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Abstract 

Background: Financial time-series forecasting requires models that balance predictive accuracy and 
interpretability, while the advantage of deep learning over classical econometric approaches remains uncertain for 
highly liquid financial instruments. 
Objective: This study compares interpretable econometric and deep learning approaches to identify the most 
suitable model for forecasting the closing price and trading volume of the Invesco QQQ Trust. 
Methods: The study used 1,258 daily observations from 2019 to 2024 obtained from Yahoo Finance. Closing price 
and trading volume were treated as separate forecasting targets. Separate ARIMA(7,1,0) models were applied to 
each target and compared with Vanilla LSTM, Bidirectional LSTM, and Stacked LSTM. Performance was evaluated 
using RMSE, MAE, and MAPE. 
Results: ARIMA recorded the lowest errors for both targets, with MAPE values of 0.82% for closing price and 
19.96% for trading volume. Vanilla LSTM was the best-performing deep learning architecture, while Bidirectional 
and Stacked LSTM produced larger errors. The higher volume error indicates that trading activity was more 
difficult to forecast than closing-price movements. 
Conclusion: Within the examined QQQ data, period, and model configurations, ARIMA provided more accurate 
forecasts than the evaluated LSTM architectures. Greater model complexity did not necessarily improve predictive 
performance. 

Keywords: Time-Series Forecasting, Invesco QQQ Trust, ARIMA, LSTM, Financial Forecasting. 
 

Abstrak 

Latar   Belakang: Peramalan deret waktu keuangan membutuhkan model yang menyeimbangkan akurasi 
prediksi dan interpretabilitas, sedangkan keunggulan deep learning dibandingkan pendekatan ekonometrik 
klasik masih belum pasti pada instrumen keuangan yang sangat likuid. 
Tujuan: Penelitian ini membandingkan pendekatan ekonometrik yang dapat diinterpretasikan dan deep 
learning untuk mengidentifikasi model yang paling sesuai dalam meramalkan harga penutupan dan volume 
perdagangan Invesco QQQ Trust. 
Metode: Penelitian menggunakan 1.258 observasi harian periode 2019–2024 yang diperoleh dari Yahoo 
Finance. Harga penutupan dan volume perdagangan diperlakukan sebagai target peramalan terpisah. Model 
ARIMA(7,1,0) diterapkan secara terpisah pada setiap target dan dibandingkan dengan Vanilla LSTM, 
Bidirectional LSTM, dan Stacked LSTM. Kinerja dievaluasi menggunakan RMSE, MAE, dan MAPE. 
Hasil: ARIMA menghasilkan kesalahan terendah pada kedua target, dengan MAPE sebesar 0,82% untuk harga 
penutupan dan 19,96% untuk volume perdagangan. Vanilla LSTM merupakan arsitektur deep learning terbaik, 
sedangkan Bidirectional dan Stacked LSTM menghasilkan kesalahan lebih besar. Kesalahan volume yang lebih 
tinggi menunjukkan bahwa aktivitas perdagangan lebih sulit diramalkan dibandingkan pergerakan harga 
penutupa. 
Kesimpulan: Pada data QQQ, periode, dan konfigurasi model yang diuji, ARIMA menghasilkan peramalan lebih 
akurat daripada arsitektur LSTM. Kompleksitas model yang lebih tinggi tidak selalu meningkatkan kinerja 
prediktif. 

Kata kunci: Peramalan Deret Waktu, Invesco QQQ Trust, ARIMA, LSTM, Peramalan Keuangan. 
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INTRODUCTION 

Financial markets function as 
fundamental mechanisms for capital 
allocation, risk sharing, and price 
discovery in modern economies. Through 
continuous trading activities, asset prices 
aggregate dispersed information held by 
heterogeneous investors and reflect 
collective expectations about future 
economic conditions (Apriantoro et al., 
2024). The efficiency with which markets 
incorporate new information has long 
been a central question in financial 
economics. Within this context, 
Exchange-Traded Funds (ETFs) have 
emerged as important financial 
instruments that combine portfolio 
diversification, high liquidity, and real-
time price discovery. Their rapid 
expansion has positioned ETFs as key 
vehicles for gaining exposure to 
diversified market indices while 
maintaining the flexibility of intraday 
trading (Divelgama et al., 2026). 

The growing dominance of ETFs in 
global capital markets raises important 
questions about the evolution of their 
price and trading-volume dynamics. 
Because ETFs trade continuously on 
exchanges, their market behavior 
provides a rich environment for studying 
short-term predictability and information 
diffusion (Álvarez et al., 2026; Novotny & 
Hajek, 2026). Price movements and 
trading volumes often reflect shifts in 
investor sentiment, macroeconomic 
signals, and broader perceptions of 
market risk. In highly liquid markets, 
financial theory suggests that new 
information should be rapidly 
incorporated into prices, limiting the 
scope for predictable patterns. However, 
empirical evidence often reveals short-
term dependencies in financial time 
series, suggesting that certain market 
dynamics may remain predictable. 

Understanding whether such 
dependencies can be systematically 

forecasted is both theoretically and 
practically relevant. From a theoretical 
perspective, predictable patterns may 
indicate temporary deviations from 
informational efficiency (Naifar, 2026). From 
a practical standpoint, improved forecasting 
models can support portfolio allocation, 
trading strategies, and risk management 
decisions. In particular, the joint modeling of 
asset prices and trading volumes provides 
deeper insight into market behavior, as 
trading volume is often interpreted as a proxy 
for information arrival and trading intensity. 
Despite the importance of these interactions, 
the literature has not reached a consensus 
regarding the most appropriate modeling 
framework for capturing the intertwined 
dynamics of prices and volumes in financial 
markets. 

Recent advances in machine learning and 
deep learning have introduced flexible 
modeling frameworks that can capture 
nonlinear temporal dependencies in financial 
time-series data. Recurrent neural network 
architectures, particularly Long Short-Term 
Memory (LSTM) networks, have gained 
attention for their ability to model complex 
sequential relationships and long-range 
dependencies (Z. Chen et al., 2026; Zeng et al., 
2026). Numerous empirical studies report 
improvements in predictive accuracy when 
applying such techniques to financial 
forecasting tasks (Y. Chen, 2025; Lee et al., 
2026). However, improvements in statistical 
forecasting accuracy do not necessarily 
translate into economically meaningful 
insights, especially when model complexity 
reduces interpretability and increases model 
risk. 

A critical gap in the literature concerns 
the economic interpretation of model 
complexity. While many studies compare 
forecasting accuracy across different 
algorithms, relatively few investigate whether 
additional computational complexity 
improves our understanding of financial 
market behavior (Frimpong & Mamuti, 2026). 
This issue is particularly relevant in highly 
liquid ETF markets, where rapid information 
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assimilation may limit the benefits of 
nonlinear modeling approaches. Complex 
models may yield marginal gains in 
predictive accuracy, but these gains may 
come at the cost of transparency, 
robustness, and interpretability. 

Another limitation in existing 
research lies in the scope of model 
comparison. Many empirical studies 
contrast a single econometric model with 
a single machine learning architecture, 
often without systematically evaluating 
alternative neural network structures. 
Moreover, much of the literature focuses 
primarily on univariate price prediction, 
neglecting the joint behavior of prices 
and trading volumes (Maryam et al., 
2022). This omission restricts the ability 
to examine broader market dynamics and 
liquidity-related mechanisms that 
influence financial market activity. 

ETFs have become increasingly 
important financial instruments because 
they combine portfolio diversification, 
intraday trading flexibility, liquidity, and 
transparency. By replicating broad 
indices or sector-specific portfolios, ETFs 
provide efficient market exposure while 
also serving as useful instruments for 
examining price discovery, market 
efficiency, and liquidity formation (Utami 
& Irawati, 2021). The dynamics of ETF 
prices and trading volumes reflect the 
interaction among investor behavior, 
macroeconomic signals, and broader 
market sentiment. Since ETFs are 
continuously traded during market 
hours, their price and volume movements 
can represent real-time information 
diffusion in financial markets (Geng et al., 
2025; Ozcelebi et al., 2025). 

Traditional econometric models 
remain widely used in financial time-
series forecasting because of their 
transparency, interpretability, and strong 
statistical foundation. The Autoregressive 
Integrated Moving Average (ARIMA) 
model is one of the most common 
approaches for forecasting economic and 

financial variables because it can capture 
linear temporal dependencies and short-term 
autocorrelation structures (Sahu et al., 2026). 
In empirical finance, ARIMA has been applied 
to various financial indicators such as stock 
prices, exchange rates, commodity prices, and 
other time-series variables characterized by 
structured temporal movements. Its 
interpretability makes it particularly useful 
when forecasting results must be explained 
and evaluated in relation to market behavior. 

Nevertheless, linear econometric models 
may have limitations when financial data 
contain nonlinear patterns, structural breaks, 
or complex temporal interactions. These 
limitations have encouraged the use of 
machine learning and deep learning 
approaches in financial forecasting. Among 
deep learning models, Long Short-Term 
Memory (LSTM) networks have gained 
considerable attention because their gated 
memory mechanisms allow them to retain 
relevant historical information and capture 
long-range temporal dependencies. Empirical 
studies have reported that LSTM-based 
models can outperform traditional statistical 
approaches in modeling nonlinear 
dependencies and sequential patterns in 
financial time-series data (Silfiani et al., 
2024). 

Several LSTM variants have been 
proposed to improve forecasting 
performance in sequential data. Vanilla LSTM 
is commonly used as a baseline architecture, 
while Bidirectional LSTM processes temporal 
sequences in both forward and backward 
directions to improve contextual learning. 
Stacked LSTM uses multiple LSTM layers to 
learn deeper hierarchical temporal 
representations within financial data. These 
architectures have been applied in various 
financial forecasting tasks, including stock 
price prediction, volatility modeling, and 
asset return forecasting (Li, 2025; Su & Wang, 
2026). However, greater architectural 
complexity does not always guarantee better 
predictive performance, particularly when 
the available dataset is limited or when the 
market exhibits relatively structured 
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temporal behavior. 
Despite the growing literature on 

financial forecasting, several gaps remain. 
First, many previous studies focus 
primarily on individual stock prediction. 
In contrast, relatively fewer studies 
investigate ETFs as distinct financial 
instruments with unique characteristics 
such as high liquidity, index replication, 
and continuous intraday trading (Bashir 
et al., 2026; Xu et al., 2026). Second, many 
studies compare only one econometric 
model with one machine learning model, 
which limits the understanding of how 
model complexity affects forecasting 
performance (Mo, 2025; Rios-Vazquez & 
Portela-Maseda, 2026). Third, much of 
the existing literature emphasizes 
univariate price forecasting and gives 
limited attention to the joint dynamics 
between price and trading volume (Ajay 
et al., 2026; Solanki & Jha, 2026; Tsoku & 
Makatjane, 2026). 

Against this background, this study 
investigates whether increasing model 
complexity leads to meaningful 
improvements in forecasting ETF market 
dynamics (Amankwah et al., 2026; 
Chichernea et al., 2026). Specifically, the 
research compares an interpretable 
econometric benchmark with several 
deep learning architectures in forecasting 
two ETF market indicators: closing price 
and trading volume. The empirical 
analysis focuses on the Invesco QQQ 
Trust (QQQ), one of the most actively 
traded ETFs tracking the Nasdaq-100 
index. Due to its high liquidity and 
continuous trading activity, the QQQ ETF 
provides an appropriate setting for 
examining short-term predictability and 
information diffusion in a mature 
financial market. 

The novelty of this research lies not 
only in comparing econometric and deep 
learning approaches but also in 
interpreting forecasting performance 
within the broader framework of 
financial market efficiency and model 

interpretability. Rather than treating 
predictive accuracy as the sole evaluation 
criterion, this study assesses the relationships 
among model complexity, market structure, 
liquidity, and informational efficiency 
(Nuryakin et al., 2021). By highlighting the 
trade-off between interpretability and 
predictive flexibility, the analysis provides 
insights relevant to investors, analysts, and 
policymakers concerned with model risk and 
practical applicability. Consequently, the 
findings contribute to the ongoing debate 
regarding the appropriate balance between 
traditional econometric rigor and emerging 
computational approaches in financial market 
analysis. 

 

METHOD  

Research Design 

This study employed a quantitative 
comparative forecasting design using 
secondary financial time-series data. The 
research was designed to evaluate and 
compare the forecasting performance of 
interpretable econometric and deep learning 
approaches in modeling ETF market 
dynamics. The econometric approach was 
represented by the Autoregressive Integrated 
Moving Average (ARIMA) model. In contrast, 
the deep learning approaches consisted of 
Vanilla Long Short-Term Memory (LSTM), 
Bidirectional LSTM, and Stacked LSTM. 

The study focused on forecasting two 
market variables of the Invesco QQQ Trust: 
closing price and trading volume. These 
variables were treated as separate forecasting 
targets representing market valuation and 
trading intensity, respectively. For the 
econometric benchmark, a separate ARIMA 
model was estimated for each target series. 
The use of a comparative forecasting design 
allowed the study to examine whether 
increasing model complexity improves 
prediction accuracy in a highly liquid ETF 
market. 

The statistical evaluation was conducted 
using an out-of-sample forecasting 
framework. All models were trained and 1
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tested using the same dataset, target 
variables, data partitioning scheme, and 
evaluation metrics to ensure a fair 
comparison. Forecasting performance 
was measured using Root Mean Square 
Error (RMSE), Mean Absolute Error 
(MAE), and Mean Absolute Percentage 
Error (MAPE). Lower values of these 
metrics indicate better forecasting 
performance. This design was used to 
assess not only predictive accuracy but 
also the trade-off between model 
interpretability and model complexity. 

Population and Sample 

The population of this study refers to 
daily market data of highly liquid ETFs, 
particularly ETFs that represent active 
trading behavior, market liquidity, price 
discovery, and continuous information 
diffusion in financial markets. This 
population was selected because the 
study focuses on forecasting ETF market 
dynamics through the interaction 
between price movement and trading 
activity. 

The sample used in this study was 
the Invesco QQQ Trust (QQQ), an ETF that 
tracks the Nasdaq-100 index and is 
among the most actively traded ETFs 
globally. QQQ was selected because it 
represents a highly liquid ETF market 
and provides a suitable empirical context 
for examining short-term forecasting 
behavior in a mature financial market. 

The dataset consisted of 1,258 daily 
QQQ market observations from 2019 to 
2024 obtained from Yahoo Finance and 
arranged chronologically. The forecasting 
analysis examined two target series: daily 
closing price and trading volume. The 
closing price represented ETF market 
valuation, whereas trading volume 
represented trading intensity and 
liquidity-related market activity. 
Forecasting performance was calculated 
and reported separately for the two 
targets. 

 

Sampling Techniques 

This study used purposive sampling to 
select the research object. The Invesco QQQ 
Trust (QQQ) was selected because it met 
several criteria relevant to the research 
objective. First, QQQ is a highly liquid ETF 
that represents active trading behavior in a 
mature financial market. Second, it tracks the 
Nasdaq-100 index, making it suitable for 
observing the dynamics of technology-
oriented market movements. Third, QQQ 
provides complete historical daily data for the 
2019–2024 observation period, including 
closing price and trading volume, which are 
the main variables in this study. 

The unit of analysis in this study was the 
daily trading observation. After the QQQ ETF 
was selected, all available daily observations 
within the defined period were included in 
the dataset. Therefore, the study did not use 
random sampling because the data were not 
collected from individual respondents but 
from archival financial records arranged 
chronologically. This approach was 
appropriate for time-series forecasting 
because maintaining the natural temporal 
order of the data is essential to avoid look-
ahead bias. 

The selected sample consisted of 1,258 
daily observations obtained from Yahoo 
Finance. These observations were organized 
chronologically and used to forecast the 
closing-price and trading-volume series 
separately. The use of purposive sampling 
ensured that the selected ETF was relevant to 
the study’s focus on forecasting market 
dynamics in a highly liquid ETF environment.  

Research Subjects 

The research subject in this study was 
secondary archival financial data of the 
Invesco QQQ Trust (QQQ) obtained from the 
Yahoo Finance database. The data were 
collected at a daily frequency for the period 
from 2019 to 2024 and arranged 
chronologically to preserve their temporal 
ordering. The dataset consisted of daily 
market variables, including date, open price, 
high price, low price, closing price, adjusted 

1

Page 8 of 21 - Integrity Submission Submission ID trn:oid:::1:3603723723

Page 8 of 21 - Integrity Submission Submission ID trn:oid:::1:3603723723



 
Forecasting the Market Dynamics of the Invesco QQQ Trust Using ... 

 
https://journal.unugiri.ac.id/index.php/statkom    Published Online June, 30 2026 147 

 

closing price, and trading volume. A 
sample structure of the ETF market 

dataset is presented in Table 1.  

Table 1. Sample Structure of the ETF Market Dataset 
Date Low High Open Close Adj Close Volume 

2024-02-15 431.33 434.98 433.92 434.51 434.51 38796100 
2024-02-16 429.85 434.99 434.89 430.57 430.57 53661500 
2024-02-20 423.5 430.08 428.55 427.32 427.32 53999500 
2024-02-21 421.63 425.7 424.55 425.61 425.61 50179700 
2024-02-22 433.71 439.12 434.49 438.07 438.07 53751500 

       

Table 1 shows the structure of the 
market data used in this study. Although 
the dataset contains several daily market 
attributes, the main variables analyzed in 
the forecasting process were closing price 
and trading volume. The closing price 
was used to represent ETF market 
valuation, while trading volume was used 
to represent trading intensity and 

liquidity-related market information. 
To provide an overview of the research 

subject, Figure 1 presents the historical 
closing prices of the Invesco QQQ ETF during 
the observation period. The figure illustrates 
the general price movement from 2019 to 
2024, including long-term trends and periods 
of market fluctuation. 

 
Figure 2 presents the historical 

trading volume of the Invesco QQQ ETF 
during the same observation period. The 
volume series shows higher variability 
than the closing price series, with 
frequent spikes that may reflect changes 
in trading intensity, investor 
participation, and information arrival in 
the market. 

In this study, closing price and trading 
volume were retained as two complementary 
market indicators. The two series were 
forecast and evaluated separately, enabling 
the analysis to compare model performance 
for market valuation and trading activity 
without implying that the ARIMA model 
estimated their joint dependence. 

Figure 1. Historical Closing Prices of the Invesco QQQ ETF (2019–2024) 

5
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Measurement Instrument Design 

This study did not use 
questionnaires, interviews, or direct 
observation instruments because the 
data were obtained from secondary 
archival sources. The measurement 
instrument used in this study was an 
archival data collection procedure based 
on the Yahoo Finance database. Yahoo 
Finance was used to obtain daily 
historical market data of the Invesco QQQ 
Trust (QQQ) for the 2019–2024 
observation period. 

The archival data collection process 
consisted of several steps. First, the QQQ 
ticker was selected as the research object. 
Second, the observation period was 
defined from 2019 to 2024. Third, daily 
historical market data were collected, 
including date, open price, high price, low 
price, closing price, adjusted closing 
price, and trading volume. These 
variables correspond to the dataset 
structure previously shown in Table 1. 
Fourth, the collected data were checked, 
arranged chronologically, and prepared 
as a multivariate time-series dataset for 
forecasting analysis. 

The main measured variables were 
closing price and trading volume. The 

closing price was used to measure ETF 
market valuation, while trading volume was 
used to measure trading intensity and 
liquidity-related market activity. Because the 
data were based on recorded financial 
transactions, the measurement process relied 
on archival market records rather than 
subjective responses. This approach ensured 
that the analysis used objective numerical 
data suitable for time-series forecasting. 

Data Analysis Techniques 

The data analysis was conducted through 
a structured time-series forecasting 
procedure. First, daily market data of the 
Invesco QQQ Trust (QQQ) were collected from 
Yahoo Finance and arranged chronologically. 
Second, closing price and trading volume 
were selected as the two forecasting targets. 
The closing price represented ETF market 
valuation, whereas trading volume 
represented trading intensity and liquidity-
related market information. Each target 
series was forecast and evaluated separately 
to ensure that performance differences were 
directly comparable across models. 

Before model development, the dataset 
was divided sequentially into training, 
validation, and testing subsets. The training 
set consisted of 880 observations, the 
validation set consisted of 188 observations, 

Figure 2. Historical Trading Volume of the Invesco QQQ ETF (2019–2024) 
 

2

4

5
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and the testing set consisted of 190 
observations. The chronological splitting 
technique was used to ensure that the 
models were trained using past 
observations and evaluated using unseen 
future data. This procedure was applied 
to reduce potential look-ahead bias in the 
forecasting process. 

Four forecasting approaches were 
evaluated in this study. For the 
econometric benchmark, separate ARIMA 
models were applied to the closing-price 
and trading-volume series because 
standard ARIMA is a univariate 
forecasting model. Both target series 
used the ARIMA(7,1,0) specification, 
consisting of an autoregressive order of 
seven, first-order differencing, and no 
moving-average component. Accordingly, 
the forecasting results for closing price 
and trading volume were calculated and 
reported separately. 

The deep learning approaches 
consisted of Vanilla LSTM, Bidirectional 
LSTM, and Stacked LSTM. Vanilla LSTM 
and Bidirectional LSTM used two 
recurrent layers with 64 hidden units, 
whereas Stacked LSTM used three 
recurrent layers with 64 hidden units per 
layer. The LSTM models were trained 
using the Adam optimizer with a learning 
rate of 0.001, mean squared error as the 
loss function, a mini-batch size of 32, and 
150 training epochs. All models were 
implemented in Python using 

TensorFlow and evaluated using the same 
chronological data partitions and forecasting 
metrics. The complete model configurations 
are presented in Table 2. 

Table 2. Model Parameter Settings 
Model Configuration Details 

ARIMA 
Autoregressive lag (p): 7 
Degree of differencing (d): 1 
Moving average component (q): 0 

Vanilla 
LSTM 

Number of LSTM layers: 2 
Hidden neurons per layer: 64 
Mini-batch size: 32 
Training epochs: 150 

Bidirectional 
LSTM 

Number of bidirectional layers: 2 
Hidden neurons: 64 
Mini-batch size: 32 
Training epochs: 150 

Stacked 
LSTM 

Total stacked layers: 3 
Hidden neurons per layer: 64 
Mini-batch size: 32 
Training epochs: 150 

The research workflow is presented in 
Figure 3. The analysis began with the 
collection of daily historical market data of 
the Invesco QQQ Trust from Yahoo Finance. 
The dataset was then organized 
chronologically and prepared as a 
multivariate time-series dataset consisting of 
closing price and trading volume. After 
preprocessing, the data were divided 
sequentially into training, validation, and 
testing subsets to preserve the temporal 
structure of the observations and reduce 
potential look-ahead bias. 

 
Figure 3. Methodological Framework for Comparative ETF Market Forecasting 

Data Collection

•Daily QQQ ETF data 
from Yahoo 
Finance, 2019–
2024

Data Preparation

•Chronological 
ordering and 
target-series 
preparation

Variable Selection

•Closing price and 
trading volume

Data Partitioning

•Training, validation, 
and testing datasets

Model 
Development
•ARIMA, Vanilla LSTM, 

Bidirectional LSTM, 
and Stacked LSTM

Model Training and 
Forecasting

•Out-of-sample 
prediction on 
testing data

Model Evaluation

•RMSE, MAE, and 
MAPE

Comparative 
Interpretation
•Accuracy, 

interpretability, and 
model complexity 
analysis
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The forecasting stage involved the 
development of one econometric model 
and three deep learning models. The 
ARIMA model was used as the 
interpretable econometric benchmark, 
while Vanilla LSTM, Bidirectional LSTM, 
and Stacked LSTM were used to 
represent deep learning approaches. 
Each model was trained using the same 
data partition and evaluated on the 
testing dataset. The final stage involved 
comparing model performance using 
RMSE, MAE, and MAPE, followed by an 
interpretation of the forecasting results 
in relation to model accuracy, 
interpretability, and complexity. 

Forecasting performance was 
evaluated using three statistical error 
metrics: Root Mean Square Error (RMSE), 
Mean Absolute Error (MAE), and Mean 
Absolute Percentage Error (MAPE). RMSE 
was used to measure the magnitude of 
forecasting error with greater sensitivity 
to large errors. MAE was used to calculate 
the average absolute difference between 
actual and predicted values. MAPE was 
used to express the forecasting error in 
percentage form, making it easier to 
interpret the relative prediction error. 

The formulas used in this study are 
as follows 

𝑅𝑀𝑆𝐸 =  ඩ
1

𝑛
 ෍(𝑌௧ − 𝑌෠௧)ଶ

௡

௧ୀଵ

 

𝑀𝐴𝐸 =  
1

𝑛
 ෍ห𝑌௧ − 𝑌෠௧ห

௡

௧ୀଵ

 

𝑀𝐴𝑃𝐸 =  
100%

𝑛
 ෍ ቤ

𝑌௧ − 𝑌෠௧

𝑌௧
ቤ

௡

௧ୀଵ

 

 
where 𝑌௧ represents the actual value,  𝑌෠௧ 
represents the predicted value, and n 
represents the number of observations in 
the testing dataset. Lower RMSE, MAE, 
and MAPE values indicate better 
forecasting performance. The model with 
the lowest error values was interpreted 

as the most suitable forecasting approach for 
capturing ETF market dynamics. 

 

EMPIRICAL RESULTS 

Market Behavior and Data Characteristics 

Before evaluating the forecasting models, 
it is important to examine the statistical 
behavior of the ETF market data used in this 
study. Figure 1 presents the historical closing 
prices of the Invesco QQQ ETF over the 
observation period from 2019 to 2024. The 
price trajectory shows a persistent upward 
trend reflecting the long-term expansion of 
technology-oriented equities represented in 
the Nasdaq-100 index. Despite this general 
growth pattern, the series also exhibits 
periods of heightened volatility associated 
with major macroeconomic events, including 
the market disruption during the COVID-19 
pandemic in early 2020 and the global market 
correction observed in 2022. These 
fluctuations illustrate the sensitivity of ETF 
prices to macroeconomic uncertainty, 
monetary policy expectations, and shifts in 
investor sentiment. 

In contrast to the relatively smooth price 
trajectory, Figure 2 shows that trading 
volume exhibits substantially greater 
variability. The volume series is characterized 
by irregular spikes that often coincide with 
periods of significant market activity or the 
arrival of information. Such spikes frequently 
emerge during price corrections or major 
economic announcements, suggesting 
intensified investor participation during 
periods of heightened uncertainty. These 
observations are consistent with financial 
market microstructure theory, which 
interprets trading volume as an indicator of 
information flow and trading intensity. 

The differing statistical properties of 
price and volume series have important 
implications for forecasting. While price 
movements tend to follow more structured 
trends driven by macroeconomic 
fundamentals, trading volume reflects short-
term fluctuations in market sentiment and 
investor behavior. Consequently, forecasting 

2
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trading volume is generally more 
challenging due to its higher volatility 
and less predictable patterns. 

Forecasting Performance of 
Econometric and Deep Learning 
Models 

The forecasting performance of the 
ARIMA and LSTM-based models is 
evaluated using out-of-sample 
predictions. Table 3 reports the 
prediction accuracy of each model using 
three standard error metrics: RMSE, 
MAE, and MAPE. These metrics provide 

complementary measures of forecast 
reliability and enable direct comparison 
across econometric and deep learning 
approaches. 

The results in Table 3 show that ARIMA 
recorded the lowest observed forecasting 
errors among the evaluated models for both 
target series. For closing-price forecasting, 
ARIMA produced an RMSE of 3.961, an MAE 
of 3.119, and a MAPE of 0.82%. Vanilla LSTM 
was the closest deep learning model, with a 
MAPE of 1.24%, followed by Stacked LSTM at 
1.67% and Bidirectional LSTM at 3.08%. 

Table 3. Forecasting Performance Comparison Across Models 
Model Target Variable RMSE MAE MAPE 

ARIMA 
Closing Price 3.961 3.119 0.82% 
Trading Volume 11,504,271.182 9,217,012.182 19.96% 

Vanilla LSTM 
Closing Price 5.8404 4.7460 1.24% 
Trading Volume 11,510,951.355 9,233,570.121 20.50% 

Bidirectional LSTM 
Closing Price 13.2952 11.8898 3.08% 
Trading Volume 11,918,992.945 9,709,287.249 22.14% 

Stacked LSTM 
Closing Price 6.5020 6.4471 1.67% 
Trading Volume 11,909,650.608 9,659,265.403 21.72% 

     
For trading-volume forecasting, 

ARIMA also recorded the lowest error 
values, with an RMSE of 11,504,271.182, 
an MAE of 9,217,012.182, and a MAPE of 
19.96%. However, the substantially 
higher MAPE for trading volume, 
compared with the closing-price result, 
indicates that trading activity remained 
more difficult to forecast. Therefore, 
ARIMA should be interpreted as the 

relatively best-performing model among the 
evaluated configurations rather than as 
providing highly accurate volume forecasts. 

The numerical differences in Table 3 
describe the observed performance of the 
models on the testing dataset. Because the 
study did not apply a formal forecast-
comparison significance test, the results do 
not establish statistical superiority between 
the models. 
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Figure 4 compares the actual and 

predicted closing-price and trading-
volume series produced by the ARIMA 
models. The predicted closing-price 
series generally follows the direction of 
the observed price movements, although 
deviations remain at several points. In 
contrast, the trading-volume forecasts 
show larger discrepancies, particularly 
during abrupt volume spikes. This 
graphical pattern is consistent with the 
error metrics in Table 3, which indicate 
substantially lower relative error for 
closing price than for trading volume. 

Comparative Model Performance and 
Economic Interpretation 

To further evaluate the relative 
performance of the forecasting 
approaches, Figures 5 and 6 show 
graphical comparisons of the predicted 
ETF closing prices and trading volumes 
across all models. 

Figure 5 shows that the ARIMA 
predictions were generally closer to the 
observed closing-price series than the 
predictions produced by the LSTM 
architectures. Among the deep learning 
models, Vanilla LSTM produced the 
lowest closing-price errors. Bidirectional 

LSTM and Stacked LSTM showed larger 
deviations, particularly during periods of 
more rapid price movement. 

Figure 6 shows that all evaluated models 
experienced greater difficulty in forecasting 
trading volume. Abrupt fluctuations and 
volume spikes were not closely reproduced 
by the model predictions. ARIMA recorded 
the lowest numerical error, while Vanilla 
LSTM was the best-performing LSTM 
architecture. Nevertheless, the MAPE values 
of all models remained approximately 20% or 
higher, indicating limited precision for 
practical volume forecasting. 

From an economic perspective, these 
results carry important implications. In highly 
liquid financial markets such as the QQQ ETF, 
new information is rapidly incorporated into 
asset prices, resulting in relatively structured 
short-term price dynamics. Under such 
conditions, classical econometric models that 
capture linear temporal dependencies may 
remain highly effective forecasting tools. 
Conversely, more complex neural network 
architectures may introduce additional model 
variance without generating meaningful 
improvements in predictive accuracy, 
particularly when the available dataset is 
limited. 

Overall, the empirical evidence suggests 

Figure 4. Actual and Predicted ETF Prices and Trading Volume Using the ARIMA Model 
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that model interpretability and 
parsimony remain valuable 
considerations in financial forecasting 
applications. While deep learning 
approaches offer flexible nonlinear 
modeling capabilities, traditional 
econometric methods such as ARIMA 
continue to provide robust and reliable 
predictions in highly liquid ETF markets. 

Discussion and Implications 

The empirical findings of this study 
provide several insights into the 
forecasting behavior of highly liquid ETF 
markets. Despite the rapid advancement 
of machine learning techniques in 
financial forecasting, the results indicate 
that the traditional ARIMA model delivers 
the most accurate predictions for both 
ETF closing prices and trading volumes 
within the examined period. This finding 
suggests that short-term ETF price 
dynamics remain largely driven by 
structured temporal dependencies that 
classical econometric models can 
effectively capture. 

From an economic perspective, the 
lower observed errors of ARIMA may 
indicate that the short-term movements 
in the examined QQQ series were 
sufficiently represented by a 
parsimonious linear structure during the 
selected observation period. However, 
this interpretation should not be treated 
as direct evidence of market efficiency or 
universal linearity. The findings are 
limited to the selected instrument, 
observation period, data partition, and 
model configurations. Different results 

may emerge for other ETFs, longer 
forecasting horizons, or periods of extreme 
market stress. 

The results also show that increasing 
neural-network complexity did not improve 
forecasting accuracy in the present 
experiment. Vanilla LSTM produced lower 
errors than Bidirectional LSTM and Stacked 
LSTM for both targets. Several factors may 
have contributed to this result, including the 
limited number of daily observations, the use 
of predefined model configurations, and the 
greater number of trainable parameters in 
the more complex architectures. These 
explanations remain interpretive because the 
study did not conduct extensive 
hyperparameter optimization, repeated 
training runs, or formal overfitting 
diagnostics. Therefore, the findings indicate 
that the more complex LSTM configurations 
were less effective under the present 
experimental settings, rather than 
demonstrating that such architectures are 
inherently unsuitable for financial 
forecasting. 

From a practical perspective, the findings 
have important implications for financial 
analysts and portfolio managers. In 
environments characterized by high market 
liquidity and rapid information diffusion, 
simpler and more interpretable forecasting 
models may remain reliable tools for short-
term market prediction. Consequently, model 
interpretability and robustness should 
remain key considerations when selecting 
forecasting methods for financial 
applications. 
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Figure 5. Comparison of ETF Closing Price Forecasts Across Models 
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Figure 6. Comparison of ETF Trading Volume Forecasts Across Models 
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CONCLUSION 

Conclusion 

This study compared separate 
ARIMA(7,1,0) models with Vanilla LSTM, 
Bidirectional LSTM, and Stacked LSTM 
architectures for forecasting the closing 
price and trading volume of the Invesco 
QQQ Trust using daily observations from 
2019 to 2024. Among the evaluated 
configurations, ARIMA recorded the 
lowest forecasting errors for both targets, 
with MAPE values of 0.82% for closing 
price and 19.96% for trading volume. 
Vanilla LSTM was the most accurate deep 
learning architecture, whereas 
Bidirectional and Stacked LSTM produced 
larger errors under the experimental 
settings used in this study. 

The principal contribution of this 
study is the evidence that increasing 
architectural complexity did not improve 
forecasting accuracy for the examined 
QQQ series. The results highlight the 
continuing practical relevance of 
interpretable and parsimonious 
econometric models when they 
adequately represent the temporal 
structure of the selected data. However, 
the findings should not be interpreted as 
proof that ARIMA is universally superior 
to deep learning. The conclusion is 
limited to the Invesco QQQ Trust, the 
2019–2024 observation period, the 
selected chronological data partition, and 
the model configurations evaluated in 
this study. In addition, the trading-
volume MAPE of 19.96% indicates that 
volume forecasting remained 
considerably less precise than closing-
price forecasting. 

Suggestions 

This study was limited to one ETF, 
one chronological train-validation-test 
partition, and predefined ARIMA and 
LSTM configurations. It did not employ 
walk-forward validation, formal forecast-
significance testing, extensive 
hyperparameter optimization, or 

additional market and macroeconomic 
predictors. Future research should evaluate 
multiple ETFs, repeated or walk-forward 
forecasting schemes, alternative forecasting 
horizons, and periods of extreme market 
stress, such as abrupt liquidity disruptions or 
flash-crash-like events. Further studies may 
also incorporate volatility indices, interest 
rates, macroeconomic indicators, and market 
sentiment to determine whether nonlinear or 
hybrid models become more advantageous 
under more turbulent market conditions. 
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