
Review Not peer-reviewed version

Comparative Study of Arima, Lstm and

Prophet Models for Time Series

Forecasting: A Comprehensive Review

Hiteash Mahajan *

Posted Date: 19 January 2026

doi: 10.20944/preprints202601.1377.v1

Keywords: time series forecasting; ARIMA; LSTM; prophet; comparative analysis

Preprints.org is a free multidisciplinary platform providing preprint service

that is dedicated to making early versions of research outputs permanently

available and citable. Preprints posted at Preprints.org appear in Web of

Science, Crossref, Google Scholar, Scilit, Europe PMC.

Copyright: This open access article is published under a Creative Commons CC BY 4.0

license, which permit the free download, distribution, and reuse, provided that the author

and preprint are cited in any reuse.

https://sciprofiles.com/profile/5042850
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/


 

 

Review 

Comparative Study of Arima, Lstm and Prophet 

Models for Time Series Forecasting: A 

Comprehensive Review 

Hiteash Mahajan 

Department of Computer Science & Engineering, UIET Kathua, India; hiteashgupta1@gmail.com  

Abstract 

Time series forecasting represents one of the most critical challenges in contemporary data science 

and machine learning, with applications spanning finance, energy systems, weather prediction, 

traffic management, supply chain optimization, and healthcare. This comprehensive review 

examines and compares three prominent forecasting methodologies: Autoregressive Integrated 

Moving Average (ARIMA), Long Short-Term Memory (LSTM) neural networks, and Prophet. These 

models embody distinct paradigms—traditional statistical methods, deep learning architectures, and 

automated trend-based analysis respectively. Through systematic synthesis of recent literature and 

empirical studies from 2018–2025, this review analyzes theoretical foundations, practical 

implementations, strengths, limitations, and optimal application contexts. Our findings reveal that 

ARIMA exhibits superior performance for simple linear patterns (MAPE 3.2–13.6%), LSTM 

demonstrates exceptional capability in capturing complex non-linear dependencies with 84–87% 

error reduction vs. ARIMA, while Prophet excels in handling business time series with strong 

seasonality (MAPE 2.2–24.2%). Model selection depends critically on data characteristics, forecasting 

horizon, computational resources, and application requirements. This review synthesizes over two 

decades of empirical findings to provide principled guidance for practitioners in model selection and 

implementation. 
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1. Introduction 

Time series forecasting represents one of the most fundamental and pervasive challenges in data 

science and machine learning, with applications spanning virtually all domains [1–3]. From financial 

markets predicting stock prices and currency movements [4], to environmental systems tracking 

climate patterns [5], to industrial applications forecasting energy consumption and manufacturing 

outputs [6], to healthcare systems predicting patient demand and disease spread [7,8]—accurate 

forecasting enables informed decision-making [1,9]. Over the past seven decades, numerous 

forecasting methodologies have been developed, each with distinct theoretical foundations, 

computational requirements, and practical applications [12–14]. 

This capability enables organizations to optimize capacity planning, set realistic targets, detect 

anomalies, manage risks, and allocate resources effectively [2,3]. The core mission of time series 

analysis is both deceptively simple and profoundly challenging: to extract meaningful statistical 

patterns from historical observations to predict future values with acceptable accuracy [10,11]. 

The history of time series forecasting spans over a century, beginning with econometric work by 

Jan Tinbergen (1939) [12]. The field has undergone dramatic evolution through distinct paradigms. 

Classical statistical methods emerged in the 1950s–1980s with ARIMA and exponential 

smoothing pioneered by Box and Jenkins (1970) [15–17]. Nonlinear models emerged in the 1980s–

1990s with TAR models and ARCH/GARCH for volatility clustering [19,20]. Machine learning 

approaches dominated the 1990s–2000s with neural networks, SVM, and Gaussian process regression 
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[21,22]. Deep learning emerged in the 2010s–present era with LSTM [23,24], CNN, GRU [25], 

Transformer models, and attention mechanisms [26–28]. 

In the current era, three modeling paradigms dominate contemporary forecasting practice: 

ARIMA—Classical statistical approach grounded in stochastic process theory [15,29], LSTM—Deep 

learning paradigm capturing nonlinear temporal patterns [23,24,30], and Prophet—Pragmatic hybrid 

designed specifically for business-scale forecasting [31–33]. 

This comprehensive review addresses a critical knowledge gap regarding when each model is 

most appropriate and how practitioners should select optimal forecasting approaches for specific 

applications [1,2,34]. Recent empirical studies comparing these models demonstrate varied results 

depending on dataset characteristics, forecasting horizons, and data complexity [2,34,35]. This review 

aims to: provide comprehensive technical overview of ARIMA, LSTM, and Prophet methodologies 

and systematically compare theoretical foundations and practical implementations. 

2. Theoretical Framework 

2.1. ARIMA: Autoregressive Integrated Moving Average 

ARIMA(p, d, q) combines three primary components . Autoregression (AR, order p) captures 

linear relationships with lagged observations: 

 𝑦𝑡 = 𝑐 + 𝜙1𝑦𝑡−1 + 𝜙2𝑦𝑡−2+. . . +𝜙𝑝𝑦𝑡−𝑝 + 𝜀𝑡                        (1) 

Integration (I, order d) applies differencing to transform non-stationary time series into 

stationary series: 

 ∇𝑦𝑡 = 𝑦𝑡 − 𝑦𝑡−1                                                              

            (2) 

Moving Average (MA, order q) models the relationship between observations and residual 

errors: 

 𝑦𝑡 = 𝜀𝑡 + 𝜃1𝜀𝑡−1 + 𝜃2𝜀𝑡−2+. . . +𝜃𝑞𝜀𝑡−𝑞                                   

(3) 

For seasonal data, Seasonal ARIMA (SARIMA) extends the framework: SARIMA(p, d, q)(P, D, 

Q)_S [15,29,48–50]. 

Figure 1 shows ARIMA methodology flowchart showing iterative steps from stationarity testing 

through ACF/PACF analysis, parameter estimation, and residual diagnostics. Feedback loops ensure 

model adequacy before forecast generation, emphasizing the systematic nature of ARIMA model 

development. 

ARIMA models offer several significant advantages: mathematically interpretable with clear 

parameter meanings [15,29], computationally efficient requiring minimal resources (0.5–5 seconds 

training) [35,36,51], well-established theoretical foundation with decades of successful applications 

[15,16,29], excellent performance for simple linear patterns and stationary data [15,29,51], and 

requires minimal data (200+ observations) [15,29,35]. However, ARIMA models present notable 

limitations: requires stationarity or differencing [15,29,44], poor at capturing non-linear relationships 

[1,2,35], struggles with high-frequency volatile data [35,36,51], requires manual parameter tuning 

[15,29], assumes constant statistical properties [1,35], and limited adaptability to changing data 

characteristics [35,51]. 
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Figure 1. ARIMA Process Flow. 

2.2. LSTM: Long Short-Term Memory Networks 

LSTM networks are specialized RNNs designed to address the vanishing gradient problem 

[23,24,30,54]. The LSTM architecture comprises memory cells with three primary gating mechanisms. 

The forget gate controls information retention: 

The input gate determines which new information updates the cell state: 

 𝑖𝑡 = 𝜎(𝑊𝑖 ⋅ [ℎ𝑡−1, 𝑥𝑡] + 𝑏𝑖)                                   (5) 

𝐶̃𝑡 = tanh (𝑊𝐶 ⋅ [ℎ𝑡−1, 𝑥𝑡] + 𝑏𝐶)                                               

(6) 

The output gate selects which information flows to the next layer: 

 𝑜𝑡 = 𝜎(𝑊𝑜 ⋅ [ℎ𝑡−1, 𝑥𝑡] + 𝑏𝑜)                                         (7)   

ℎ𝑡 = 𝑜𝑡 ⊙ tanh (𝐶𝑡)                                                        

            (8) 

LSTM effectively mitigates the vanishing gradient problem through constant error carousels 

(CEC) and multiplicative interactions [23,24,54], enabling the network to learn long-term 

dependencies spanning hundreds of time steps [23,30]. 

Figure 2 shows LSTM neural network architecture showing input sequences flowing through 

stacked LSTM layers containing forget, input, and output gates. The gating mechanisms enable 

capture of long-term dependencies and complex non-linear patterns. The Dense output layer 

produces one-step-ahead forecasts. 

LSTM networks demonstrate several important advantages: excellent capability capturing long-

term dependencies and non-linear patterns [23,24,30,55], superior performance on complex, highly 
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volatile data (84–87% error reduction vs. ARIMA) [1,35,51,56], effective with non-stationary time 

series without explicit preprocessing [1,35,56], can simultaneously process multiple input features 

(multivariate forecasting) [1,23,30,56], flexible architecture supporting custom designs [30,57], and 

learns complex temporal patterns automatically [23,30]. 

 

Figure 2. LSTM Architecture. 

However, LSTM models present substantial challenges: requires substantially more training 

data (typically 5,000+ observations) [1,35,51,56], high computational requirements during training (5 

minutes to 2+ hours) [1,35,51], “black box” nature complicates interpretability [1,2,35,56], extremely 

sensitive to hyperparameter choices and initialization [1,35,56,57], prone to overfitting on smaller 

datasets [1,35,56,57], performance can exhibit high variance [1,35,56], requires careful data 

normalization [35,56,57], and substantial GPU resources needed [1,35,51]. 

2.3. Prophet: Automated Forecasting Procedure 

Prophet employs an additive decomposable time series model combining multiple interpretable 

components [31–33]: 

 𝑦𝑡 = 𝑔(𝑡) + 𝑠(𝑡) + ℎ(𝑡) + 𝜀𝑡                                                   

(9)                   

where g(t) represents the trend component (piecewise linear or logistic growth), s(t) models seasonal 

patterns using Fourier series: 

 𝑠(𝑡) = ∑ [
𝑁

𝑛=1
𝑎𝑛 cos (

2𝜋𝑛𝑡

𝑃
) + 𝑏𝑛 sin (

2𝜋𝑛𝑡

𝑃
)                    (10) 

h(t) captures holiday effects modeled as external regressors: 

 ℎ(𝑡) = 𝑍(𝑡)𝜅                                                                 

           (11) 

and ε_t represents error or noise. 
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Figure 3 shows Prophet decomposes time series into four interpretable components: trend g(t), 

seasonality s(t), holiday effects h(t), and error term ε_t and this demonstrates how Prophet makes 

individual components explicit for business interpretation. 

 

Figure 3. Prophet Decomposition. 

Prophet models offer distinct advantages: designed specifically for business time series 

forecasting [31–33], automatic handling of missing data and outliers [31–33,58,59], requires minimal 

hyperparameter tuning [31–33,58], highly interpretable components [31–33], robust to structural 

changes [31–33], handles irregular seasonality and holiday effects [58,59], uses Bayesian inference 

providing uncertainty quantification [31–33], and fast training (30 seconds to 5 minutes) [35,36,59]. 

However, Prophet models have notable limitations: less effective with short-term fluctuations 

and high-frequency data [1,31,32,35], assumes additive model structure with limited multiplicative 

seasonality handling [31–33], performance challenges with highly volatile data lacking seasonality 

[1,31,32], limited capacity for capturing complex non-linear relationships [1,2,31], may oversmooth 

data [58,59], primarily designed for univariate forecasting [31–33], and performance degrades on 

non-seasonal data [1,31,32]. 

3. Literature Review 

3.1. Performance Metrics and Empirical Studies 

Standard evaluation metrics for time series forecasting include Mean Absolute Error (MAE), 

Root Mean Squared Error (RMSE), and Mean Absolute Percentage Error (MAPE) [1,10,15,51,52] for 

the models shown in Table 1: 

 MAE =  
1

𝑛
∑ ∣ 𝑦𝑖 − 𝑦̂𝑖 ∣                                                    

           (12) 

 RMSE = √
1

𝑛
∑(𝑦𝑖 − 𝑦̂𝑖)

2                                            

(13) 

 MAPE =
100%

𝑛
∑ ∣

𝑦𝑖−𝑦̂𝑖

𝑦𝑖
∣                                             
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(14) 

Table 1. Comparative Performance Across Application Domains. 

Domain ARIMA MAPE LSTM MAPE Prophet MAPE 

Financial (Hourly) 15.04% 4.06% 11.09% 

Financial (Daily) 3.20% 6.60% 6.30% 

Energy (Renewable) 8.5% 3.2% 5.8% 

Traffic (Hourly) 12.8% 5.4% 8.7% 

Retail (Daily) 8.6% 9.2% 7.4% 

Healthcare (COVID-

19) 
16.4% 13.2% 15.8% 

3.2. Domain-Specific Applications 

1. Financial Forecasting: Comparative studies on financial datasets demonstrate significant 

performance variations [4,35,51,56]. LSTM achieved 84–87% reduction in error rates compared 

to ARIMA [1,35,51,56], with MAPE values of 4.06–26.02% for hourly predictions versus 

ARIMA’s 7.21–43.48% [35,51,56]. ARIMA maintained consistent performance (MAPE 3.20–

13.60%) for daily and longer forecasts [35,51]. Stock price prediction studies show LSTM 

achieved R² = 0.96–0.97 on test datasets [51,56], while hybrid models achieved R² = 0.98–0.99 on 

complex stock data [39,62]. 

2. Energy and Environmental Applications: Renewable energy forecasting reveals LSTM 

demonstrated R² = 0.986 on wind power prediction [37], while hybrid GRU-attention models 

achieved 75% error reduction over traditional methods [63]. Prophet proved effective for solar 

power with clear daily patterns (MAPE < 10%) [5,32,37], and SARIMA remained comparable to 

LSTM on seasonal energy data (MAPE 6–8%) [48,50]. CNN-LSTM combinations improved 

accuracy by 20–30% on multi-step forecasting [37,64]. Air quality forecasting shows LSTM 

outperformed ARIMA by 15–25% on PM2.5 prediction [5,65], with ensemble methods 

combining ARIMA, LSTM, and Prophet achieving best performance [66]. 

3. Healthcare and Disease Prediction: COVID-19 case forecasting demonstrates hybrid ARIMA-

LSTM achieved lowest errors (MSE = 2,501,541; MAPE = 6.43%) [8,41], while LSTM 

outperformed ARIMA by 30–40% on pandemic data [7,8,41]. Prophet handled holiday effects 

well but struggled with volatile spikes [7,8], and ensemble models combining all three 

approaches improved predictions 15–20% [7,42]. 

4. Traffic and Retail Applications: Traffic prediction studies show LSTM outperformed ARIMA for 

short-term traffic prediction [6,34,68], while ARIMA maintained competitive performance for 

daily aggregates (MAPE 2.9%) [34,51]. Hybrid LSTM-GRU models achieved 85–92% accuracy 

on hourly traffic [68]. For sales forecasting, daily forecasting shows ARIMA (MAPE 2.9–13.6%), 

Prophet (MAPE 2.2–24.2%), and LSTM (MAPE 6.6–20.8%) [35,51], while Prophet excels for retail 

with strong weekly/yearly seasonality [2,31,32,35]. 

3.3. Forecasting Horizon and Data Characteristics 

Different forecasting horizons substantially influence model performance [1,2,34,35,51]. For 

short-term forecasting (hours to 1 day), LSTM generally provides superior performance with lower 

error metrics [1,35,51], though ARIMA maintains competitive performance for 1–2 day horizons 
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[35,51], while Prophet struggles with hourly predictions [35,51,59]. Medium-term forecasting (days 

to weeks) shows ARIMA and LSTM with comparable performance [1,34,35], though ARIMA’s 

advantage increases as horizon extends [1,35,51], and Prophet shows improved performance with 

clearer seasonal patterns [2,32,35]. Long-term forecasting (weeks to months) demonstrates ARIMA’s 

superior performance capturing trends [1,35,51], while LSTM performance degrades without 

additional external features [1,35,51], yet Prophet excels with strong seasonal components (MAPE < 

10%) [2,31,32]. The strengths of the models shown in Table 2. 

Table 2. Model Performance Across Forecasting Horizons. 

Horizon ARIMA Strength LSTM Strength Prophet Strength Uncertainty 

Hourly Poor Excellent Weak Very High 

Daily Good Good Excellent High 

Weekly Excellent Moderate Good Moderate 

Monthly Excellent Poor Good Low 

3.4. Research Gap and Problem Statement 

The common gap across the literature is that they mostly optimize accuracy on local, proprietary 

datasets but do not address generalization, uncertainty, interpretability, or deployment needs in a 

systematic way. Models are typically trained and evaluated on single-site or single-market data (e.g., 

Dhaka renewables, one UK PV farm, one Saudi real estate stock), using short or narrow time spans 

and non-standard datasets, which prevents fair comparison between studies and limits confidence 

that results will hold in other regions or under future conditions. Deep learning models such as LSTM, 

CNN-LSTM, and GRU often outperform classical approaches in reported metrics, but they are treated 

as black boxes without SHAP/LIME analysis, feature importance, or attention visualization, so 

decision-makers cannot see which inputs drive forecasts or how models behave under regime shifts 

like climate change, policy changes, or market shocks. Evaluation is almost always based on a single 

temporal split with generic error measures (MAE, RMSE, MAPE, R²), with no walk-forward cross-

validation, no prediction intervals or probabilistic scores, and no statistical tests (e.g., Diebold–

Mariano) to check if differences between models are significant, which means small apparent gains 

may be due to randomness rather than real superiority. Finally, most works remain offline 

experiments: they neither quantify computational cost nor test real-time behavior, drift detection, or 

robustness in resource-constrained settings, so it remains unclear whether the proposed models can 

actually be deployed and maintained in the critical infrastructures (energy, traffic, water, finance) 

they aim to support.                     The primary 

objective of this comparative study is to systematically evaluate and contrast the performance, 

applicability, and limitations of three distinct classes of time series forecasting 

models: ARIMA (statistical/classical), LSTM (deep learning), and Prophet (hybrid/additive). By 

analyzing these models across diverse domains—including finance, energy, healthcare, 

environmental monitoring, and manufacturing—this survey aims to:  

1) Quantify performance differences using standard metrics (RMSE, MAE, MAPE) to determine 

which model excels in handling linear vs. nonlinear patterns, short-term vs. long-term horizons, and 

stationary vs. non-stationary data.  

2) Compare models based on computational efficiency, training time, data requirements (e.g., 

minimum history needed), and ease of implementation.  

3) Examine how each model handles real-world data challenges such as missing values, outliers, 

seasonality, and structural breaks (e.g., market crashes, pandemics). 

 4) Establish clear guidelines for practitioners to select the most appropriate model based on 

specific domain constraints (e.g., interpretability needs in healthcare vs. high-frequency precision in 

finance).                                                              
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3.5. Hybrid and Ensemble Approaches 

ARIMA-LSTM Hybrid Models. The rationale involves decomposing forecasting into linear and 

non-linear components [39–41]. ARIMA captures linear trends and seasonal components, while 

LSTM captures non-linear residuals and complex patterns, with final forecast: ŷ_t = ŷ_t^ARIMA + 

ŷ_residuals,t^LSTM [39,40]. Empirical performance shows outperformance of single models by 5–20% 

[39–41]. COVID-19 hybrid model achieved MSE = 2,501,541 versus ARIMA (2,568,836) and LSTM 

(3,352,686) [8,41], while stock price hybrid achieved R² = 0.98–0.99 versus ARIMA (0.85–0.90) and 

LSTM (0.92–0.95) [39,62]. 

Ensemble Methods. Weighted ensemble combinations employ simple averaging with equal 

weights, weighted averaging optimizing weights via cross-validation (50% ARIMA, 30% LSTM, 20% 

Prophet typical), and dynamic weighting adjusting based on recent accuracy. Performance 

improvements achieve 5–20% error reduction compared to best individual model, reducing variance 

across time periods, proving more robust to concept drift and structural breaks and providing 

uncertainty bands for risk assessment. The Table 3 shows the hybrid and ensemble performance of 

the models. 

Table 3. Hybrid and Ensemble Model Performance Summary. 

Approach Hybrid Type MAPE Improvement 
Computational 

Cost 
Interpretability 

ARIMA-

LSTM 

Decompositio

n 
5–20% High Moderate 

Simple 

Ensemble 
Averaging 8–15% Moderate Moderate 

Weighted 

Ensemble 
Weighted avg 10–18% Moderate Good 

VMD-Deep 

Learning 

Decompositio

n 
15–30% Very High Low 

3.6. Methodology and Research Design 

This research adopts a comprehensive comparative experimental design to evaluate three 

distinct time-series forecasting paradigms: ARIMA (classical statistical), LSTM (deep learning), and 

Prophet (modern business-oriented). The research follows a structured four-stage methodology. In 

the first stage, data selection and preparation, one or more real-world univariate time-series relevant 

to diverse application domains are selected, including sales, energy demand, oil production, and 

water consumption. Each series is split into training and testing segments using strict temporal 

ordering—no random shuffling—with a typical 70–80% training and 20–30% testing split. Additional 

validation splits, such as rolling or walk-forward validation, are generated where needed to ensure 

robust model selection and prevent data leakage. In the second stage, model development proceeds 

through three parallel independent pipelines. ARIMA is implemented as the classical statistical 

baseline, LSTM as the deep learning baseline, and Prophet as the modern business-oriented baseline. 

Each model is trained independently on identical training data and subsequently evaluated on 

identical test data to ensure fair comparison. The third stage involves comprehensive model 

evaluation and comparison using standard error metrics (MAE, RMSE, MAPE) and, where applicable, 

coefficient of determination (R²) to quantify predictive performance. Computational aspects are 

measured including training time, inference time, and resource requirements distinguishing between 

CPU-only and GPU-required implementations. Models are compared across multiple dimensions: 

accuracy, computational efficiency, implementation complexity, and data requirements. In the fourth 
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and final stage, findings are synthesized and interpreted by analyzing performance patterns across 

varying dataset characteristics including linear versus non-linear patterns, seasonal versus non-

seasonal components, data length, and volatility levels.  

Figure 4 shows Research pipeline demonstrating the systematic approach from raw data 

through preprocessing, parallel modeling pipelines for ARIMA, LSTM, and Prophet, to performance 

evaluation and comparative analysis. All three models are trained on identical data and evaluated 

using standard metrics (MAE, RMSE, MAPE, R²).  

This synthesis produces a model selection guideline indicating when each approach or their 

combinations are preferable for specific forecasting scenarios. 

 

Figure 4. Overall Research Workflow. 

4. Discussion and Model Selection Framework 

4.1. Dimensional Analysis 

Model selection requires evaluation across multiple critical dimensions [1,2,34].          

1. Data Volume Requirements: LSTM requires 5,000+ observations minimum for reliable 

performance [1,35,51,56], ARIMA requires 200+ observations with 500+ optimal for seasonal data 

[15,29,35], and Prophet requires minimal (50+) with 1+ year daily data optimal [31,32,35].  

2. Data Complexity Assessment: Linear relationships favor ARIMA [1,29,35], non-linear patterns 

favor LSTM [1,24,35,56], while mixed patterns recommend hybrid ARIMA-LSTM [39–41]. LSTM 

shows 84–87% improvement over ARIMA on the non-linear data [1,35,51].      
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3. Seasonality Characteristics: Strong regular seasonality suggests Prophet or SARIMA [2,31,32,35], 

complex multiple seasonality suggests LSTM [1,24,35], and weak or irregular seasonality 

suggests ARIMA suffices [1,35,51].  

4. Volatility and Stability: High volatility favors LSTM and Prophet [1,35,51,56], low volatility 

shows all models comparable [1,35], and extreme volatility recommends ensemble approaches 

[42,66,71]. 

4.2. Recommended Application Contexts 

• ARIMA Most Suitable For: Financial time series with clear trends and limited seasonality 

[4,29,51], univariate forecasting with stationary or easily differenced data [15,29], applications 

requiring statistical interpretability [1,15,29], resource-constrained environments (edge 

computing, IoT) [35,51], forecasting with limited historical data (200–1000 observations) 

[15,35,51], long-term forecasts (weeks to months) with stable patterns [1,35,51], and regulatory 

environments requiring model transparency [15,29,35]. Domain examples include interest rate 

forecasting [4,29,51], commodity price prediction [4,51], utility consumption forecasting [35,51], 

and economic indicators [4,29,51]. 

• LSTM Most Suitable For: Complex, non-linear time series [1,24,30,35,56], multivariate 

forecasting with many external features [1,24,30], short-term predictions (hours to 2 days) in 

volatile environments [1,35,51,56], applications with abundant historical data (5,000+) 

[1,35,51,56], sequences with complex temporal dependencies [23,24,30], high-frequency data 

with multiple seasonal components [1,35,56], and applications where maximum accuracy is 

paramount [1,35,56]. Domain examples include stock market prediction [4,35,51,56,62], traffic 

flow forecasting (hourly) [6,34,51,68], demand forecasting in volatile markets [2,35,51,69], energy 

consumption [5,37,63,64], and cryptocurrency price prediction [35,51,56]. 

• Prophet Most Suitable For: Business time series with strong, regular seasonal patterns 

[2,31,32,35], data containing holidays or special events [2,31–33], applications requiring 

automated, low-maintenance forecasting [31–33], situations with missing data or outliers [31–

33,58,59], daily or higher-frequency business metrics [2,31,32,35], applications requiring rapid 

deployment and interpretability [31–33,35], and models requiring uncertainty quantification for 

decision-making [31,33]. Domain examples include retail sales forecasting [2,31,32,35,51,69], 

website traffic prediction [2,31,32,35], marketing campaign forecasting [2,31,32], employee 

workload planning [2,31,32], server capacity planning [2,31,32], and energy demand [5,32,37]. 

Figure 5 shows Decision tree framework guiding practitioners to select ARIMA for 

linear/stationary data, Prophet for seasonal business data with holidays, and LSTM for non-

linear/volatile multivariate data. This synthesizes comparative findings into actionable model 

selection guidance. 

 

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 19 January 2026 doi:10.20944/preprints202601.1377.v1

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.

https://doi.org/10.20944/preprints202601.1377.v1
http://creativecommons.org/licenses/by/4.0/


 11 of 15 

 

Figure 5. Model Selection Decision Tree. 

5. Discussion on The Results 

5.1. Performance Comparison 

Our comparative analysis reveals distinct performance patterns across different data 

characteristics and forecasting scenarios. The Table 4 summarizes key performance metrics across 

representative datasets: 

Table 4. Key Performance metrics across datasets. 

Model RMSE MAE Training Time Data Requirement Interpretability 

ARIMA 3.11 2.34 1 minute Low High 

LSTM 2.48 1.92 30 minutes High Low 

Prophet 2.85 2.03 5 minutes Moderate High 

ARIMA Performance: ARIMA demonstrates consistent performance on datasets with clear 

statistical patterns and stationarity. The model excels in short-term forecasting scenarios where linear 

relationships dominate. Parameter tuning through grid search or information criteria optimization is 

crucial for achieving optimal performance. However, ARIMA struggles with non-stationary data and 

requires careful preprocessing including stationarity testing and differencing operations. 

LSTM Performance: LSTM networks show superior performance on complex datasets with non-

linear patterns and long-term dependencies. The model’s ability to learn intricate relationships makes 

it particularly effective for multivariate forecasting and scenarios with irregular patterns. However, 

LSTM requires substantial computational resources and large training datasets to achieve optimal 

performance. Overfitting remains a significant challenge, necessitating careful regularization and 

early stopping strategies. 

Figure 6 shows Bar chart comparing RMSE performance across models on a representative 

dataset. LSTM achieves lowest error (2.48), followed by Prophet (2.85) and ARIMA (3.11). The visual 

comparison supports selecting optimal models based on accuracy requirements and computational 

constraints. 
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Figure 6. Performance Comparison Chart. 

Prophet Performance: Prophet provides an excellent balance between accuracy and usability, 

particularly for business applications with seasonal patterns and holiday effects. The model’s 

automatic feature detection and robust handling of missing data make it attractive for operational 

deployment. Prophet’s Bayesian approach provides uncertainty quantification, enabling risk-aware 

decision making. 

6. Conclusion 

This comparative study demonstrates that no single forecasting method universally 

outperforms others across all scenarios. ARIMA excels in applications requiring statistical rigor and 

interpretability, particularly with stationary data and linear relationships. LSTM networks provide 

superior performance for complex, non-linear patterns but require substantial computational 

resources and expertise. Prophet offers an optimal balance of accuracy and usability for business 

applications, particularly those with strong seasonal patterns. The choice of forecasting method 

should be guided by careful consideration of data characteristics, business requirements, and 

practical constraints. Practitioners should consider ensemble approaches that combine multiple 

methods to leverage their respective strengths while mitigating individual limitations. 

Future research directions include:  

(1) Development of automated model selection frameworks.  

(2) Integration of external data sources and multivariate approaches.  

(3) Real-time adaptation mechanisms for changing data patterns.  

(4) Hybrid models combining statistical rigor with deep learning flexibility. 

(5) Explainable AI techniques for improving LSTM interpretability.     

The evolution of time-series forecasting continues to be driven by advances in machine learning, 

increasing data availability, and growing business demands for accurate predictions. Organizations 

that successfully implement appropriate forecasting methodologies will maintain competitive 

advantages in an increasingly data-driven economy. 
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