitting.
Performance was evaluated using RMSE, MAE, and MAPE metrics. The analysis of
predicted vs actual values employed matplotlib plots for visual inspection.

3.4 Tools and Environment

All experiments were implemented in Python 3.10 using: Pandas and NumPy for data
manipulation. TensorFlow and Keras for model development. Matplotlib and Seaborn
for visualization.

4 Design Specification

This section describes the architectures used for the LSTM forecasting models that were
used in the assessment, along with the key techniques and frameworks used during the
development of the models. The architectures were designed to handle time series data
representing daily quota values of Fondo A Chilean pension fund and the macroeconomic
signals from the S&P 500 index. It was also meant to test if the level of complexity



and innovation in models improves the predictive performance when the data and pre-
processing methods are kept the same.

4.1 Common Framework and Tools

All models were developed using Python programming language and Keras API on
TensorFlow as the backend. The models were designed to take sequences of 60 his-
torical observations and forecast the next-day quota value. Some of the key software
libraries used include: TensorFlow/Keras for deep learning model construction. Pan-
das and NumPy for data handling and sequence transformation. Matplotlib for visual
diagnostics of the outputs.

4.2 Model 1: Multivariate LSTM

The forecasting model used in this study employs a multivariate Long Short-Term Memory
(LSTM) architecture which predicts the upcoming quota value of Fondo A (AFP Hab-
itat) through two synchronized time series: (i) the daily quota value of Fondo A and (ii)
the daily closing value of the S&P 500 index.

The architecture, illustrated in Figure [2| consists of the following layers:

First LSTM Layer: 64 memory units, configured with return_sequences=True to preserve
temporal information across all time steps and facilitate deeper sequential modeling.
First Dropout Layer: Dropout rate of 0.2 to mitigate overfitting by randomly deactivat-
ing a fraction of the LSTM units during training.

Second LSTM Layer: 32 memory units for higher-level temporal feature extraction and
refinement.

Second Dropout Layer: Dropout rate of 0.2, providing additional regularization.

Dense Output Layer: A single neuron with linear activation (default) to produce a
continuous-valued prediction corresponding to the next-day quota value.

This configuration exploits the temporal dependencies between the two input features.
The internal gating mechanisms of the LSTM layers enable the model to capture both
short-term fluctuations and longer-term dependencies in the data. The use of multiple
LSTM layers, combined with dropout regularization, aims to improve generalization while
maintaining the ability to model complex, non-linear relationships between financial time
series.

LSTM Layer
Units: 64
return_sequences=True

Dropout
Rate: 0.2

Input Sequence
Shape: (timesteps, features)

—
LSTM Layer Dropout Dense Layer Prediction
Units: 32 Rate: 0.2 Units: 1 1 Numeric Value

Figure 2: Multivariate LSTM Architecture

4.3 Model 2: Attention-Based LSTM

The proposed architecture builds upon Fu et al| (2022) by adding a custom soft atten-
tion mechanism to a baseline LSTM to focus on the most important time steps in the
input sequence. The model starts with an LSTM layer that uses return_sequences=True
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to maintain the complete temporal information of the processed sequence. A custom
attention layer applies a trainable linear transformation (Dense(1)) to each time step
before computing softmax over the temporal dimension to obtain attention weights. The
attention weights serve to calculate a weighted sum of LSTM outputs which produces a
context vector that contains the most important historical patterns. The context vector
moves directly to a fully connected (Dense) output layer to generate the forecast value.
The attention mechanism automatically reduces the temporal dimension so an explicit
flattening operation becomes unnecessary. The architectural design improves interpretab-
ility because it enables the model to focus more on crucial historical observations instead
of treating all time lags with equal importance. The architecture diagram appears in

Figure

| -~ LSUEI::SI__gier | - Attention Layer _ .~ Dense Layer | Prediction
N _ Context Veector Units: 1 1 Numeric Value
return_sequences=True

Input Sequence
Shape: (timesteps, 2)

Figure 3: Attention-Based LSTM Architecture

4.4 Model 3: Multi-Input LSTM

The model employs two parallel LSTM branches to analyze fund quota values and S&P
500 index values independently. The model includes an input layer with (timesteps, 1)
dimensions before an LSTM layer with 32 units that extracts temporal features from its
respective series. The model combines the outputs of both branches before passing them
to a Dense layer that generates a single prediction output. The model structure enables
it to learn specific patterns from each variable type before uniting them to detect fund
behavior and index effects. The model architecture lacks Dropout layers which simpli-
fies its structure yet potentially increases its vulnerability to overfitting. The described
architecture is illustrated in Figure [4]

LSTM
Units: 32
LSTM
Units: 32

Figure 4: Multi-Input LSTM Architecture

e —
Input: Cuota value Fund A
Shape: (timesteps, 1)

Prediction
1 Numeric Value

. Dense Layer

e —
Input: S&P 500
Shape: (timesteps, 1)

4.5 Design Rationale

The move from a simple multivariate LSTM to attention-based and multi-input archi-
tectures was meant to check how the architectural improvements affect the forecast per-
formance. Each model uses the same preprocessing pipeline and forecasting task, and
thus any observed performance differences are due to the model design itself, and not the
data handling.
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5 Implementation

The final phase of implementation included the creation of three LSTM-based deep learn-
ing models for predicting daily quota values of the Chilean pension fund “Fondo A”
managed by AFP Habitat. The entire work was carried out in Python using Jupyter
Notebooks with TensorFlow and Keras as the primary frameworks for neural network
development.

5.1 Development Environment and Tools

The implementation was done on a Windows 11 development machine with Intel i7 pro-
cessor and 16GB RAM. The following software libraries and tools were used: Python
3.10: Main programming language. Jupyter Notebooks: Development and experiment-
ation interface. TensorFlow/Keras: Deep learning framework for model construction
and training. Pandas and NumPy: Data manipulation and time series transformation.
Matplotlib and Seaborn: Visualization of predictions and model performance.

5.2 Data Preparation and Output Generation

The dataset used for all models was a merged time series of daily quota values for multiple
Chilean AFPs and the S&P 500 index. The data was filtered to extract the values
relevant to AFP Habitat’s Fondo A and aligned with the corresponding S&P 500 values.
Key outputs from this stage included: Cleaned and normalized dataset ready for LSTM
input. Sliding window sequences for time series forecasting, with 60-day lookback periods.
Input arrays reshaped for LSTM model requirements (samples x timesteps x features).

5.3 Model Implementation and Training

Three distinct models were implemented: Multivariate LSTM: A baseline model using
both the fund value and the S&P 500 as inputs in a single sequence. Attention-Based
LSTM: An advanced architecture with an attention layer applied over LSTM outputs to
enhance temporal focus. Multi-Input LSTM: A dual-branch model where the fund data
and S&P 500 series were processed separately before being merged. Each model was
trained under consistent conditions using: 80/20 train-test split. 100 epochs with early
stopping. Adam optimizer and Mean Squared Error loss function.

5.4 Results Produced

The final outputs of the implementation stage were: Trained models stored in memory
for evaluation. Forecasted quota values compared against actual values in the test set.
Performance metrics including RMSE, MAE, and MAPE for each model. Visualization
plots showing predicted vs. actual values, error trends, and attention weight distributions
(for the attention model). This implementation provided a complete pipeline from raw
financial data to interpretable forecasts, which were then used in the evaluation stage to
compare the predictive power and practical applicability of each model.
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6 Evaluation

The evaluation section contains experimental evaluation outcomes from the three LSTM-
based forecasting models developed in this research. The models received quantitative
assessments and visual representation to check their predictive precision and reliability.
The analysis compared the models through equal data portions and uniform preprocessing
methods for maintaining experimental validity.

6.1 Experiment 1: Multivariate LSTM

The Multivariate LSTM served as the baseline model in this study. It utilized both the
AFP Habitat fund value and the S&P 500 index as combined input features. The model
achieved the following performance metrics: MAE = 753.05, RMSE = 945.02, and R?
= 0.9805. It effectively captured the general patterns of fund value fluctuations, but it
exhibited notable errors during periods of heightened market volatility. As illustrated in
Figure 5], the model’s predicted series aligns closely with the observed values under stable
market conditions, but deviations become more pronounced during volatile intervals.

Cuota value prediction HABITAT AFP

80000 T — Real value (HABITAT)

Prediction LSTM
,)n LN“‘M
75000 %
vl

70000 \{‘ i

Cuota value

65000 ] h

VA R Y

pilw / W A{ f

60000 r/ﬂ \ WwK V‘lw‘r “',} .\(‘V‘\I\N 'J“ \’
55000 M'V

0 200 400 600 800 1000 1200
Days

Figure 5: Multivariate LSTM Architecture

6.2 Experiment 2: Attention-Based LSTM

The Attention-Based LSTM model received an attention mechanism in its LSTM layer
which enabled the model to focus on the most important time steps. The model achieved
the following performance metrics: MAE = 1056.44, RMSE = 1409.25, and R? = 0.9567.
The model outperformed the baseline model by reducing both error magnitude and vari-
ability. The attention mechanism proved effective in capturing essential temporal de-
pendencies because the predicted series matches actual values throughout the entire time
period as shown in Figure [6]

6.3 Experiment 3: Multi-Input LSTM

The Multi-Input LSTM processed the AFP fund value and the S&P 500 index as inde-
pendent sequence data streams, which were subsequently merged after each LSTM layer’s
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Figure 6: Attention-Based LSTM Architecture

processing stage. The model achieved the following performance metrics: MAE = 684.22,
RMSE = 909.62, and R? = 0.9820. This architecture delivered the best overall results,
showing its strongest performance in minimizing RMSE. Its design effectively separated
time-dependent patterns from each input stream, thereby reducing signal interference. As
illustrated in Figure [7] the predicted series closely follows the actual values, confirming
the model’s superior capacity to capture and integrate both local and global temporal
dynamics.

Real vs Predicted Cuota Value (Multi-Input LSTM)
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Figure 7: Multi-Input LSTM Architecture

6.4 Visual Results

Each model displayed line graphs that presented predicted quota values against actual
quota values during the test duration. The Attention and Multi-Input LSTM models
displayed better trend alignment with smaller error margins than the baseline model.
The attention model displayed interpretable attention weights that indicated which time
steps were essential for prediction purposes.
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Table 1: Performance comparison of LSTM-based models

Model RMSE MAE R?
Multivariate LSTM 945.02  753.05  0.9805
Attention-Based LSTM  1409.25 1056.44 0.9567
Multi-Input LSTM 909.62 684.22 0.9820

(a) MAE (b) RMSE (c) R-square score

Figure 8: Results

6.5 Discussion

The evaluation shows that LSTM networks achieve improved forecasting performance
through architectural enhancements that incorporate attention mechanisms and separate
inputs. The study supports the findings of |Pardeshi et al.| (2023) and |Li et al. (2018)
which demonstrate how enhanced LSTM variants produce better results for financial time
series prediction. The Multivariate model provided acceptable results yet failed to de-
tect different patterns that emerged from separate input sources. The Attention-Based
LSTM model improved temporal performance and the Multi-Input model optimized the
processing of individual input streams. Potential improvements include: Experimenting
with longer lookback windows. The model should incorporate external variables such as
interest rates and inflation data. The combination of different models through ensemble
methods to leverage their individual strengths. The research supports the idea that com-
plex LSTM architectures boost pension fund prediction precision especially when using
S&P 500 data as a global economic indicator.

The research findings support previous studies about deep learning systems used for fin-
ancial prediction tasks. However, the research confirms that advanced recurrent neural
architectures work well for pension fund forecasting despite previous studies mainly fo-
cusing on stock market and volatility prediction.

The Multi-Input LSTM outperformed other models and the S&P 500 index integration
proved beneficial because Chilean pension funds react to international market conditions
according to macroeconomic research on emerging economy capital flows.

The results demonstrate that diverse features together with complex architectures pro-
duce strong predictive models.

7 Conclusion and Future Work

7.1 Conclusion

This research investigated whether advanced LSTM-based architectures could enhance
Chilean pension fund value predictions through the inclusion of external macroeconomic
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indicators such as the S&P 500 index. The research evaluated three architectures—Multivariate
LSTM, Attention-Based LSTM, and Multi-Input LSTM—using daily quota values from
AFP Habitat’s “Fondo A.”

The research successfully achieved its objectives. The research results showed that archi-
tectural enhancements produce quantifiable improvements in forecasting precision. The
baseline Multivariate LSTM achieved acceptable results but its performance fell short
of the more complex designs. The Attention-Based LSTM model improved its accur-
acy through temporal attention mechanisms which proved most effective during periods
of market volatility. The Multi-Input LSTM achieved the highest performance (RMSE:
909.62; R2: 0.9820) by processing local and global indicators independently, capturing
the unique patterns of each data stream. The inclusion of the S&P 500 index resulted
in better predictive outcomes which indicates Chilean pension funds show some level of
response to international market trends.

The research expands deep learning applications into pension fund forecasting by demon-
strating that attention and multi-input strategies outperform basic neural architectures
according to empirical evidence. The research findings hold special value for emerging
markets because they share similar data limitations.

7.2 Future Work

Future research directions show potential in several areas. The input space should be
expanded by adding local economic indicators which include interest rates and infla-
tion as well as GDP. The use of ensemble learning techniques which combine XGBoost
with LSTM models should be investigated for enhanced generalization performance. The
implementation of Explainable AT (XAI) tools will enhance the ability to explain how
input variables affect the system. Multiple AFPs need to be tested for evaluating how
performance varies between institutions. The implementation of these models in pro-
duction environments through dashboard or API systems would enable real-time pension
fund monitoring capabilities. Deep learning models prove to be effective tools for finan-
cial time series forecasting when properly designed according to research findings. This
forecasting method enables pension fund managers together with policymakers to make
better data-driven decisions in markets that are becoming more unpredictable.

The research provides practical solutions to the Chilean pension fund industry by enhan-
cing financial forecasting accuracy for data-based decision-making.

The research demonstrates how pension fund managers can use advanced LSTM-based
architectures to integrate local and global indicators for market prediction and invest-
ment optimization.

The research methodology shows potential for application in other emerging markets
with comparable data limitations to enhance institutional risk management and policy
development.

7.3 Limitations

Several limitations should be acknowledged. The results from this study cannot be gen-
eralized to other institutions because the dataset contained only daily quota values from
Habitat AFP. The study used only the S&P 500 index as its external macroeconomic in-
dicator which might have excluded other important economic factors such as interest rates
and inflation and GDP. The evaluation period was restricted to historical data and no
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validation with future out-of-sample data was conducted which may affect the robustness
of conclusions. The attention mechanisms provided better interpretability than standard
LSTMs but the models still lack full explainability of their decision-making processes.
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