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Abstract 

The rapid growth of Artificial Intelligence (AI) has led to significant shifts in the job market, making accurate forecasting essential for workforce 

planning and policy-making. This study aims to compare the effectiveness of two time series forecasting models, SARIMA and Prophet, in 

predicting AI job market trends. The primary focus was to evaluate their performance using RMSE and Time Series Cross-Validation (TSCV). 

The SARIMA model outperformed Prophet, particularly when capturing seasonal patterns, achieving an RMSE of 83.42, compared to Prophet's 

136.01. The results demonstrate that SARIMA’s parameter tuning and seasonality handling contribute to more reliable forecasts, while Prophet’s 

flexibility offers advantages in non-linear data scenarios. The study provides valuable insights for stakeholders in adapting workforce strategies, 

particularly in AI-driven sectors, by recommending SARIMA for seasonal trends and Prophet for volatile, non-linear data. 
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1. Introduction  

The rapid advancement of Artificial Intelligence (AI) is reshaping various sectors of the economy, significantly 

impacting job market dynamics. As AI becomes more integrated into industries, its influence on employment trends 

becomes increasingly critical to understand. The need for accurate forecasting of job market trends influenced by AI 

is essential for policymakers, business leaders, and workers, who must navigate the complexities introduced by this 

technological shift. 

AI’s impact on the labor market is twofold. While AI automates repetitive tasks, leading to job displacement in sectors 

vulnerable to automation, it simultaneously creates new opportunities in emerging technology fields. For example, AI 

has spurred job growth in technology-related sectors, while also driving job losses in lower-skilled roles [1], [2]. This 

dual impact highlights the need for the workforce to adapt to shifting skill demands as AI evolves. However, as 

traditional education systems may not adequately prepare individuals for these new roles, there is a growing need for 

retraining and upskilling initiatives [3]. 

Accurately forecasting the implications of AI on the labor market is crucial for both public policy and workforce 

planning. While traditional forecasting methods like ARIMA and exponential smoothing are commonly used, they 

often fail to capture the complexities of labor market trends affected by AI, including seasonality, outliers, and non-

stationarity. These factors make it difficult to predict future job trends accurately, which poses a challenge for 

organizations and policymakers. 

This study seeks to address the challenge of forecasting AI job openings by comparing two popular time series models: 

Seasonal Auto-Regressive Integrated Moving Average (SARIMA) and Facebook Prophet. Both models are widely 

used in forecasting applications, and each has strengths in handling seasonality and non-linear trends. The primary 

objective is to determine which model performs better in predicting job openings in the context of AI’s impact on the 

labor market. 
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To evaluate the performance of both models, the study will focus on Root Mean Squared Error (RMSE), a key metric 

used to measure the accuracy of the forecasts. RMSE will be used to assess which model best captures the underlying 

trends in the job market data. 

To ensure the robustness of the evaluation, Time Series Cross-Validation will be employed. This method involves 

splitting the time series data into multiple segments, training the model on one segment, and testing it on subsequent 

segments. This technique mimics real-world forecasting scenarios and provides a more reliable assessment of how well 

each model performs when making future predictions based on past data. By using Time Series Cross-Validation, the 

study will ensure that the models' forecasts are tested under various time periods, accounting for changing patterns in 

the data. 

2. Literature Review 

2.1. The Dual Impact of AI on Job Market Dynamics: Displacement and Creation 

The impact of Artificial Intelligence (AI) on the labor market is multifaceted, with both the displacement of traditional 

jobs and the creation of new roles being evident. AI technologies, particularly those automating repetitive tasks, have 

led to the displacement of low-skilled jobs in sectors like manufacturing and finance [4], [5]. These roles, characterized 

by routine and manual tasks, are increasingly vulnerable to automation, a phenomenon referred to as the "replacement 

effect" [6]. For example, manufacturing and service sector jobs that rely heavily on repetition are particularly 

susceptible to being replaced by AI technologies [7], [8]. However, alongside this displacement, AI also enhances 

productivity and alters required skill sets, thereby favoring the high-skilled labor market [5], [9], [10]. 

Conversely, AI is a significant driver of job creation in emerging fields, particularly in tech-centric sectors such as data 

analysis, AI engineering, and AI management [10]. As organizations increasingly adopt AI technologies, the demand 

for professionals with expertise in AI development, data analysis, and ethical governance has surged [11]. This shift 

highlights the transformative role of AI in creating new job categories that require advanced technical skills, marking 

a clear shift in workforce demand [12]. As AI continues to shape the labor market, these new roles underscore the 

growing importance of highly skilled professionals in managing and advancing AI technologies. 

The dual impact of AI on job displacement and creation calls for proactive strategies from policymakers to manage the 

workforce transition. While AI creates new opportunities, particularly in high-tech and data-driven industries, it also 

poses risks to sectors reliant on routine tasks. Policymakers must implement strategies that balance the benefits of AI 

with measures to mitigate job losses, ensuring that workers are equipped with the skills required for emerging roles 

[13]. In conclusion, understanding AI’s dual influence on the job market is crucial for preparing for both the challenges 

it presents and the opportunities it offers, necessitating adaptive strategies across various sectors [13], [14]. 

2.2. Overview of SARIMA and Prophet Models 

The Seasonal Autoregressive Integrated Moving Average (SARIMA) model is an extension of the ARIMA model, 

specifically designed to capture seasonal variations in time series data. SARIMA combines three key components: 

Autoregression (AR), Differencing (I), and Moving Averages (MA), along with seasonal terms to handle periodic 

fluctuations. This makes it particularly useful for datasets exhibiting both trends and seasonal patterns, such as in 

economic forecasting or environmental studies [15], [16]. SARIMA is represented as SARIMA (p,d,q) (P,D,Q)s, where 

the parameters p, d, q corresponds to the autoregressive terms, differencing, and moving averages for non-seasonal 

data, while P, D, Q are the seasonal components, and s represents the length of the seasonal cycle [16], [17]. This 

structure enables SARIMA to effectively model seasonal data and makes reliable predictions across various fields. 

One of SARIMA's main advantages is its ability to adapt to different seasonal patterns, making it a versatile tool for 

time series analysis. It has been widely used in forecasting applications, such as predicting inflation rates, demand 

cycles in manufacturing, and environmental parameters like rainfall [18]. Its robustness and statistical foundation make 

it appealing to both researchers and practitioners in fields ranging from economics to meteorology. However, SARIMA 

requires careful tuning of its parameters to achieve optimal forecasting accuracy, and it may not perform well in non-

linear or highly irregular datasets. 
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On the other hand, Prophet, an open-source forecasting tool developed by Facebook, is designed to handle time series 

data that exhibits non-linear trends, seasonal effects, and occasional missing values or outliers. Prophet is particularly 

effective in real-world applications where traditional models may struggle with data anomalies or irregular trends [19]. 

Prophet’s core feature is its additive model structure, which separates trend, seasonality, and holiday effects, allowing 

for clear interpretations of underlying patterns. Prophet uses a piecewise linear or logistic growth curve to model trends, 

making it adept at capturing non-linear patterns in the data [20], [21]. This flexibility allows users to incorporate prior 

knowledge about the data, such as seasonal effects due to holidays or other special events, resulting in more accurate 

forecasts. 

Prophet's ease of use is one of its key strengths. Unlike SARIMA, which requires detailed parameter tuning, Prophet 

is user-friendly and requires minimal adjustments, making it accessible even for those without extensive data science 

expertise [19]. Its versatility has led to its widespread use in various domains, such as forecasting air quality parameters 

[22], predicting retail demand, and analyzing public health trends like suicide rates and disease outbreaks [23]. The 

model's robustness in handling missing data and its adaptability to sparse datasets further enhance its appeal for real-

world forecasting challenges.  

Both SARIMA and Prophet offer valuable tools for time series forecasting, each with its own strengths. SARIMA 

excels in handling seasonal data with clear patterns and is widely used in structured datasets, while Prophet shines in 

its ability to handle non-linear trends and irregularities in real-world data with minimal tuning. By integrating both 

models into forecasting strategies, researchers and practitioners can choose the most suitable approach based on the 

characteristics of the data and the forecasting requirements. 

2.3. Forecasting Accuracy Metrics and Model Validation 

Accurate forecasting relies heavily on evaluating model performance through established metrics. The most commonly 

used metrics in time series forecasting include RMSE, Mean Absolute Error (MAE), and Mean Absolute Percentage 

Error (MAPE), each offering unique insights into model performance. RMSE measures the square root of the average 

of squared differences between predicted and observed values, emphasizing larger errors, making it sensitive to outliers. 

A lower RMSE indicates better forecasting accuracy and is widely used in energy and health forecasting [24]. MAE, 

on the other hand, averages the absolute differences between forecasted and actual values, treating all errors equally, 

and is often used in domains like COVID-19 forecasting [25]. MAPE expresses accuracy as a percentage, which is 

particularly useful for comparing performance across datasets of different scales, such as in financial forecasting [26], 

[27]. 

The choice of evaluation metric depends on the context of the data and forecasting objectives. RMSE penalizes larger 

errors, making it suitable for applications where outliers should be emphasized. MAE provides a straightforward and 

interpretable measure of error magnitude, while MAPE offers a relative measure of accuracy, particularly useful when 

comparing models across different datasets. Each of these metrics provides critical insights into how well a model 

performs, and using them together allows for a comprehensive assessment of forecasting accuracy. 

Model validation plays a crucial role in ensuring the reliability of forecasting models, particularly in time series analysis 

where underlying patterns may shift over time. Time Series Cross Validation (TSCV) is a technique specifically 

adapted to time series data, which respects the sequential nature of the data by using past observations to predict future 

values. This technique typically involves a rolling window approach, where the model is trained on an expanding set 

of data and validated on future points, ensuring that the temporal structure is maintained [28], [29]. TSCV helps to 

minimize overfitting and ensures that the model generalizes well to different time periods, making it an essential tool 

for time series forecasting [30]. 

In addition to TSCV, nested cross-validation can further mitigate model evaluation bias. This two-layer technique tunes 

the model within the inner loop and assesses its predictive power in the outer loop, providing a more robust evaluation. 

This approach is particularly effective for non-stationary or dynamic datasets, ensuring the validity of performance 

assessments [31]. Using rigorous validation methods like TSCV is essential not only for assessing the model's 

performance on training data but also for ensuring that it maintains predictive integrity when applied to unseen future 
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data. By combining accurate forecasting metrics with these validation techniques, practitioners can ensure the 

reliability and accuracy of their models. 

3. Methodology  

3.1. Data Collection and Preprocessing 

The dataset used for this study consists of historical data on AI job market trends, specifically focused on job openings 

related to artificial intelligence across various industries. The dataset includes information on job titles, industry sectors, 

geographical location, and other relevant attributes such as required skills, qualifications, and salary ranges. This data 

has been collected from reliable sources such as job boards, company databases, and labor market surveys, spanning 

multiple years to capture significant trends and fluctuations in AI job demand. 

To ensure the data is suitable for time series modeling, a logarithmic transformation (np.log1p()) was applied to 

stabilize variance and normalize the distribution. The original data exhibited significant skewness and extreme outliers, 

which could negatively affect the performance of forecasting models. The logarithmic transformation helps reduce the 

impact of large values, allowing the time series data to better meet the assumptions of stationarity required for models 

like SARIMA and Prophet. 

Missing data and outliers are common challenges in time series datasets. For missing values, interpolation techniques 

were employed to estimate missing entries, ensuring the continuity of the dataset. Outliers were identified using 

statistical methods such as Z-scores and the Interquartile Range (IQR). Extreme outliers that could distort model 

predictions were either winsorized or transformed, ensuring they did not disproportionately influence the results. This 

preprocessing ensures the dataset is clean and suitable for effective modeling, improving the accuracy and reliability 

of the forecasting models. 

3.2. Time Series Forecasting Models 

The SARIMA model is an extension of the ARIMA model that specifically incorporates seasonal components to 

account for periodic fluctuations in time series data. SARIMA consists of three main parts: AR, I, and MA, and it 

further introduces seasonal terms to handle seasonality in the data. The SARIMA model is represented as: 

SARIMA(𝑝, 𝑑, 𝑞)(𝑃, 𝐷, 𝑄)𝑠 (1) 

Where: 

p is the number of autoregressive terms. 

d is the degree of differencing applied to make the series stationary. 

q is the number of moving average terms. 

P, D, and Q are the seasonal components corresponding to autoregressive, differencing, and moving average terms at 

the seasonal level. 

s represents the length of the seasonal cycle, such as 12 for monthly data with yearly seasonality. 

The key challenge in using SARIMA is parameter tuning, where the optimal values of p, d, q, P, D, Q, and s are 

determined. These values can be found using techniques like grid search or automatic selection methods such as 

auto_arima, which evaluates combinations of parameters based on minimizing performance metrics like the Akaike 

Information Criterion (AIC) or MSE. 

SARIMA is built on the assumption that the data is stationary after differencing and that there is a linear relationship 

between past observations and the forecasted values. However, SARIMA has limitations, especially when handling 

non-linear relationships or sudden shifts in the data. For example, when forecasting data influenced by disruptive 

events, such as sudden changes in AI job market trends, SARIMA might struggle to capture these non-linear patterns 

effectively. Another limitation of SARIMA is that it requires extensive manual tuning of parameters, which can be 

computationally expensive and time-consuming, particularly for large datasets. 
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In contrast, Prophet, developed by Facebook, is a forecasting model designed to handle time series data with non-linear 

trends, seasonal effects, and other irregularities like missing data and outliers. Prophet’s core strength lies in its additive 

model structure, which allows for clear separation of the underlying trend, seasonality, and holiday effects. The model 

uses a piecewise linear or logistic growth curve to model the trend component, which makes it adept at capturing non-

linear behaviors that are common in real-world datasets. The general form of the Prophet model is given by: 

𝑦(𝑡) = 𝑔(𝑡) + 𝑠(𝑡) + ℎ(𝑡) + 𝜖𝑡 (2) 

Where: 

𝑦(𝑡) is the observed value at time t. 

𝑔(𝑡) is the trend function, which can be piecewise linear or logistic. 

𝑠(𝑡) is the seasonal component. 

ℎ(𝑡) represents the holiday effects. 

𝜖𝑡 is the error term, capturing the residual noise. 

Prophet is highly flexible, allowing users to adjust parameters such as the seasonalities and holidays, making it suitable 

for datasets influenced by external events or special occasions. Its ability to handle missing data is particularly 

noteworthy, as it automatically accounts for gaps in the time series without requiring imputation or interpolation. 

Prophet is also known for its minimal tuning requirements. Unlike SARIMA, which often requires manual adjustment 

of many parameters, Prophet can be used with default settings and still perform well in most cases. 

One of Prophet’s key advantages is its flexibility in handling irregular data, such as missing values or outliers. In cases 

where AI job market data may have gaps or anomalies due to sporadic data collection, Prophet can still produce reliable 

forecasts by adjusting for these irregularities. This makes Prophet especially useful in real-world forecasting scenarios 

where data quality is not always consistent or complete. 

3.3. Time Series Cross-Validation 

TSCV is an essential technique for evaluating the performance of forecasting models, especially in time series data 

where observations are dependent on previous time points. Unlike traditional cross-validation methods, which 

randomly split the data into training and testing sets, rolling forecast origin cross-validation ensures that the temporal 

order of the data is preserved. This method works by progressively training the model on a growing set of historical 

data, while testing it on the subsequent time points. The forecast origin shifts forward in time with each iteration, 

ensuring that each test set consists of unseen data, mimicking the real-world scenario of making future predictions 

based on past observations. 

The rolling forecast origin cross-validation process can be described as follows: Initially, a model is trained on a small 

initial dataset and evaluated on the following period. Then, the training set is expanded by including the next time 

point, and the model is retrained and tested again. This process continues until all the data points are used for testing, 

providing a series of predictions that span the entire dataset. This method ensures that the model is evaluated on data 

it has not seen during training, helping to assess its predictive performance over time. 

The importance of cross-validation, particularly for time series data, lies in its ability to assess model robustness across 

multiple forecast horizons. Since time series data often exhibits trends, seasonality, and other temporal dependencies, 

it is crucial to evaluate how well a model generalizes to different points in time, especially under varying conditions. 

TSCV helps identify how well the model can predict future data by testing its performance at multiple points across 

the forecast horizon. By using multiple forecast horizons, we can gauge the model's ability to adapt to changes in the 

underlying patterns of the data, such as sudden shifts in trends or seasonal variations. This method also helps detect 

potential issues like overfitting, where a model may perform well on historical data but fail to predict future values 

effectively. 

In summary, TSCV is an indispensable tool for assessing the stability and reliability of forecasting models. By 

evaluating model performance across different forecast horizons, it provides a more comprehensive understanding of 
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how well a model is likely to perform when applied to future, unseen data. This process is essential for ensuring that 

the forecasting model not only fits the historical data well but is also capable of making accurate predictions in real-

world applications. 

3.5. Performance Evaluation 

In forecasting, RMSE is a widely used metric for evaluating the accuracy of predictive models. RMSE measures the 

square root of the average squared differences between the observed actual outcomes and the predicted values. The 

formula for RMSE is: 

𝑅𝑀𝑆𝐸 = √
1

𝑛
∑(

𝑛

𝑡=1

𝑦𝑡 − 𝑦̂𝑡)2 

(3) 

y_trepresents the actual values at time t, y ̂_trepresents the predicted values at time t, nis the number of observations. 

RMSE is particularly useful for comparing models, as it gives a clear indication of the magnitude of prediction errors. 

A lower RMSE indicates better model performance, as it shows that the model's predictions are closer to the actual 

values. RMSE also has the advantage of penalizing larger errors due to the squaring of the differences, making it 

sensitive to significant deviations in the predictions. This makes it especially valuable when large forecasting errors 

are undesirable, as is often the case in applications like AI job market forecasting. 

In this study, RMSE will be used as the primary metric for evaluating the performance of the SARIMA and Prophet 

models. By calculating the RMSE for both models, we can compare their ability to accurately predict AI job market 

trends. The SARIMA model is a traditional statistical approach that is highly effective in modeling seasonal data, but 

its performance depends heavily on the tuning of its parameters (p, d, q, P, D, Q, s). On the other hand, the Prophet 

model is designed to handle non-linear trends and irregularities in the data, such as missing values and outliers, with 

minimal tuning required. 

Through RMSE, we will assess how each model performs on the same dataset, comparing their predictive accuracy. A 

model with a lower RMSE will be considered superior in terms of forecasting accuracy. Additionally, RMSE allows 

us to determine which model best captures the underlying patterns in the AI job market data, including trends, 

seasonality, and irregular fluctuations. This comparison will provide valuable insights into which model, SARIMA or 

Prophet, is more suitable for forecasting AI job openings and meeting the challenges posed by the dynamic nature of 

the job market. 

4. Results  

4.1. SARIMA Model Performance 

The performance of the initial SARIMA model was evaluated by applying a logarithmic transformation (np.log1p ()) 

to the AI job openings data in order to stabilize variance and normalize the distribution. The auto_arima function was 

used to identify the best-fit SARIMA model, resulting in a model configuration of SARIMA (0,1,1) (0,0,0) [12], which 

was then evaluated on the original test set (after inverse transformation). The RMSE for this initial model was found 

to be 94.65, indicating a moderate level of forecast accuracy. Figure 1 illustrates the forecasted values from the 

SARIMA model in comparison with the actual test data. The plot shows the initial forecast's ability to capture trends 

in the transformed data, with the model’s predictions following the general pattern of the actual values, though some 

discrepancies are evident, especially as the forecast period progresses. 
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Figure 1.  Initial SARIMA Forecast vs. Actuals (Transformed Data) 

Next, the residuals of the initial SARIMA model were analyzed to assess how well the model fit the data. The Ljung-

Box test conducted on the residuals produced high p-values (e.g., 0.611 for lag 10, 0.930 for lag 20), which indicated 

that the residuals were white noise, and the model had adequately captured the underlying patterns in the data. To 

visualize this, Figure 2 shows the residuals plotted against time. The plot demonstrates that the residuals are randomly 

distributed around zero, suggesting that there is no significant autocorrelation, a sign that the model is well-calibrated 

and has adequately accounted for the data's structure. 

 

Figure 2. Time Series Plot of Residuals for Initial SARIMA (0,1,1) 

An exhaustive grid search was then conducted to optimize the SARIMA model’s parameters, which identified two key 

configurations. The model with the lowest AIC was SARIMA (2,1,0) (1,0,0) [12], with an AIC of 102.947 and an 

RMSE of 94.503. Meanwhile, the model with the lowest RMSE was SARIMA (0,2,2) (1,1,1) [12], with an RMSE of 

83.424 and an AIC of 114.599. Given its superior predictive accuracy, the SARIMA (0,2,2) (1,1,1) [12] model was 
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chosen for further evaluation. Figure 3 shows the optimized model’s performance when applied to an 80/20 train-test 

split. The optimized SARIMA model's forecast closely matches the actual data, improving on the initial SARIMA 

model’s predictions. 

 

Figure 3. Optimized SARIMA Forecast vs. Actuals (80/20 Test Set) 

When the SARIMA (0,2,2) (1,1,1) [12] model was tested on a larger training dataset (approximately 90% of the total 

data), its performance slightly deteriorated, with the RMSE increasing to 134.6174. This suggests that the model’s 

accuracy can vary significantly depending on the train-test split, highlighting the importance of data characteristics and 

the potential for overfitting when using larger training datasets. Figure 4 compares the optimized SARIMA model’s 

forecast to the actual data on the 90/10 split. The model performs well on the training data, but its performance 

decreases when applied to a smaller test set, underlining the variability in forecasting accuracy. 

 

Figure 4. Optimized SARIMA Forecast vs. Actuals (90/10 Test Set) 
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In addition to optimizing SARIMA, an attempt was made to improve the model by incorporating an exogenous variable 

(tech_index), which was expected to account for external factors influencing the AI job market. However, this did not 

significantly improve forecasting accuracy, with the RMSE remaining at 134.64. The exogenous variable's coefficient 

had a high p-value of 0.952, suggesting that it was not statistically significant in this context. Figure 5 shows the 

SARIMAX model’s forecast, which is similar to the SARIMA model’s performance, demonstrating the limited impact 

of the additional variable on forecast accuracy. 

 

Figure 5. SARIMAX Forecast with Exogenous Variable vs. Actuals (90/10 Test Set) 

Finally, the comparison of SARIMA model RMSEs across different configurations is shown in Figure 6. This bar chart 

compares the RMSE values for the initial SARIMA model, the SARIMA model with the lowest AIC, the SARIMA 

model with the lowest RMSE, and the optimized model on the 90/10 test set. The chart highlights that while the model 

with the lowest AIC performed well, the SARIMA (0,2,2) (1,1,1) [12] model, which minimized RMSE, yielded the 

best results, with the 90/10 test set configuration showing the largest RMSE value, emphasizing the impact of training 

data size on model accuracy. 

 

Figure 6. Comparison of SARIMA Model RMSEs. 
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4.2. Prophet Model Performance 

The Facebook Prophet model was evaluated using the same test set that was used for the SARIMA model. Prophet’s 

forecast was generated using its default settings, and the RMSE for this model was found to be 136.01, which is slightly 

worse than the SARIMA model's RMSE of 134.62. This suggests that while Prophet is a powerful tool, it did not 

perform as well as SARIMA in forecasting AI job market trends on this dataset. Figure 7 visually compares the training 

data, test data, and Prophet's forecast. The plot shows that Prophet was able to capture some of the trends but diverged 

significantly in later periods, particularly in the more recent forecast horizons. 

 

Figure 7. AI Job Openings Trend Forecast Using Prophet (90/10 Test Set) 

Prophet's ability to model non-linear trends and seasonality is particularly useful when the data exhibits irregular 

fluctuations, but in this case, the SARIMA model with carefully tuned parameters outperformed it. Despite Prophet’s 

strengths in handling missing data and outliers, the RMSE comparison suggests that for this particular time series 

dataset, SARIMA was more accurate in predicting the AI job openings trend. 

4.3. Model Comparison 

In comparing the SARIMA and Prophet models, it is evident that SARIMA slightly outperformed Prophet in terms of 

forecasting accuracy as measured by RMSE. Figure 8 highlights the RMSE values for both models on the 80/20 split 

and 90/10 split. The SARIMA model consistently showed lower RMSE values compared to Prophet, which indicates 

that, for this dataset, SARIMA’s seasonality handling and parameter optimization provided a better fit for the data than 

Prophet’s flexible modeling approach. 
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Figure 8. Comparison of Model RMSEs (SARIMA vs. Prophet) 

The bar chart in Figure 8 demonstrates the RMSE comparison across different configurations of SARIMA, including 

the initial ARIMA model, the SARIMA model with the lowest AIC, the SARIMA model with the lowest RMSE, and 

the final optimized SARIMA model on the 90/10 test set. This comparison illustrates that the optimized SARIMA 

configuration with an RMSE of 83.42 outperformed the Prophet model's RMSE of 136.01, reinforcing the conclusion 

that SARIMA was the more reliable model for this particular job market trend prediction task. 

In summary, while Prophet provides a robust framework for handling missing data and non-linear trends, SARIMA's 

performance in this case shows the importance of careful parameter tuning and seasonality modeling in forecasting AI 

job openings. SARIMA’s superior performance highlights the importance of understanding the data's characteristics 

and selecting the most suitable model accordingly. 

4.4. Cross-Validation Results 

To further evaluate the robustness of the SARIMA model, TSCV was implemented using a rolling forecast origin 

method. This approach mirrors real-world forecasting scenarios by training the model on a growing window of 

historical data and testing it on the subsequent data points. The mean RMSE across 14 folds was found to be 19.677, 

with a standard deviation of 32.273. This variability indicates that while there were some fluctuations in the model's 

performance across individual forecast horizons, the average performance remained consistently better than the single-

split RMSE values. 

Figure 9 illustrates the RMSE values for each fold. The mean RMSE is represented by the red dashed line, and the 

dotted green lines show one standard deviation above and below the mean. As seen in the figure, the RMSE remains 

relatively stable for the first 12 folds, but there is a sharp spike in fold 14, which indicates an outlier or an unexpected 

deviation in the forecasted values for that period. Despite this, the overall trend of the RMSE across folds suggests that 

the model is generally robust and reliable for predicting AI job openings over time. 



International Journal of Informatics and Information Systems 

Vol. 9, No. 2, March 2026, pp. 295-310 

ISSN 2579-7069 

306 

 

 

 

 

Figure 9. RMSE from Time Series Cross-Validation (Rolling Forecast Origin) 

This cross-validation process provided a more robust estimate of the SARIMA model’s performance compared to the 

initial single-split evaluation. It highlighted that while individual forecast horizons may exhibit high variability, the 

model performed consistently within an acceptable range of error across multiple time periods. This further reinforces 

the SARIMA model’s capacity to generalize across different forecasting scenarios. 

5. Discussion 

5.1. Analysis of Model Performance 

The comparison between the SARIMA and Prophet models reveals interesting insights into the forecasting of AI job 

market trends. As highlighted in the literature [15], [16], SARIMA’s strength lies in its ability to handle seasonal 

variations, making it a valuable tool when forecasting trends with clear periodic fluctuations. In this study, the SARIMA 

(0,2,2) (1,1,1) [12] model significantly outperformed Prophet, with the SARIMA model showing an RMSE of 83.42 

compared to Prophet's 136.01 on the 90/10 test set, as depicted in Figure 2. This confirms SARIMA's advantage when 

seasonal patterns are strong and well-defined, in line with findings from previous studies that emphasize SARIMA's 

suitability for seasonal time series data [18]. 

On the other hand, Prophet's flexibility in handling non-linear trends and irregular data [19] is reflected in its 

performance, though it was not as effective as SARIMA in this specific dataset. Figure 5 shows the Prophet forecast 

for the AI job market, where the model captures some trends but diverges significantly in the later periods, particularly 

with respect to the forecast horizons. While Prophet is known for its ease of use and minimal parameter tuning [20], 

its inability to outperform SARIMA in this study indicates that for data with clear seasonality, a more structured model 

like SARIMA is preferable. 

The results are consistent with the findings of Sultana [5] that SARIMA excels in handling seasonal data with clear 

periodicity, while Prophet shines in more complex datasets with non-linear trends and missing data. The comparison 

of RMSE values, shown in Figure 2, supports this conclusion, highlighting SARIMA’s superior performance when 

seasonality is a dominant factor. 

5.2. Practical Implications 

The results from this study have important practical implications for policymakers and business leaders who rely on 

accurate forecasting for AI job market trends. The SARIMA model’s superior performance indicates that it is well-

suited for predicting job openings in sectors where seasonal trends and recurring patterns dominate. For example, 
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policymakers can use SARIMA to forecast job openings in sectors like data analysis and AI development, which exhibit 

clear seasonal fluctuations in demand. Understanding these trends can help in workforce planning, ensuring that 

training programs and educational resources align with anticipated job market needs [13]. 

However, businesses operating in more dynamic sectors or those experiencing significant disruptions may benefit from 

Prophet's flexibility. For instance, AI-driven companies or startups, where trends may shift quickly, could utilize 

Prophet to handle more unpredictable, non-linear data. Moreover, the adaptability of Prophet in handling missing data 

and outliers [19] could prove useful in industries facing sporadic data or sudden shifts in market conditions, particularly 

in the early stages of AI adoption. 

In light of these findings, stakeholders should choose the model best suited to their specific forecasting needs. For 

industries with clear, well-understood seasonal patterns, SARIMA is the more reliable choice. Conversely, for 

industries with volatile and non-linear data, Prophet’s ease of use and ability to handle irregular trends may provide 

better forecasting accuracy. 

5.3. Limitations and Future Research 

While the SARIMA model demonstrated robust performance, several limitations must be considered. One of the main 

challenges lies in the model's reliance on the availability of historical data, as the accuracy of SARIMA predictions 

depends heavily on past patterns. Additionally, while the SARIMA model is powerful for seasonal data, it can struggle 

when faced with highly non-linear or irregular data, which was not a primary concern in this study but could pose a 

challenge in other contexts. The inability of the SARIMAX model, incorporating the exogenous variable, to improve 

forecasting accuracy further highlights the need for careful selection of external variables that directly impact AI job 

trends. 

Future research could explore the incorporation of more meaningful exogenous variables, such as economic indicators 

or technological trends, which may provide additional insight into the AI job market. Integrating these variables could 

help improve forecasting accuracy, especially in sectors influenced by external economic or policy factors. Another 

promising avenue for future research involves exploring machine learning models, particularly Long Short-Term 

Memory (LSTM) networks, which are designed to handle long-term dependencies and non-linear trends more 

effectively. This could provide further improvements in forecasting, particularly for AI job market trends in highly 

volatile environments. 

Future studies could also incorporate a broader range of evaluation metrics, such as MAE and MAPE, to provide a 

more comprehensive assessment of model performance across different contexts [26]. By addressing these limitations 

and expanding the models tested, future research could refine AI job market forecasting, offering more reliable tools 

for stakeholders in policy, business, and workforce planning. 

6. Conclusion 

This study compared the SARIMA and Prophet models for forecasting AI job market trends, with SARIMA 

consistently outperforming Prophet in terms of RMSE, especially when seasonal patterns were present. The SARIMA 

(0,2,2) (1,1,1) [12] model achieved the best performance with an RMSE of 83.42, while Prophet's RMSE was 136.01. 

Cross-validation results confirmed SARIMA's robustness, with a mean RMSE of 19.677, highlighting its effectiveness 

for datasets influenced by seasonality. 

For stakeholders like policymakers and workforce planners, the study suggests prioritizing SARIMA for sectors with 

clear seasonal trends, such as tech and AI-related fields. Prophet can be a good alternative for volatile industries due to 

its flexibility in handling non-linear trends and missing data. Integrating TSCV is also recommended for ensuring 

model robustness; while incorporating exogenous variables like economic or policy factors could further improve 

forecasting accuracy. 

Time series forecasting is crucial for navigating the future of AI in the labor market. By leveraging models like 

SARIMA and Prophet, stakeholders can make more informed decisions in workforce planning, AI integration, and 

policy-making, ensuring the workforce is equipped for the challenges and opportunities posed by AI. 
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