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Abstract. With the intensifying competition in the streaming media market, the
fluctuations in Netflix's stock price have attracted attention, and accurately pre-
dicting its stock price is of great significance to investors. Over the years, many
studies have explored the use of time series analysis for stock price forecasting.
This study uses the Autoregressive Integrated Moving Average and Long
Short-Term Memory (ARIMA-LSTM) hybrid model to predict Netflix's stock
price. It utilizes the stock price data from September 2002 to May 2024. The
methodology involves using the ARIMA model to address linear trends, fol-
lowed by the LSTM model to capture nonlinear characteristics. Findings indicate
that this hybrid approach can effectively forecast stock prices. The result is more
accurate than the ARIMA model. Future research can introduce more variables
and pay attention to market changes to improve the model, providing references
for investors and helping them optimize their investment portfolios and formu-
late risk-hedging strategies.
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1 Introduction

In the financial field, the stock market (SM) fluctuations significantly influence in-
vestors, decision-makers, and the entire economic system. Netflix, as a
world-renowned streaming service provider, has pioneered a new era of digital media
consumption since the late 1990s. However, over the past decade, with the emergence
of an increasing number of streaming platforms, Netflix's stock price has witnessed a
significant decline, attracting much attention. Based on this background, predicting its
stock price has important practical significance. By improving predictive accuracy,
investors can make better-informed decisions regarding their investments in Netflix,
ultimately contributing to more effective risk management and capital allocation
strategies [1]. Meanwhile, an in-depth exploration of the stock price trends of global
enterprises like Netflix can provide references for research on the behavioral patterns
of global SM.

As a statistical method for dealing with dynamic data, Time Series Analysis has
unique advantages in stock price prediction. It can effectively explore the patterns of
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data changes over time and, through the analysis of historical data, identify character-
istics such as trends, seasonality, and periodicity of stock prices (SP). Currently, many
studies have applied time series analysis to the prediction of SP. Fakhfekh pointed out
that in time series models for stock prediction, the Autoregressive Integrated Moving
Average (ARIMA) models are the most widely used to predict future prices [2]. This
model can capture the linear relationships in the data when dealing with stationary
time series data. Brooks chose the Generalized Autoregressive Conditional Hetero-
scedasticity (GARCH) model to study the volatility of the SM and concluded that the
model is used for one-step ahead forecasting, results show better prediction accuracy
when compared with other models [3]. Besides, the research results of Samy et al.
showed that Long Short-Term Memory (LSTM) networks have a lot of potential and
show promise as an efficient solution to time series forecasting problems through the
various sequences they have been applied to [4]. However, including the company's
strategies, changes in user subscription behavior, fluctuations in the macroeconomic
situation, and adjustments in policies, factors influencing Netflix’s stock price are
various, which makes its price changes rather complex. Therefore, it is not easy to
make predictions using traditional single models.

In 1969, Bates first put forward the combined forecasting method which combines
different models to analyze and predict data, so that the advantages of each model can
be demonstrated while avoiding the disadvantages of each model at the same time [5].
Based on the analysis of existing research, this paper takes into account the ad-
vantages of the ARIMA model in capturing linear trends and the advantages of the
LSTM model in dealing with nonlinear features and time dependence. By applying
both ARIMA and LSTM models to forecast Netflix's stock price, this research aims to
develop a more comprehensive prediction model that overcomes single-model limita-
tions and expands the application of time series analysis in complex financial data
prediction.

2 Method

2.1 Dataset

This study has collected the historical data of Netflix's SP from September 2002 to
May 2024. The data is sourced from the Kaggle website and has relatively high valid-
ity and credibility. In addition, the closing price is an important reference date in the
SM. It not only reflects the market sentiment of the day but also serves as a crucial
factor for analyzing stock price trends. Consequently, in this project, the closing price
is taken as the main data for modeling and prediction.

2.2 Model Introduction

ARIMA is a model for modeling linear dependencies in time series data [6]. This
model adopts the differencing technique (first-order or multi-order) to transform
non-stationary time series into stationary ones. The differencing term corresponds to
the parameter d in the ARIMA model. Once the data becomes stationary, this model
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will build a combined autoregressive and moving average model based on this sta-
tionary sequence.
This model can be expressed as:

ye=ct Pyt t ¢pyg—p + 0164+ + ngt—q + € (D

Among them, y," is the stationary sequence after d times of differencing, ¢ is the
constant term, ¢, ¢, ..., ¢, is the parameter to be estimated in the autoregressive
model, and 6, ,6,, wr By s the parameter to be estimated in the moving average
model. €_g, ..., €,_1, € is the residual sequence of the model.

The LSTM model can capture the long-term dependence problem existing in se-
quences, that is, the current value of a sequence may be affected by an event that
happened a long time ago [7]. The traditional ARIMA model cannot directly model
such long-term dependence relationships in sequences, while the LSTM model can
well store and remember such historical information through the Cell State and the
Hidden State. The core of the LSTM model lies in the way of updating the Cell State
C, and the Hidden State h,.

The formula for the forget gate in the LSTM model is:

ft = o(Welhe_q, x¢] + by) @)
The update formula for the Cell State is:
Ce = tanh(W, [he_y, %] + b,) (3)
The update formula for the hidden state is:
h; = o, tanh(C,) (O]

2.3  Research Design

With the development of technology, traditional forecasting methods can no longer
meet the needs of today's market. They can only rely on linear time series to predict
SP and fluctuations while ignoring the nonlinear characteristics of stocks. This leads
to the accuracy of the fitting model being affected and thus reduces the prediction
precision [8]. To enhance the accuracy of forecasting Netflix’s stock price trends, this
project, based on Python, uses the ARIMA-LSTM hybrid model in time series to
model and predict the target data. The process begins with data visualization, including
a time series plot (Fig. 1) that reveals a clear trend in share prices.
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Fig. 1. Time series plot of Netflix’s stock price (Photo credit: Original).

Before using the ARIMA model for modeling, it is necessary to perform a differ-
encing operation on the time series. This paper uses the grid search method to deter-
mine the ARIMA model’s p, d, and q parameters. Subsequently, the ARIMA model's
residuals are computed and used as input for LSTM model training. The final predic-
tion is obtained by combining the ARIMA and LSTM model predictions.

3 Result

It can be found in Table 1 that ARIMA (2, 1, 2) has the lowest AIC, BIC, and MAPE.
Therefore, ARIMA (2, 1, 2) is used for modeling the stock price data in the subse-
quent part of this paper.

Table 1. Grid search results for ARIMA model parameters.

ARIMA Model R2 Ljung-Bo AIC BIC P-value MAPE
x Statistic
ARIMA (0,1,0)  0.9989 38.6613 35061.5850 35074.8060 0.1728 2.7708
ARIMA (1,1,0)  0.9989 37.2886 35061.6605 35081.4920 0.9906 2.7879
ARIMA (2,1,0)  0.9989 36.4092 35062.7672 35089.2092 0.9919 2.7767
ARIMA (0,1,1)  0.9989 37.3256 35061.7096 35081.5411 0.9861 2.7887
ARIMA (1,1,1)  0.9989 36.2070 35062.4346 35088.8766 0.9883 2.7813
ARIMA (2,1,1)  0.9989 37.3586 35065.6481 35098.7006 0.9875 2.7846
ARIMA (0,1,2)  0.9989 36.4055 35062.7505 35089.1925 0.9921 27779
ARIMA (1,1,2)  0.9989 37.3698 35064.3113 35097.3638 0.9968 2.7842
ARIMA (2,1,2)  0.9989 253615 35036.9040 35076.5670 0.6735 2.6969

Through Table 2, the parameter estimates, standard deviations, Z-statistics,
p-values, and 95% confidence intervals of the ARIMA (2, 1, 2) model can be seen.
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Among them, except for the intercept term, the parameter coefficients of the two AR
terms and the two MA terms are all significantly different from 0. This indicates that
the ARIMA (2, 1, 2) model can indeed capture the sequential dependence relation-
ships in the stock price data of Netflix.

Table 2. Parameter information of the optimal ARIMA model

Parameter  coefficient std err z P> [0.025 0.975]
Intercept 0.1475 0.1020 1.4450 0.1480 -0.0530 0.3480
ar.L1 0.6482 0.0200 31.8460 0.0000 0.6080 0.6880
arL2 -0.8776 0.0170 -52.9650 0.0000 -0.9100 -0.8450
ma.Ll -0.6780 0.0180 -37.3250 0.0000 -0.7140 -0.6420
ma.L2 0.9087 0.0150 61.0660 0.0000 0.8790 0.9380
sigma2 35.6955 0.1330 268.8330 0.0000 35.4350 35.9560

Table 3 presents the Mean Absolute Error (MAE), Root Mean Square Error
(RMSE) and Mean Absolute Percentage Error (MAPE) indicators of the ARIMA
model and the ARIMA - LSTM hybrid model on the fitting data and the test data.
During the fitting stage, the ARIMA-LSTM model shows slightly higher MAE,
RMSE, and MAPE compared to the ARIMA model. Conversely, in the prediction
stage, the ARIMA-LSTM model exhibits lower values across these indicators.

Table 3. Comparison of model ARIMA and model ARIMA-LSTM predictions

Model Period MAE RMSE MAPE
ARIMA Fitted 2.5431 5.9238 0.0256
ARIMA Prediction 110.2148 122.7704 0.1862
ARIMA_LSTM Fitted 2.8680 6.0248 0.0632
ARIMA_LSTM Prediction 109.4101 122.1434 0.1847

Finally, Fig. 2 displays the visual results of the ARIMA-LSTM hybrid model after
the training set and the test set are divided, as well as the prediction results of the stock
price changes in the next year. It can be seen that when the ARIMA-LSTM hybrid
model conducts multi-step predictions, the confidence interval will gradually increase
as the number of prediction steps increases, which is a typical characteristic of auto-
regressive models.



Forecasting Netflix Stock Prices by Time Series Analysis 19

Original Data

800 ARIMA-LSTM (Fitted)
—— ARIMA-LSTM (Predicted)
—— ARIMA-LSTM (Forecasted)

600 4 "I

400 4

-

Price

200

2004 2008 2012 2016 20200 2024
Time

Fig. 2. SP of Netflix predicted based on the ARIMA-LSTM hybrid model (Photo credit: Origi-
nal).

4 Discussion

4.1 Result Explanation

The findings of this study demonstrate that the ARIMA-LSTM model effectively
captures Netflix stock price trends and characteristics, enabling future price predic-
tions. Through experiments, it is found that the stock price shows a slight upward
trend in the coming period. The model's strong performance on both training and
validation sets suggests its predictive capabilities, offering valuable insights for in-
vestors to better grasp the possible changing trends of SP in investment decisions.

Yuan et al. believed that machine learning models can take nonlinear features as
inputs and can be used to predict non-stationary financial time series, such as stocks,
futures, digital currencies, etc [9]. This method has higher accuracy and smaller errors
compared with traditional time series prediction methods. The specific parameters
obtained in this study just verify this view. It is found that the combined use of
ARIMA and LSTM models can indeed improve the prediction accuracy compared
with using only the ARIMA model.

4.2  Limitation Analysis

Although certain achievements have been made in using the ARIMA-LSTM model to
predict data, there are still some limitations. Firstly, it cannot be ignored that the SM
is renowned for its unpredictability, nonlinearity, and active essence [10]. The model
used in the study cannot predict every fluctuation of SP in the future and can only
make simple predictions on the overall trend.

In addition, during the data fitting stage, the ARIMA-LSTM model exhibits a
slightly higher error than the ARIMA model, which is unexpected in the study. This
could be because the ARIMA-LSTM hybrid model is relatively complex and prone to
overfitting. Especially for the LSTM part, if the amount of training data is limited, it
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may overfit the noise and fluctuations in the training data, resulting in relatively large
errors.

4.3  Suggestions

Based on the above content, this project puts forward a series of suggestions to im-
prove future research and applications. Firstly, in terms of model construction, more
external variables can be introduced, such as macroeconomic indicators, user senti-
ment analysis data, etc., so that the model can reflect the actual situation of the SM
more comprehensively. In addition, continuously paying attention to the new features
and changes in the SM and adjusting the model algorithm on time can improve pre-
diction accuracy and consistency.

For investors, the modeling results can only serve as references and should not be
the sole basis for investment decisions. When formulating investment strategies, in-
vestors should comprehensively consider the fundamental analysis of companies,
including financial conditions, business models, market competitiveness, etc., to
evaluate investment risks and potential returns. On the other hand, investors should
closely follow market dynamics, continuously improve their risk awareness, and
make rational investments.

5 Conclusion

This study initially uses the ARIMA model to analyze Netflix's SP and extract residu-
als. Subsequently, the LSTM model is trained on these residuals, utilizing historical
price data to capture nonlinear fluctuations unexplained by the ARIMA model. After
constructing the model, the data of the most recent 116 days of Netflix's SP are re-
served to test prediction results. Meanwhile, the SP data for the whole next year (252
days) are predicted by the hybrid model. While the ARIMA-LSTM hybrid model
demonstrates slight improvements in prediction accuracy compared to the standalone
ARIMA model, the enhancements are limited for stock price time series. In the future,
besides providing investors with predictive references for stock price trends, the re-
search findings can also be applied to the field of financial risk management. Finan-
cial institutions can utilize the model’s prediction to assess financial portfolios more
accurately and optimize risk hedging strategies.
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