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Time series forecasting plays a critical role in finance, healthcare, and
energy applications, where accurate predictions support decision-making and
operational efficiency. Traditional approaches such as autoregressive
integrated moving average (ARIMA) perform well for linear patterns but
often struggle with nonlinear and complex temporal dependencies found in
real-world data. Although deep learning methods such as long short-term
memory (LSTM) networks and Transformer-based models have shown
promise, comprehensive evaluations across multiple domains and under
missing-data conditions remain limited. This study compares ARIMA,
LSTM, and temporal fusion transformer (TFT) models across three
applications: stock price forecasting using S&P 500 data, heart-rate
prediction from electrocardiogram (ECG)-derived signals, and electricity
demand forecasting using Pennsylvania—New Jersey—Maryland (PJM) power
grid data. To evaluate robustness under realistic conditions, varying levels of
missingness were introduced using missing completely at random (MCAR)
and missing at random (MAR) mechanisms. Missing values were handled
using forward fill, linear interpolation, and k-nearest neighbors (k-NN)
imputation. Results show that TFT consistently achieved superior
forecasting performance and demonstrated greater robustness to increasing
missingness, while k-NN generally provided the most effective imputation
performance across datasets.
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1. INTRODUCTION

Time-series forecasting has become increasingly important in data-driven applications; however,
achieving reliable predictions in real-world settings remains challenging because temporal data frequently
exhibit nonlinearity, long-range dependencies, noise, and incomplete observations. In finance, the ability to
predict stock prices, market trends, and economic indicators is crucial for risk management, investment
strategies, and financial planning [1], [2]. Similarly, in healthcare, forecasting vital signs like heart rate
during sleep can enable early detection of abnormalities such as sleep disorders, improving patient outcomes
[3]. Predicting tumor growth using imaging biomarkers can guide oncologists in assessing cancer progression
and adjusting treatment plans proactively [4]. Additionally, forecasting patient responses to chemotherapy
based on prior treatments and genomic data can help personalize therapy regimens, optimizing effectiveness
and reducing side effects. In the energy sector, accurate predictions of electricity demand are critical for
optimizing power grid operations and integrating renewable energy sources into the grid [5]-[7].
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The challenge of forecasting time series data arises from its often volatile and complex nature, where
non-linear patterns, noise, and long-term dependencies make accurate predictions difficult. Furthermore,
real-world time series data often suffer from missing values, which can arise from various sources such as
sensor failures, data entry errors, or irregular sampling. Missing data can significantly impact the accuracy and
reliability of time series forecasting models, leading to biased or incomplete predictions. Therefore, effective
handling of missing data is crucial to ensure the robustness and reliability of forecasting models.

Historically, the autoregressive integrated moving average (ARIMA) model has been a dominant
approach in time series forecasting [8]. ARIMA is valued for its simplicity, interpretability, and efficiency in
handling linear relationships. It is particularly adept at forecasting financial time series that can be made
stationary through differencing, and it has also been applied in energy demand forecasting. However,
ARIMA models have notable limitations, particularly in their inability to capture non-linear relationships and
complex temporal dependencies. These limitations have prompted the development of more advanced
models such as long short-term memory (LSTM) networks and Transformer models [9].

Deep learning has revolutionized the field of sequential data processing, offering powerful
architectures capable of capturing complex patterns in diverse applications [10]-[14]. One of the key
advancements in deep learning for time series forecasting is the use of recurrent neural networks (RNNs),
particularly LSTM networks. LSTMs have emerged as a powerful tool for modeling long-term dependencies
and capturing non-linear patterns in sequential data [15], [16]. They are especially effective in applications
such as financial forecasting, where past events can have delayed effects on future market behaviors,
healthcare for predicting vital signs, and energy forecasting for modeling consumption patterns influenced by
factors like weather and human activity. However, despite these advantages, LSTMs struggle with capturing
very long-range dependencies due to their sequential nature, which can lead to vanishing gradient issues.
To address these shortcomings, Transformer models have emerged as a state-of-the-art alternative,
particularly excelling in natural language processing and increasingly being applied to time series forecasting
[17]. Unlike LSTMs, Transformers use self-attention mechanisms to process entire sequences in parallel,
significantly improving computational efficiency and enabling the modeling of much longer-range
dependencies [18], [19]. This ability to capture complex temporal patterns while scaling effectively makes
Transformers highly promising for applications in financial, healthcare, and energy forecasting.

Despite significant advances in time-series forecasting, several limitations remain in the existing
literature. Previous studies have often focused on evaluating forecasting models within a single application
domain, such as stock markets, healthcare monitoring, or energy systems separately. Moreover, most
comparative studies emphasize prediction accuracy under complete datasets and pay limited attention to the
impact of missing data, despite missingness being a common issue in real-world environments due to sensor
failures, communication errors, irregular sampling, and incomplete records. Existing research rarely provides
a unified evaluation of traditional statistical models and recent deep learning architectures across multiple
domains under controlled missing-data scenarios. In particular, comparative investigations of ARIMA,
LSTM, and temporal fusion transformer (TFT) under different missing-data mechanisms and imputation
strategies remain limited. This gap restricts understanding of model robustness and practical applicability in
real-world forecasting settings.

To address these limitations, this study presents a comprehensive comparative analysis of ARIMA,
LSTM, and TFT models across three representative domains: finance, healthcare, and energy. The novelty of
this work lies in: i) evaluating model performance across multiple application domains rather than a single
dataset; ii) systematically investigating model robustness under realistic missing-data conditions using both
missing completely at random (MCAR) and missing at random (MAR) mechanisms; iii) comparing multiple
imputation techniques, including forward fill, linear interpolation, and k-nearest neighbors (k-NN); and
iv) analyzing the capability of advanced transformer-based architectures to maintain forecasting performance
under increasing missingness. These contributions provide practical insights into model selection and
missing-data handling strategies for real-world time-series forecasting applications.

2. METHOD
2.1. Datasets
We used three datasets across different domains: finance, healthcare, and energy.

2.1.1. Finance dataset

The financial dataset used in this study consists of daily stock prices from the S&P 500 index.
This dataset covers a 10-year period, providing a rich historical context for forecasting stock price trends.
The dataset includes the following variables:
— Open price: the price at which the stock market opened for each trading day.
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Close price: the final price at which the stock market closed for each trading day.

High price: the highest price reached during the trading day.

Low price: the lowest price reached during the trading day.

Volume: the total number of shares traded during the trading day.

Our goal on this dataset was to predict the closing price of the S&P 500 index for the next day, based on the
historical values of the aforementioned variables.

2.1.2. Healthcare dataset
The healthcare dataset, derived from the Physionet Apnea-ECG Database, comprises heart rate data
derived from electrocardiogram (ECG) signals for 35 individuals during sleep, which contains annotated
ECG recordings used in clinical research for sleep studies, specifically for detecting sleep apnea and other
cardiovascular conditions [20]. The heart rate data in this dataset includes:
— Instantaneous heart rate (bpm): extracted from the R-R intervals in ECG signals using the Pan-Tompkins
algorithm.
— Time stamp: the time corresponding to each heart rate measurement, with recordings taken at intervals
during sleep.
The dataset spans several hours for each individual, providing detailed information on heart rate variability
throughout the sleep cycle. The primary goal for this dataset is to forecast the heart rate for the next
2 minutes, based on the past 30 minutes of observed heart rate data.

2.1.3. Energy dataset

The energy dataset consists of hourly electricity consumption data from the Pennsylvania—New
Jersey—Maryland (PJM) interconnection power grid, which serves the eastern United States. This dataset was
sourced from the publicly available PJIM Hourly Load Data repository and covers several years of data,
making it well-suited for modeling long-term trends and seasonal patterns in electricity demand. The dataset
includes the following variables:
— Total hourly load (MWh): the total electricity demand in megawatt-hours for each hour.
— Hour of day: the specific hour of the day the measurement was taken.
— Day of week: a categorical variable indicating the day of the week, as demand patterns vary significantly

between weekdays and weekends.

The goal for this dataset is to predict electricity demand for the next hour based on the previous 24 hours of
observed data. This type of forecasting is critical for grid operators to optimize electricity generation and
balance supply with demand, especially as renewable energy sources are integrated into the power grid.

2.2. Preprocessing
Each dataset underwent specific preprocessing steps to ensure they were suitable for time series
forecasting.

— Finance data preprocessing: stock prices were smoothed using a Savitzky-Golay filter, which applies
a moving polynomial regression to the data. The filter used a window size of 5 data points and
a polynomial order of 2, which ensured minimal distortion in the stock price trends. The data was then
normalized using min-max normalization to ensure uniform scaling across all variables. Missing values
were handled through forward fill techniques, where the most recent valid observation is carried forward
to maintain the temporal sequence and ensure no gaps in the time series.

— Healthcare data preprocessing: the Pan-Tompkins algorithm was applied to the raw ECG signals to
extract instantaneous heart rate by detecting R-peaks in the QRS complex [21]. Once the R-peaks were
identified, the R-R intervals were used to calculate the instantaneous heart rate (bpm). To ensure evenly
spaced time intervals, the heart rate data was interpolated using cubic spline interpolation, which
maintains smooth transitions between data points. Outliers—defined as heart rate values below 30 bpm or
above 200 bpm—were identified and removed to avoid physiological anomalies. Finally, the heart rate
data was normalized using min-max normalization.

— Energy data preprocessing: the energy dataset was detrended using a Savitzky-Golay filter with a window
size of 24 hours and a polynomial order of 2. This filter helped smooth out daily seasonality patterns
while preserving important consumption trends. The data was then normalized using min-max
normalization to ensure uniform scaling of electricity consumption values. Missing values were imputed
using linear interpolation, where missing data points were estimated based on the values immediately
before and after the gap. A rolling window technique was applied to capture seasonality and variations in
demand patterns over time, allowing the models to adjust to recurring cycles in the data. Each dataset was
split into training (70%), validation (15%), and test sets (15%). The validation set was used for
hyperparameter tuning, while the test set was reserved for evaluating model performance.
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2.3. Model implementation

Three forecasting models were implemented: ARIMA, LSTM, and TFT. Each model was fine-tuned
for optimal performance based on the specific characteristics of the datasets (finance, healthcare, and
energy). The hyperparameters for all models were selected based on grid search using the validation set.

2.3.1. Autoregressive integrated moving average model

The ARIMA model, a traditional statistical method for time series forecasting, has been widely used
in various domains due to its simplicity and efficiency in handling linear relationships. The ARIMA model
comprises three components: autoregression (AR), differencing (I), and moving average (MA). The AR
component captures the linear relationship between past and current values, while the MA component models
the dependency between the current value and past forecast errors. The | component involves differencing the
time series to achieve stationarity.

In this study, the ARIMA model was configured by selecting the optimal parameters (p, d, and q)
using the Box-Jenkins methodology. The Box-Jenkins methodology is a systematic approach used to
identify, estimate, and diagnose ARIMA models. The process involves analyzing autocorrelation and partial
autocorrelation functions (ACF and PACF) to determine the appropriate order of the AR and MA
components, conducting stationarity tests to determine the differencing (I) order, and evaluating model
diagnostics to ensure the model's adequacy. ACF and PACF plots were analyzed to determine the appropriate
values for p and q, while the differencing (I) parameter d was selected based on stationarity tests.
The hyperparameters were optimized by minimizing the Akaike information criterion (AIC), and the final
values were selected based on the validation set, as detailed in Table 1.

2.3.2. Long short-term memory network

LSTM networks, a type of RNNs, have emerged as a powerful tool for time series forecasting due to
their ability to capture long-term dependencies and non-linear patterns in sequential data. LSTMs partially
address the vanishing gradient problem, a common issue in traditional RNNs, by incorporating memory cells
and gating mechanisms that control the flow of information through the network. The LSTM architecture
typically consists of multiple LSTM layers, each containing a set of LSTM units. Each LSTM unit comprises
a memory cell, an input gate, an output gate, and a forget gate. The memory cell stores information over time,
while the gates regulate the flow of information into and out of the cell. The input gate determines how much
new information is stored in the cell, the output gate controls how much information is passed to the next
layer, and the forget gate decides what information is discarded from the cell.

In this study, the LSTM architecture consisted of two LSTM layers followed by a dense output
layer. Dropout regularization was applied to prevent overfitting, and the Adam optimizer was used to
minimize the loss function. Hyperparameters such as the number of LSTM units, learning rate, dropout rate,
and batch size were fine-tuned using grid search, with the final values selected based on the validation set,
refer to Table 1 for details.

2.3.3. Temporal fusion transformer

We implemented the TFT for time series forecasting across finance, healthcare, and energy datasets.
The model follows an encoder-decoder structure, incorporating specialized components such as variable
selection networks (VSNs), gated residual networks (GRNs), and temporal self-attention [22]. The VSN
dynamically selects relevant features at each time step. It processes inputs using fully connected layers,
applies a sparsemax activation function to enforce sparsity, and assigns learned importance weights to each
variable. This ensures that only the most relevant inputs contribute to forecasting.

The encoder processes historical inputs using LSTM networks, which capture temporal
dependencies. The GRNs refine these encoded representations before passing them to subsequent layers.
Each GRN consists of fully connected layers, exponential linear unit (ELU) activation functions, gating
mechanisms (sigmoid activations), and residual connections to regulate information flow. GRNs are also
used in the decoder to process known future covariates.

To capture long-range dependencies, the model applies masked interpretable multi-head
self-attention to the encoded representations. This mechanism computes query (Q), key (K), and value (V)
matrices from the LSTM outputs and learns temporal relationships without looking into the future (enforced
via causal masking). The number of attention heads and dropout rates for this mechanism are listed in
Table 1.

After self-attention, additional GRNs refine the learned representations before generating final
forecasts. The output layer produces quantile estimates (10th, 50th, and 90th percentiles) to quantify
uncertainty. Since TFT outputs quantile forecasts, the final point estimate was taken as the 50th percentile
(median prediction), which represents the most likely outcome. For decision-making applications requiring
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risk assessment, the 10th and 90th percentiles can be used to provide lower and upper confidence bounds.
The model was trained using the Adam optimizer, with a quantile loss function to optimize forecasts across
different quantile levels. Hyperparameters such as the learning rate, batch size, number of GRN layers,
hidden units, and dropout rate were optimized via grid search as shown in Table 1.

For each dataset, feature engineering was performed to prepare the data for the TFT model. In the
finance dataset, raw stock prices (open, close, high, and low) and volume were directly used as observed
historical inputs, with no static or known future inputs in this basic setup. For the healthcare dataset,
the instantaneous heart rate was the primary observed historical input, while the time stamp was transformed
into minute-of-day features for both observed historical and known future inputs. The energy dataset
leveraged total hourly load as the core observed historical input, alongside hour-of-day and day-of-week
features for both historical and future contexts. In all datasets, time stamps were converted into relevant
temporal features to capture seasonality and cyclical patterns. Furthermore, categorical variables, like day-of-
week, were one-hot encoded to facilitate model processing.

2.4. Model training and validation

All forecasting models were trained using the training subset, while hyperparameter optimization
was performed on the validation subset. To ensure realistic time-series forecasting and prevent information
leakage, rolling window cross-validation was employed across all datasets, including finance, healthcare, and
energy [23]. Unlike conventional random sampling strategies, rolling window validation preserves temporal
ordering by ensuring that future observations are never used during model training. This procedure more
closely reflects real-world forecasting conditions, where predictions must rely solely on historical
information.

For each dataset, the observations were first chronologically divided into training (70%), validation
(15%), and testing (15%) subsets. The training set was used to fit the models, while the validation set
supported hyperparameter optimization and model selection. The testing set remained completely unseen
during model development and was reserved exclusively for final performance assessment. Maintaining
chronological separation ensured preservation of temporal dependencies and prevented future observations
from influencing model construction.

To further improve robustness and reduce dependence on a single temporal split, an expanding
rolling window cross-validation strategy was applied during training and validation. In this approach,
the training window progressively increased in size at each iteration while validation was conducted on the
immediately following unseen observations. For example, for the energy dataset, the first iteration used
samples T1-T1000 for training and T1001-T1100 for validation. In the next iteration, the training window
expanded to T1-T1100 while the validation period shifted to T1101-T1200. This procedure was repeated
across successive windows until the end of the training-validation period was reached. The same strategy was
applied to the financial and healthcare datasets. The expanding-window design enabled repeated evaluation
on future unseen observations and provided a more reliable estimate of model generalization performance
under practical forecasting conditions.

Hyperparameter optimization was conducted using grid search across predefined parameter ranges
shown in Table 1. For ARIMA, combinations of autoregressive (p), differencing (d), and moving average (q)
parameters were systematically explored and evaluated using the AIC. For LSTM and TFT, hyperparameters
including learning rate, hidden layer size, batch size, dropout rate, and network architecture parameters were
evaluated across candidate values. The optimal configuration was selected based on validation performance,
primarily minimizing MAE and MAPE while maximizing R2.

To improve statistical robustness and reduce variability arising from stochastic training processes,
each deep learning experiment (LSTM and TFT) was repeated multiple times using different random
initialization seeds, and average performance metrics were reported. This approach reduced sensitivity to
random weight initialization and training fluctuations. Furthermore, early stopping was implemented to
prevent overfitting, terminating training if validation loss failed to improve over ten consecutive epochs.
After optimal hyperparameters had been identified, models were retrained using the combined training and
validation datasets to maximize data utilization. Finally, model performance was evaluated on the held-out
test dataset, which constituted the final 15% of observations and was not involved in either model training or
hyperparameter selection. This strict separation ensured unbiased assessment of predictive performance and
enhanced the reproducibility and reliability of the reported results.

2.5. Sensitivity analysis of missing data

To assess the sensitivity of our models to missing data, we conducted a comprehensive analysis
across all three datasets: financial, healthcare, and energy. We recognized that the impact of missing data can
vary significantly depending on the specific characteristics of each dataset and the mechanisms by which data
becomes missing. Therefore, we tailored our approach to reflect these nuances.
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In the financial dataset, where missing data might arise from infrequent events like trading halts or
data errors, we introduced lower levels of missingness, ranging from 1% to 5%. Conversely, in the healthcare
dataset, where missing data could be more prevalent due to factors such as sensor malfunctions or patient
movements, we explored a broader range of missingness, from 5% to 20%. For the energy dataset, where
missing data might stem from issues like communication disruptions or meter failures, we examined
a moderate range of 0.5% to 2% missingness. For each dataset, we simulated both random missingness,
where data is MCAR, and missingness based on specific criteria (MAR).

For MAR, in the finance dataset, missing values were introduced on low-volume trading days based
on the assumption that during low-volume days, stock price data might be incomplete due to less market
activity. For the healthcare dataset, the missing heart rate values were introduced during periods of high heart
rate. For the energy dataset, missing values were introduced more frequently during peak demand hours as
real-world energy systems data collection errors may be correlated with high energy usage periods.
This allowed us to investigate how different missingness mechanisms might affect the performance of our
forecasting models. To further enhance the comprehensiveness of our analysis, we employed three distinct
imputation techniques: forward fill, linear interpolation, and k-NN imputation. These techniques represent
a range of complexity in handling missing data, from simple replacement with previous values to more
sophisticated estimations based on neighboring data points.

2.6. Evaluation metrics
The models were evaluated on their forecasting accuracy using the following metrics:
— Mean absolute error (MAE): this measures the average magnitude of errors in the predictions.
— Mean absolute percentage error (MAPE): this measures the error as a percentage of the actual value,
providing a normalized measure of accuracy.
— R-squared (R?): this quantifies how well the model explains the variance in the dataset.

Table 1. Hyperparameter selection

Model Hyperparameter Range/value Selected value (validation set)
ARIMA p (autoregressive term) [0,1,2,3,4,5] 2
d (differencing term) [0,1,2] 1
g (moving average term) [0,1,2,3,4,5] 2
AIC Optimized -
LSTM Number of LSTM units [50, 100, 150, 200] 100
Dropout rate [0.1,0.2,0.3,0.4] 0.2
Learning rate [0.001, 0.005, 0.01] 0.001
Batch size [16, 32, 64] 32
Number of epochs [50, 100, 150, 200] 100
Optimizer Adam Adam
TFT Number of attention heads [2,4,8] 4
Hidden layer size [16, 32, 64, 128] 32
Number of GRN layers [1,2,3] 2
Dropout rate [0.1,0.2,0.3,0.4,0.5] 0.2
Learning rate [0.0005, 0.001, 0.005, 0.01] 0.001
Batch size [16, 32, 64] 32
Number of epochs [50, 100, 150, 200] 100
Optimizer Adam Adam
3. RESULTS

3.1. Financial dataset results

In the financial domain, the objective was to forecast the closing price of the S&P 500 index using
historical stock price data. The evaluation metrics for ARIMA, LSTM, and TFT models on the test set are
summarized in Table 2. The ARIMA model showed reasonable performance in predicting the S&P 500
index, but its ability to capture non-linear patterns was limited. The model achieved a MAE of 15.2 USD and
a MAPE of 1.9%, indicating that the predictions were within approximately 2% of the actual values.
However, the R? value of 0.72 showed that the model explained 72% of the variance in the data.

The LSTM maodel, due to its ability to capture long-term dependencies and non-linear relationships,
significantly outperformed ARIMA. It achieved a MAE of 10.1 USD and a MAPE of 1.3%. The R2 value
was 0.87, indicating that the LSTM model explained 87% of the variance in the stock prices. The TFT model
demonstrated the best performance, leveraging attention mechanisms to capture both short- and long-term
dependencies. It achieved the lowest MAE of 8.6 USD and a MAPE of 1.1%, with an R2 of 0.91, showing
that the model was able to explain 91% of the variance in stock prices, outperforming both ARIMA and
LSTM.
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3.2. Healthcare dataset results

For the healthcare dataset, the task was to predict future heart rate values from ECG data during
sleep. Table 2 presents the performance of the ARIMA, LSTM, and TFT models on the test set. The ARIMA
model was limited in capturing the non-linear variations in heart rate patterns. The model resulted in a MAE
of 6.3 bpm and a MAPE of 4.7%, with an R2 value of 0.68. This indicated that the model explained 68% of
the variance in heart rate data.

The LSTM model, due to its ability to handle sequential and non-linear data, performed better than
ARIMA. It achieved a MAE of 4.4 bpm and a MAPE of 3.1%, with an R2 of 0.81. The TFT model
outperformed the other models in forecasting heart rate, with a MAE of 3.8 bpm and a MAPE of 2.9%.
The model achieved an R? value of 0.85, demonstrating that it captured more variance in the heart rate time
series compared to ARIMA and LSTM.

3.3. Energy dataset results

For the energy dataset, the goal was to predict hourly electricity demand. The performance metrics
for each model on the test set are provided in Table 2. The ARIMA model showed decent performance, with
a MAE of 150 MWh and a MAPE of 2.7%. The R2 value of 0.76 indicated that the model explained 76% of
the variance in electricity demand.

The LSTM model demonstrated better performance, achieving a MAE of 110 MWh and a MAPE of
1.9%. The R2 value was 0.85, showing a higher ability to capture patterns in electricity demand compared to
ARIMA. The TFT model provided the best results, with a MAE of 95 MWh and a MAPE of 1.5%.
The model achieved an R2 value of 0.89, indicating that it captured almost 90% of the variance in the data,
outperforming both ARIMA and LSTM.

Table 2. Model performance on financial, healthcare, and energy datasets (test set results)

Model Dataset MAE MAPE (%) R?
ARIMA  Financial (USD) 15.2 1.9 0.72
LSTM Financial (USD) 10.1 1.3 0.87
TFT Financial (USD) 8.6 11 0.91
ARIMA  Healthcare (bpm) 6.3 4.7 0.68
LSTM  Healthcare (bpm) 4.4 31 0.81
TFT Healthcare (opm) 3.8 2.9 0.85
ARIMA  Energy (MWh) 150 2.7 0.76
LSTM  Energy (MWh) 110 1.9 0.85
TFT Energy (MWh) 95 15 0.89

3.4. Overall results

Across all datasets, the TFT consistently outperformed the ARIMA and LSTM models. This can be
attributed to TFT's ability to capture both short- and long-term dependencies in the data, as well as its
efficient use of attention mechanisms. The LSTM model showed better performance than ARIMA in most
cases, particularly when dealing with non-linear and complex time series data, such as heart rate and
electricity demand. These results suggest that while ARIMA remains a reliable model for simpler, linear time
series, deep learning models such as LSTM and TFT are better suited for more complex patterns. In
particular, TFT's superior performance highlights its potential as a state-of-the-art solution for time series
forecasting in various domains.

3.5. Sensitivity analysis to missing data

Results of the sensitivity analysis across all three datasets (financial, healthcare, and energy) are
presented in Figure 1. These figures detail the MAPE performance metrics for the ARIMA, LSTM, and TFT
models under different missing data scenarios and imputation techniques. As expected, the performance of all
models degrades as the percentage of missing data increases. However, the extent of degradation varies
across models and datasets.

The TFT model consistently demonstrates greater robustness to missing data compared to ARIMA
and LSTM across all datasets, particularly in scenarios with higher levels of missingness. This suggests that
TFT's ability to capture complex temporal dependencies and utilize attention mechanisms makes it less
susceptible to the negative impact of missing data. The choice of imputation technique influences model
performance. In general, k-NN imputation yields better results than forward fill and linear interpolation,
especially for LSTM and TFT. This indicates that more sophisticated imputation techniques can help mitigate
the adverse effects of missing data on forecasting accuracy.
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For the financial dataset as shown in Figure 1(a), the models are generally robust to low levels of
missing data (up to 1%). As missingness increases, ARIMA's performance degrades more significantly than
LSTM and TFT. For the healthcare dataset, in Figure 1(b), TFT exhibits the greatest robustness to missing
data, maintaining relatively good performance even with 20% missingness. LSTM shows moderate
sensitivity, while ARIMA is the most affected. For the energy dataset, as shown in Figure 1(c), similar to the
financial dataset, the models are robust to low levels of missingness. As missingness increases, ARIMA's
performance declines more rapidly compared to LSTM and TFT.
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Figure 1. Performance comparison of ARIMA, LSTM, and TFT models under varying missing-data
conditions and imputation techniques across three application domains in (a) financial dataset, (b) healthcare
dataset, and (c) energy dataset. Forecasting performance is evaluated using MAPE under both MCAR and
MAR scenarios with forward fill, linear interpolation, and k-NN imputation. Across all datasets, forecasting
accuracy generally decreases as missingness increases; however, TFT demonstrates greater robustness under
increasing missing-data levels, particularly under MAR conditions and higher missingness rates
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When comparing the impact of MCAR versus MAR missingness mechanisms, we observe a general
trend where MAR scenarios lead to slightly worse model performance across all datasets. This suggests that
when missing values are dependent on observed data, the imputation process becomes more challenging,
potentially leading to less reliable estimates. The TFT model remains the most robust under MAR conditions,
reinforcing its ability to adapt to more complex missingness structures. Conversely, ARIMA is the most
sensitive to MAR, with performance deteriorating significantly as the missing rate increases.

4. DISCUSSION

Time series forecasting is a crucial task in multiple domains, including finance, healthcare, and
energy. Accurate predictions of future trends in these areas enable better decision-making, risk management,
and operational efficiency. For instance, predicting stock prices helps investors make informed trading
decisions, forecasting heart rate can assist in detecting anomalies related to sleep disorders, and predicting
energy demand is vital for optimizing power grids. However, the inherent complexity of these datasets,
characterized by non-linearity, seasonality, and long-term dependencies, makes forecasting a challenging
task. Traditional linear models like ARIMA often fall short in capturing these intricate patterns, necessitating
the use of more advanced deep learning methods.

4.1. Summary of findings

In this study, we compared the performance of three forecasting models: ARIMA, LSTM, and TFT,
across three diverse datasets (financial, healthcare, and energy). Our findings show that while ARIMA
performed adequately in simpler cases, it was significantly outperformed by the deep learning models
(LSTM and TFT), particularly in datasets with non-linear dependencies. The ARIMA model yielded the
highest errors and lowest explained variance, with MAE values of 15.2 USD for the financial dataset,
6.3 bpm for healthcare, and 150 MWh for energy, alongside relatively low R? values. LSTM, as expected,
outperformed ARIMA with significantly lower errors across all datasets, demonstrating its strength in
handling sequential and non-linear data. For example, LSTM reduced the MAE to 10.1 USD for financial
data and 4.4 bpm for healthcare. Finally, the TFT model delivered the best performance, demonstrating
superior accuracy and the ability to capture both short- and long-term dependencies. TFT achieved the lowest
MAE of 8.6 USD for financial data, 3.8 bpm for healthcare, and 95 MWh for energy, with R2? values
exceeding 0.85 across all domains.

4.2. Comparison with literature

Our findings align with previous research, which consistently demonstrates the limitations of
ARIMA in dealing with non-linear and complex time series. Studies comparing ARIMA with deep learning
models in stock market predictions, such as those by Siami-Namini et al. [24], [25], report similar
performance gaps, with deep learning models like LSTM and BiLSTM reducing error rates by 80% to 90%
compared to ARIMA. In another study, Siami-Namini et al. [26] demonstrated that LSTM significantly
outperformed ARIMA in financial time series forecasting, reducing errors by about 80% across various
financial datasets, including stock indices and economic indicators. In the healthcare domain, LSTM has
been shown to outperform traditional models in classifying physiological signals like ECG, as demonstrated
in the work by Yildirim [3], where an LSTM-based model achieved over 99% accuracy in classifying ECG
signals, significantly outperforming traditional methods such as support vector machines (SVM).

The TFT, a relatively recent addition to time series forecasting, has demonstrated superior
performance across multiple domains. Lim et al. [22] showed that TFT outperforms traditional models and
advanced recurrent architectures like LSTM, particularly in energy demand forecasting and multi-horizon
sales prediction, due to its ability to capture both short- and long-term dependencies. Similarly,
Niu et al. [27] confirmed TFT's exceptional performance in wind power forecasting, where it significantly
outperformed LSTM and traditional models, further proving its effectiveness in handling complex, non-linear
relationships in energy datasets. Our results, particularly the improved accuracy and lower MAE values in all
datasets, reinforce the advantages of TFT in dealing with time series containing long-term dependencies and
complex patterns.

4.3. Strengths, limitations, and future directions

This study presents several strengths, most notably its comprehensive comparison of three
forecasting models (ARIMA, LSTM, and TFT) across distinct domains such as finance, healthcare, and
energy. By testing these models on diverse real-world datasets, we provide valuable insights into how
traditional and advanced deep learning approaches perform in different contexts. In particular, the inclusion
of the TFT model, which is relatively new and has been less frequently applied in some areas, demonstrates
its ability to outperform both ARIMA and LSTM in capturing complex time series patterns. The rigorous
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methodology, including the use of rolling window cross-validation, ensures that future data is not leaked into
the training process, thus offering a realistic assessment of model performance that is highly relevant for
practical applications where forecasting accuracy is critical. In addition, the impact of missing data and
imputation techniques was studied.

Beyond forecasting accuracy, the observed robustness of TFT under incomplete data conditions may
have important implications for large-scale information and communication technology (ICT) systems and
enterprise applications. In practical environments, time-series data are increasingly generated through
distributed sensors, internet-of-things (loT) infrastructures, cloud services, and big-data platforms, where
missing values frequently arise because of communication failures, latency, synchronization issues, and
sensor interruptions. The ability of TFT to maintain performance under missing-data conditions suggests
strong potential for deployment within cloud-based analytics pipelines and large-scale forecasting systems.
Integration with distributed computing frameworks and big-data platforms could enable real-time forecasting
applications in smart healthcare systems, financial monitoring environments, intelligent energy management
platforms, and enterprise decision-support systems. This capability increases the practical relevance of TFT
beyond experimental settings and highlights its potential role in scalable industrial forecasting solutions.

Despite these strengths, the study has certain limitations. ARIMA, while included for comparison,
is somewhat outdated compared to modern deep learning models and its lower performance was expected.
LSTM, though effective, lacks the flexibility and capacity of TFT, especially in capturing long-range
dependencies efficiently. Furthermore, the computational cost of deep learning models, particularly LSTM
and TFT, is a notable drawback, as they require significant resources, especially when fine-tuning
hyperparameters through methods like grid search.

Looking ahead, there are several avenues for future research. Although the datasets used in this
study span multiple domains and provide a broad evaluation framework, they primarily consist of benchmark
datasets commonly used for algorithmic evaluation. While benchmark datasets facilitate reproducibility and
standardized comparison, they may not fully represent the complexity and variability encountered in
operational environments. Real-world time-series systems frequently exhibit domain-specific characteristics
such as irregular sampling frequencies, evolving data distributions, heterogeneous sensor sources, operational
disruptions, and varying missing-data patterns. Therefore, the generalizability of the proposed findings
should be interpreted with caution. Future studies should validate these forecasting approaches using
sector-specific real-world datasets from industrial environments, healthcare monitoring systems, smart grids,
financial institutions, and large-scale enterprise platforms to better assess robustness and practical
deployment potential under real operational conditions. Moreover, future work could explore the
generalization of these models to more challenging scenarios, such as highly imbalanced or noisy datasets,
which remain difficult for deep learning approaches [28].

While this study focused on ARIMA, LSTM, and TFT models, future research could explore
a wider range of time series forecasting models. For ARIMA, this could involve investigating variations like
SARIMA for seasonality and ARIMAX for incorporating external factors. Additionally, comparing ARIMA
to other traditional models like Exponential Smoothing and Holt-Winters could provide valuable insights.
In the context of deep learning, exploring different LSTM variations, such as Bi-LSTM and GRU, could
further enhance performance. Comparing LSTM to other deep learning models like CNNs and TCNs could
also reveal their relative strengths and weaknesses for time series forecasting. For transformer models,
investigating variations like transformer-XL and longformer could improve efficiency and address specific
challenges. Comparing transformers to other attention-based models like Informer could also be beneficial.
It is important to note that our implementation of TFT was somewhat limited in its use of static and known
future inputs. While the finance dataset relied solely on observed historical inputs, the healthcare and energy
datasets incorporated limited known future covariates, such as time-based features. However, we did not
fully leverage the potential of static variables or broader known future inputs, which could enhance TFT’s
interpretability and performance. Future work could investigate the impact of incorporating a richer set of
these inputs on forecasting accuracy.

Another important direction is addressing the lack of interpretability in models like LSTM and TFT.
While these models perform exceptionally well, their “black-box nature makes it difficult for practitioners
to understand the underlying mechanisms driving the predictions [22]. Future work could focus on enhancing
model interpretability, potentially by incorporating explainability techniques that would make these models
more transparent and accessible, especially in sensitive fields like healthcare [29].

Finally, exploring ensemble methods that combine the strengths of ARIMA, LSTM, and TFT could
offer a promising path forward [30]. Hybrid models that utilize ARIMA’s linearity for simpler patterns and
leverage deep learning models' ability to capture complex non-linear trends could yield even better results.
Transfer learning and domain adaptation are also areas worth exploring, especially for applications where
labeled data is scarce or expensive to collect [31].
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5. CONCLUSION

In this paper, we conducted a comprehensive comparison of three time series forecasting models:
ARIMA, LSTM, and TFT, across three distinct datasets: finance, healthcare, and energy. Our results clearly
demonstrate the limitations of traditional methods like ARIMA in capturing complex, non-linear
dependencies in time series data. In contrast, deep learning models, particularly TFT, significantly
outperformed ARIMA and LSTM, showcasing their ability to handle both short-term fluctuations and long-
term trends. Furthermore, this study provides valuable insights into the impact of missing data on time series
forecasting and the effectiveness of various imputation techniques in mitigating these effects. Our sensitivity
analysis revealed that the performance of all models degrades with increasing levels of missing data, but TFT
exhibited greater robustness compared to ARIMA and LSTM.

The study's findings emphasize the growing importance of advanced deep learning architectures in
diverse real-world applications. The superior performance of TFT across all datasets suggests its suitability
for time series forecasting tasks where both accuracy and the ability to model intricate dependencies are
paramount. However, challenges remain, particularly in terms of the interpretability and computational cost
of deep learning models. Future work should focus on addressing these issues and exploring the potential of
hybrid approaches and ensemble methods that could further enhance forecasting accuracy.
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