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Abstract  
Web traffic is vital to the success of any online company or website in the current era of digital 

technology. Insightful marketing, web development, and resource allocation choices may be 

made with the support of reliable online traffic forecasts. In this study, we investigate the 

effectiveness of the Autoregressive (AR), Long Short-Term Memory (LSTM), and eXtreme 

Gradient Boosting (XGBoost) time series modeling strategies for forecasting website traffic. We 

evaluate the accuracy of these models in forecasting future online traffic by comparing their 

results on a real-world dataset. The performance of four different models for predicting a target 

variable was evaluated based on the provided information. The AR model had the highest test 

error, indicating poor performance, while the ARIMA model had a lower test error than the AR 

model, but its high SMAPE value on the training dataset suggested overfitting. The LSTM model 

had the lowest test error, but its high SMAPE value on the training dataset indicated that it may 

not have captured underlying patterns in the data well. The XGBoost model had a relatively low 

test error, suggesting good performance, and performed slightly better on the testing dataset than 

the ARIMA model. The study did not consider external factors that may impact website traffic, 

such as changes in search engine algorithms or other external shocks. These external factors can 

significantly impact website traffic, and not considering them may limit the generalizability of 

our study's findings. 

 

Keywords: Web traffic, Time series modeling, Autoregressive (AR), Long Short-Term Memory 

(LSTM), eXtreme Gradient Boosting (XGBoost) 

 

Introduction  
Website traffic prediction is a crucial component of web development as it allows developers to 

ensure optimal performance of their websites. By analyzing traffic patterns, developers can 

predict when their websites will experience spikes in traffic, and make the necessary adjustments 

to optimize website performance. This optimization can result in improved user experience, as 

well as increased revenue for businesses that rely on their websites for e-commerce. One of the 

primary reasons for predicting website traffic is to prepare for anticipated peaks in traffic. For 

instance, if a website is expecting a surge in traffic due to a marketing campaign or seasonal 

event, developers can use traffic analysis tools to predict the magnitude of the traffic increase. 

They can then take measures to ensure that the website's infrastructure is capable of handling 

the anticipated traffic surge. This could involve upgrading server hardware or optimizing website 

code to handle increased traffic. 
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In addition to predicting traffic spikes, website traffic analysis can also help developers identify 

bottlenecks in website performance. By monitoring website traffic, developers can identify areas 

where website speed may be compromised. They can then address these issues, which can lead 

to significant improvements in website performance. For example, by optimizing images or 

streamlining website code, developers can improve website speed, resulting in a better user 

experience. Predicting website traffic allows developers to optimize website content to cater to 

the needs of their visitors. By analyzing traffic patterns, developers can gain insights into what 

visitors are searching for, what pages they visit most frequently, and what devices they are using 

to access the website. Armed with this knowledge, developers can create content that is tailored 

to their visitors' needs, resulting in a more engaging user experience. 

Website traffic prediction also enables developers to identify potential user experience issues 

and make necessary adjustments proactively. For example, if analysis suggests that mobile 

devices are becoming increasingly popular among website visitors, developers can optimize the 

website for mobile devices, ensuring that it remains responsive and easy to use, regardless of the 

device used to access it. This can help to ensure a positive user experience across all devices, 

leading to greater engagement and user satisfaction. 

Additionally, website traffic prediction can help to optimize website design, layout, and content. 

By analyzing traffic patterns, developers can determine which pages and content are most 

popular with website visitors, and make informed decisions about where to place key elements 

such as calls to action, navigation menus, and search boxes. This can help to increase the 

visibility of key features and information, making it easier for users to find what they need and 

complete desired actions. Predicting website traffic can also help businesses to allocate resources 

effectively. By anticipating traffic patterns, developers can ensure that they have sufficient 

server capacity, bandwidth, and other resources to handle high volumes of traffic. This can help 

to prevent downtime and ensure that the website remains available and responsive at all times, 

maximizing revenue potential. Moreover, website traffic prediction can help businesses to 

identify opportunities for growth and expansion. By analyzing traffic patterns, businesses can 

gain insights into customer behavior and preferences, identifying areas where additional 

products or services may be in demand. This can help to inform strategic planning and decision-

making, enabling businesses to expand and diversify their offerings and stay ahead of the 

competition. 

There are various data sources that can be used to predict web traffic, including historical traffic 

data, search engine data, social media data, and demographic data. Historical traffic data is one 

of the most important data sources for web traffic prediction. By analyzing historical traffic data, 

businesses can identify patterns and trends in user behavior and use this information to make 

predictions about future traffic. This data can be collected using web analytics tools such as 

Google Analytics or by analyzing server logs. Search engine data is another valuable source of 

information for predicting web traffic. By monitoring search engine queries and rankings, 

businesses can gain insights into what keywords and phrases are driving traffic to their website. 

This data can be collected using tools such as Google Search Console or third-party SEO 

monitoring tools. Social media data can also be used to predict web traffic. By monitoring social 

media platforms such as Facebook, Twitter, and Instagram, businesses can identify trends and 

patterns in user behavior that may impact website traffic. For example, a business may notice an 

increase in social media activity around a certain product or service, which could indicate a 

potential increase in website traffic. By analyzing demographic data such as age, gender, and 

location, businesses can identify trends and patterns in user behavior that may impact website 



traffic. This data can be collected through user surveys or by using third-party data providers. In 

addition to these data sources, businesses can also use predictive analytics and machine learning 

algorithms to predict web traffic. By combining data from various sources and using advanced 

analytics techniques, businesses can make more accurate predictions about future traffic 

patterns. 

By monitoring website and social media activity in real-time, businesses can quickly identify 

trends and patterns that may impact website traffic and make immediate changes to their 

marketing strategies. There are various data sources that can be used for web traffic prediction, 

including historical traffic data, search engine data, social media data, demographic data, 

predictive analytics, machine learning algorithms, and real-time data sources. By leveraging 

these data sources, businesses can gain valuable insights into user behavior and make more 

accurate predictions about future web traffic patterns. 

The current state of web traffic prediction involves the use of various methods such as statistical 

analysis, machine learning algorithms, and time-series analysis to forecast website traffic. One 

of the key trends in web traffic prediction is the incorporation of external data sources such as 

social media data, search engine data, and weather data. This allows prediction models to take 

into account external factors that may influence website traffic, such as special events or changes 

in search engine algorithms. 

Another trend is the use of cloud computing and big data technologies to handle large volumes 

of data and improve the accuracy of prediction models. This allows businesses to make more 

informed decisions based on website traffic forecasts and improve website performance and user 

experience. The current state of web traffic prediction is focused on improving the accuracy and 

efficiency of prediction models, incorporating external data sources, and using advanced 

technologies to handle large volumes of data. As businesses continue to rely on their websites 

for revenue and customer engagement, web traffic prediction will likely become an even more 

important tool for website owners and developers. 

Time series Experimental methods for web traffic prediction  
Time series experimental methods are widely used for web traffic prediction, enabling 

developers to anticipate changes in website traffic patterns and adjust website performance 

accordingly. These methods rely on historical website traffic data to generate forecasts of future 

traffic volumes, allowing developers to identify potential peaks in traffic and make necessary 

adjustments to optimize website performance. 

ARIMA 

ARIMA (AutoRegressive Integrated Moving Average) is a popular time series forecasting 

method that can be used to predict traffic patterns. It models the time series as a combination of 

autoregressive (AR) and moving average (MA) terms. The AR terms capture the relationship 

between the current value and its past values, while the MA terms capture the relationship 

between the current value and its past errors. The integrated (I) term is used to make the time 

series stationary by differencing it with its lagged values. By fitting an ARIMA model to 

historical traffic data, it is possible to forecast future traffic patterns with a high degree of 

accuracy. 

In the context of traffic prediction, an ARIMA model can be used to forecast traffic volume, 

speed, and travel time. Traffic data typically exhibit time-varying patterns, such as daily and 

weekly cycles, as well as seasonal variations. An ARIMA model can capture these patterns and 
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use them to make accurate forecasts. For example, an ARIMA model can be used to forecast the 

traffic volume on a particular road segment during rush hour, based on historical data from 

previous rush hours. It can also be used to predict the average travel time between two locations, 

based on historical data on the speed and volume of traffic on the relevant road segments. 

 A univariate ARIMA (p,1,q) model can be expressed s follows: 

 

 

where ut is an ARMA(p+1,q) Particularly, 

 

 

where εt∼WN(0,σ2)  and 

 

 

where, L is the lag operator and θ(L) must be invertible 

 

ARIMA model is relatively simple and easy to implement. It does not require a large amount of 

data or complex modeling techniques, and it can be applied to a wide range of traffic data, 

including both urban and rural areas. Another advantage is that it can provide short-term and 

long-term forecasts, allowing transportation planners to make informed decisions about traffic 

management strategies, such as adjusting signal timing or modifying road infrastructure. 

ARIMA models are a useful tool for predicting traffic patterns and improving the efficiency and 

safety of transportation systems. 

LSTM 

Long Short-Term Memory (LSTM) is a type of recurrent neural network (RNN) that has been 

widely used in network traffic prediction. Unlike traditional RNNs, which can suffer from the 

vanishing gradient problem, LSTMs are designed to remember long-term dependencies and 

avoid the problem of vanishing gradients. This makes them well-suited for time-series prediction 

problems, such as network traffic prediction. LSTMs have been used to predict network traffic 

at different levels of granularity, ranging from predicting traffic for a single network link to 

predicting traffic for an entire network. 

In network traffic prediction, LSTMs are typically used to model the temporal dependencies 

between network traffic data points. This involves training the LSTM on a historical dataset of 

network traffic data, and then using the trained model to predict future traffic patterns. LSTMs 
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are able to capture complex patterns in network traffic data, such as daily and weekly traffic 

patterns, and can make accurate predictions even when the data is noisy or contains missing 

values. 

LSTMs have been used in a variety of network traffic prediction applications, including traffic 

prediction for data centers, cloud computing environments, and wireless networks. In data center 

applications, LSTMs have been used to predict the traffic demand for individual servers or 

applications, which can help to optimize resource allocation and improve overall system 

performance. In wireless network applications, LSTMs have been used to predict traffic demand 

for individual users or groups of users, which can help to improve network capacity planning 

and resource allocation. 

Extreme Gradient Boosting 

Extreme Gradient Boosting (XGBoost) regression is a powerful technique for network traffic 

prediction that can help network administrators make better decisions by providing accurate 

estimates of future network traffic. XGBoost regression is a type of machine learning algorithm 

that uses an ensemble of decision trees to make predictions. The algorithm is trained on historical 

network traffic data, and it uses this data to identify patterns and relationships that can be used 

to make predictions about future network traffic. XGBoost regression has been shown to be 

highly accurate in predicting network traffic, making it a valuable tool for network 

administrators who need to plan and manage their network resources. One of the key advantages 

of XGBoost regression for network traffic prediction is its ability to handle complex and non-

linear relationships between variables. Network traffic is a highly dynamic and complex 

phenomenon, and traditional regression models may struggle to capture the full range of 

variables that affect network traffic. XGBoost regression, on the other hand, is able to handle a 

large number of variables and can detect complex relationships between them. This makes it a 

highly effective tool for predicting network traffic in real-world scenarios, where there are many 

variables that can affect network traffic. Additionally, XGBoost is designed to handle large 

datasets and can be trained on distributed computing systems, making it an ideal choice for 

network traffic prediction tasks. This means that network administrators can quickly and 

efficiently train models on large amounts of historical data, and use these models to make 

accurate predictions about future network traffic. Overall, XGBoost regression is a highly 

effective and efficient tool for network traffic prediction, and it has the potential to help network 

administrators better manage their network resources and improve network performance. 

Results  
The table 1 shows the results of the Dickey-Fuller test conducted on different languages, where 

the test statistic, p-value, number of lags used, number of observations used, and critical values 

at different confidence levels are provided. The Dickey-Fuller test is used to determine whether 

a time series is stationary or non-stationary. Stationarity is an important assumption for many 

time series models, as non-stationary data can lead to spurious correlations and unreliable 

forecasts. The test statistic represents the strength of evidence against the null hypothesis of non-

stationarity. A more negative test statistic indicates stronger evidence for stationarity. In this 

case, all of the test statistics are negative, indicating some evidence for stationarity. 

The p-value measures the probability of observing a test statistic as extreme or more extreme 

than the one obtained, assuming that the null hypothesis is true. A p-value below a significance 

level (usually 0.05) indicates that there is sufficient evidence to reject the null hypothesis of non-
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stationarity. In this case, some of the languages have p-values below 0.05, indicating evidence 

for stationarity at the 5% significance level. 

 

 

 

Table 1. Dickey-Fuller Test for web traffics across regions   

Language Test 

Statistic 

p-

value 

#Lags 

Used 

Number of 

Observations 

Used 

Critical 

Value (1%) 

Critical 

Value (5%) 

Critical 

Value 

(10%) 

es -3.014209 0.0335

89 

15 534 -3.442655 -2.866968 -2.569661 

zh -1.668433 0.4474

46 

19 530 -3.442749 -2.867009 -2.569683 

fr -1.668433 0.0514

95 

13 536 -3.442609 -2.866947 -2.56965 

en -1.668433 0.1895

34 

14 535 -3.442632 -2.866957 -2.569655 

 ns -1.668433 0.0527

54 

6 543 -3.44245 -2.866877 -2.569613 

 ru -1.668433 0.0018

65 

3 546 -3.442384 -2.866848 -2.569597 

 ww -1.668433 2.79E-

08 

7 542 -3.442473 -2.866887 -2.569618 

                                      Figure 1. Rolling mean and standard deviations by regions S  

 

 

 



 de -1.668433 0.1409

74 

16 533 -3.442678 -2.866978 -2.569666 

 ja -1.668433 0.1025

71 

8 541 -3.442495 -2.866897 -2.569623 

 

The number of lags used refers to the number of lagged differences included in the regression 

model. The optimal number of lags depends on the specific data and should be chosen based on 

statistical criteria. 

The critical values represent the cutoff points for rejecting the null hypothesis at different 

confidence levels. If the test statistic is more negative than the critical value, then the null 

hypothesis can be rejected. In this case, all of the critical values are negative and become more 

negative as the confidence level increases. 

The results suggest that some of the languages have evidence for stationary time series, while 

others do not. The optimal number of lags and confidence level for rejecting the null hypothesis 

should be chosen based on further analysis of the specific data and context. Based on the p-

values, we can see that the languages "es", "ns", "ru", and "ww" have p-values below 0.05, 

indicating evidence for stationarity at the 5% significance level. On the other hand, the languages 

"zh", "fr", "en", "de", and "ja" have p-values above 0.05, indicating insufficient evidence to reject 

the null hypothesis of non-stationarity at the 5% significance level. However, it is worth noting 

that the critical values at higher confidence levels (e.g., 10%) are less negative, which could 

suggest evidence for stationarity at a higher significance level. Therefore, further analysis may 

be needed to confirm the stationarity of these time series. 

Figure 2. Autocorrelation and partial autocorrelation wit 20 lags   
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"Test Error" refers to the error of the AR model on the testing dataset, which is a dataset that the 

model has not seen during training and is used to evaluate the generalization performance of the 

model. The value of "1367.1588631346135" indicates that the model has an average error of 

1367.16 in its predictions on the test dataset. The "nan" value for train error is not a good sign, 

as it suggests that the model might not have been trained properly or might not have converged 

to a good solution. This indicates that the AR model might need further tuning or adjustments 

to improve its performance. 

 

Figure 3. AR and ARIMA predictions  

 



Train Error: nan | Test Error: 1367.2  

 

 

Train Error: 55.68680777704781 | Test Error: 43.88152566452923 

 

The "Train Error" refers to the error (difference between predicted and actual values) of the AR 

model on the training dataset. The value "nan" stands for "not a number" and indicates that the 

model encountered some numerical issues during training and could not calculate the error.  

The given information in figure 3 is related to the performance of an ARIMA (AutoRegressive 

Integrated Moving Average) model for prediction. The "Train Error" refers to the error 

(difference between predicted and actual values) of the ARIMA model on the training dataset. 

The value of "55.68680777704781" indicates that the model has an average error of 55.69 in its 

predictions on the training dataset. The "Test Error" refers to the error of the ARIMA model on 

the testing dataset, which is a dataset that the model has not seen during training and is used to 

evaluate the generalization performance of the model. The value of "43.88152566452923" 

indicates that the model has an average error of 43.88 in its predictions on the test dataset. A 

lower value of error suggests that the ARIMA model is performing better in making predictions. 

Therefore, the ARIMA model seems to have performed better on the test dataset compared to 

the training dataset. However, it's important to note that the model's performance on the training 

dataset should also be considered as it indicates how well the model has learned the underlying 
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patterns and trends in the data. Overall, the ARIMA model appears to be providing reasonably 

accurate predictions. 

 

Figure 4. LSTM prediction  

 

 

 

 
Mean Squared Error 

Train Error: 0.0036196934327845515 | Test Error: 0.0010175349627831352 

---------------------------------------------------------------------------------------------------- 

SMAPE 

Train Error: 32218.870363109872 | Test Error: 1147.3121933579712 
 

Figure 4 shows the performance of an LSTM (Long Short-Term Memory) model for prediction. 

Mean Squared Error (MSE) is a measure of the average squared difference between the predicted 

and actual values. The "Train Error" for MSE refers to the MSE of the LSTM model on the 

training dataset, which is "0.0036196934327845515". This indicates that the average squared 

difference between the predicted and actual values on the training dataset is 0.0036. The "Test 

Error" for MSE refers to the MSE of the LSTM model on the testing dataset, which is 

"0.0010175349627831352". This indicates that the average squared difference between the 

predicted and actual values on the testing dataset is 0.0010. A lower value of MSE indicates 

better performance of the model as it suggests that the predicted values are closer to the actual 

values. Therefore, the LSTM model appears to be performing better on the testing dataset 

compared to the training dataset. 

SMAPE (Symmetric Mean Absolute Percentage Error) is another measure of error that expresses 

the difference between the predicted and actual values as a percentage of the sum of the predicted 

and actual values. The "Train Error" for SMAPE refers to the SMAPE of the LSTM model on 

the training dataset, which is "32218.870363109872". This suggests that the model's 



performance on the training dataset is not good, as the SMAPE value is very high. The "Test 

Error" for SMAPE refers to the SMAPE of the LSTM model on the testing dataset, which is 

"1147.3121933579712". This indicates that the model's performance on the testing dataset is 

better than the training dataset, but still has room for improvement. 

The LSTM model appears to be performing better on the testing dataset compared to the training 

dataset based on the MSE. However, the high SMAPE value for the training dataset suggests 

that the model may not be performing well in capturing the underlying patterns and trends in the 

data. Further tuning and adjustments to the model may be needed to improve its performance. 

 

 

Figure 5. XGboost prediction  

 

 

 

Train Error: 47.35977211665853 | Test Error: 40.541707515625895 

 

 

Figure 5 shows the performance of an XGBoost model for prediction. The "Train Error" refers 

to the error (difference between predicted and actual values) of the XGBoost model on the 

training dataset. The value of "47.35977211665853" indicates that the model has an average 

error of 47.36 in its predictions on the training dataset. The "Test Error" refers to the error of the 

XGBoost model on the testing dataset, which is a dataset that the model has not seen during 

training and is used to evaluate the generalization performance of the model. The value of 

"40.541707515625895" indicates that the model has an average error of 40.54 in its predictions 

on the test dataset. A lower value of error suggests that the XGBoost model is performing better 

in making predictions. Therefore, the XGBoost model appears to be performing slightly better 
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on the testing dataset compared to the training dataset. However, the difference in error is not 

significant, and the model seems to be providing reasonably accurate predictions on both the 

training and testing datasets. The XGBoost model appears to be performing well in making 

predictions. 

The AR model has the highest test error of 1367.16, indicating that it has the poorest performance 

in predicting the target variable. This could be due to the lack of accounting for more complex 

patterns and dependencies within the data, which the other models can capture better. 

The ARIMA model has a lower test error compared to the AR model, with a value of 43.88. This 

suggests that the ARIMA model can capture the underlying patterns and trends in the data better 

than the AR model. However, its SMAPE value is very high on the training dataset, which 

indicates that the model may have overfit on the training data. 

The LSTM model has a very low test-error of 0.0010, indicating that it has the best performance 

in predicting the target variable. However, the SMAPE value is very high on the training dataset, 

indicating that the model may not have captured the underlying patterns and trends in the data 

well enough. 

The XGBoost model has a relatively low test-error of 40.54, indicating that it has good 

performance in predicting the target variable. It has a lower error than the ARIMA model, but 

not as low as the LSTM model. Overall, the XGBoost model seems to be providing reasonably 

accurate predictions on both the training and testing datasets. Each model has its own strengths 

and weaknesses in predicting the target variable, and the choice of which model to use would 

depend on the specific requirements and constraints of the problem at hand. The LSTM model 

has the lowest test error, but its high SMAPE value suggests that it may not have captured the 

underlying patterns in the data well enough. The ARIMA and XGBoost models both have good 

performance in predicting the target variable, with the XGBoost model having slightly better 

performance on the testing dataset. The AR model has the poorest performance, indicating that 

it may not be the best choice for predicting the target variable. 

 

Conclusion  
The unpredictable nature of user behavior has always been a major challenge for web analysts 

and digital marketers. User behavior is influenced by a wide range of factors, including 

demographics, user intent, user journey, and external events. These factors are constantly 

changing, which makes it difficult to predict and anticipate user behavior. For example, a sudden 

spike in web traffic can be caused by a viral social media post, a news event, or a change in user 

intent. Similarly, a decrease in web traffic may be due to seasonality, a change in search engine 

algorithms, or a shift in user behavior. As a result, web analysts and digital marketers need to 

constantly monitor and analyze web traffic patterns to identify trends and make informed 

decisions. 

One of the main challenges of predicting user behavior is the dynamic nature of user intent. User 

intent can change over time, and is influenced by various factors such as user experience, 

competitor activities, and external events. For example, a user who is interested in purchasing a 

product may suddenly lose interest due to a negative review or a competing offer. Similarly, a 

user who is browsing for information may suddenly convert into a customer due to a well-timed 



offer or promotion. Therefore, predicting user behavior requires a deep understanding of user 

intent and the factors that influence it. 

The unpredictable nature of user behavior is compounded by the sheer volume of data that is 

generated by web traffic. Digital marketers and web analysts need to analyze vast amounts of 

data to identify trends and patterns in user behavior. This requires advanced data analytics tools 

and techniques, as well as a deep understanding of statistical analysis and data visualization. 

However, even with these tools, predicting user behavior remains a challenge, as user behavior 

is influenced by a wide range of factors that are difficult to quantify and analyze. As a result, 

web analysts and digital marketers need to constantly monitor and analyze web traffic patterns 

to stay ahead of the curve and make informed decisions. 

Building accurate prediction models for web traffic is a complex process that requires a deep 

understanding of data analytics and statistical analysis. These models must take into account a 

variety of variables, such as the number of users, the duration of visits, the source of traffic, and 

the type of content accessed. Additionally, external factors such as weather patterns, major news 

events, and holidays can have a significant impact on web traffic patterns. Therefore, building a 

comprehensive prediction model requires extensive research and data analysis. 

One of the main challenges in building prediction models for web traffic is data accuracy. The 

data used to build these models must be accurate and representative of the overall user 

population. For example, if a prediction model is built using data from a specific geographical 

region, it may not accurately predict web traffic patterns in other regions. Additionally, data 

from different sources may have inconsistencies, such as differences in data formats, missing 

data, or outliers. These issues can lead to inaccuracies in the prediction models, which can 

negatively impact decision-making. 

Web traffic patterns are constantly changing, and prediction models must be updated regularly 

to reflect these changes. Additionally, changes in user behavior, such as a shift in the use of 

mobile devices, can make older prediction models obsolete. Therefore, maintaining accurate 

prediction models requires ongoing monitoring and updating of data, as well as continuous 

analysis of user behavior. Building and maintaining accurate prediction models for web traffic 

is a complex and challenging task. It requires a deep understanding of data analytics, statistical 

analysis, and web traffic patterns. Additionally, accurate data collection and management are 

critical to the success of prediction models. Despite these challenges, accurate prediction models 

are essential for making informed decisions and optimizing web traffic. Therefore, web analysts 

and digital marketers must invest time and resources in building and maintaining accurate 

prediction models.  

[1]–[4]  [5]–[10] [11]–[17] [7], [18]–[23] 
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