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Abstract— In modern world’s highly competitive digital scenario, getting to know the sustainability of positive user experiences over 

time is paramount for businesses and designers alike. This study helps understand in depth about the problematic dynamics that shape 

long-term consumer engagement and loyalty. With the help of using a blended-strategies approach, combining quantitative surveys and 

qualitative interviews, the research looks at the multifaceted factors influencing user perceptions and behaviors. 

The following study unveils a subtlety in understanding of the interaction between design elements, functionality, and emotional 

resonance in fostering enduring consumer delight. Beyond initial impressions, this study analyses the crucial function of continuous 

evolution and innovation in preserving relevance and resonance with users over extended periods. additionally, it discovers the effect of 

trust, perceived value, and trademark affinity on user loyalty, shedding light on the complicated psychological mechanisms that underpin 

sustained engagement. 

Through empirical analysis and theoretical synthesis, this research contributes to both academic discourse and practical applications 

with the aid of offering actionable insights for designing and handling digital studies that bears the test of time. By elucidating the 

determinants of long-term user satisfaction and loyalty, we empower stakeholders to craft strategies that foster enduring relationships 

with their audience, driving sustainable success in today’s dynamic marketplace. 

Index Terms— LTUX, Machine Learning, Long-Term User Experience, LSTM , Long Short-Term Memory 

 

I. INTRODUCTION 

In the rapidly evolving landscape of digital platforms and 

applications, ensuring sustained user engagement and loyalty 

over time emerges as a pivotal factor for their continued 

success. As technology advances ceaselessly, users’ 

expectations for seamless experiences and personalized 

interactions have soared to unprecedented heights. This 

dynamic shift necessitates a proactive adaptation by 

developers and designers to keep pace with users’ evolving 

needs and preferences. 

This paper sets out to delve deeper into and 

comprehensively explore the realm of long-term user 

experience (LTUX). It aims to focus on evaluating the 

sustainability of positive user experiences over time while 

also delving into the factors that contribute to user loyalty and 

sustained engagement. 

One promising avenue for understanding and enhancing 

long-term user experience (LTUX) lies in the effective 

utilization of machine learning models. As users engage with 

digital platforms and applications over extended durations, 

LTUX serves as a lens through which we can comprehend the 

entirety of this journey. Simply put, LTUX transcends initial 

impressions and short-term satisfaction; it delves into the 

evolution of users’ interactions, the shifting landscape of their 

needs, and the persistence of their engagement over time. 

Machine learning models offer a potent tool in this quest, 

capable of leveraging vast repositories of user data. This data  

encompasses a myriad of facets, including purchase 

history, browsing behavior, content preferences, and 

interaction patterns. By analyzing this wealth of data, 

machine learning models can uncover valuable insights into 

user behavior and preferences. These insights, in turn, serve 

as a cornerstone for informed design and development 

decisions aimed at fostering long-term user satisfaction and 

sustained engagement. 

By harnessing the power of machine learning in the pursuit 

of enhancing LTUX, developers and designers can craft 

digital experiences that not only captivate users in the present 

but also cultivate enduring relationships that withstand the 

test of time. 

Understanding the dynamics of long-term user experience 

(LTUX) is essential for developers and designers to create 

applications with experiences that not only attract users 

initially but also retain them over the long haul. Leveraging 

machine learning offers several advantages in this pursuit, 

including: 

• Developers and designers can personalize user 

experiences 

• Anticipate user needs 

• Proactively address pain points 

• Fostering sustained engagement and loyalty 

The Power of Machine Learning in the Digital Age 

In today’s digital age, artificial intelligence (AI) and 

machine learning play crucial roles in various aspects of our 

lives. Machine learning empowers a wide range of 
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functionalities, including: 

• Automation of tasks: Machine learning can automate 

repetitive tasks, improving efficiency and productivity 

across industries. 

• Predictive analytics: By analyzing data, machine 

learning can predict future trends and user behavior, 

allowing businesses to make informed decisions. 

• Personalized experiences: Machine learning can 

personalize experiences for users in various sectors, such 

as healthcare, finance, retail, and transportation. 

The importance of AI and machine learning in today’s 

world cannot be overstated. These technologies have become 

fundamental pillars of modern innovation, empowering 

organizations across industries to optimize processes, 

enhance customer experiences, and gain competitive 

advantages in the market. AI-powered solutions are 

revolutionizing how businesses operate and interact with their 

customers. By harnessing the power of artificial intelligence, 

organizations can automate repetitive tasks, analyze complex 

datasets, and extract valuable insights that drive informed 

decision-making in real-time. This transformative shift 

towards AI-driven decision-making is reshaping industries 

and business models, paving the way for unprecedented 

efficiency and innovation. One of the key strengths of AI lies 

in its ability to analyze vast amounts of data quickly and 

accurately. With the exponential growth of data in today’s 

digital age, AI-powered algorithms are essential for 

extracting actionable insights from this deluge of 

information. Whether it’s customer behavior patterns, market 

trends, or operational inefficiencies, AI can sift through 

mountains of data to uncover hidden opportunities and 

potential risks. Moreover, the advent of machine learning 

algorithms has further accelerated the capabilities of AI 

systems. Machine learning algorithms enable AI systems to 

learn from past experiences and improve their performance 

over time without explicit programming. This iterative 

learning process allows AI systems to adapt to changing 

circumstances and refine their predictions and 

recommendations continuously. Natural language processing 

(NLP) and computer vision are two other branches of AI that 

are driving significant advancements in various industries. 

NLP enables machines to understand and interpret human 

language, allowing for the development of chatbots, virtual 

assistants, and language translation services. On the other 

hand, computer vision enables machines to analyze and 

interpret visual information, leading to innovations in 

autonomous vehicles, facial recognition systems, and medical 

image analysis. The potential of AI to transform businesses 

and societies is immense, leading to improvements in 

efficiency, productivity, and innovation. According to market 

research reports, the global artificial intelligence market size 

is expected to experience significant growth from 2022 to 

2032, driven by increasing adoption across various industries 

and sectors. This projected growth underscores the growing 

recognition of AI as a transformative force that is reshaping 

the way organizations operate and compete in the digital age. 

 
AI MARKET SIZE, 2022 TO 2032 

II. LITERATURE REVIEW 

In the world of digital applications and platforms, ensuring 

long-term user engagement remains a top priority for 

designers, developers, and researchers. This literature review 

synthesizes findings from ten key studies, encompassing 

various domains such as mobile applications, emotional 

design, social media platforms, online learning, health and 

fitness apps, technological obsolescence, smart home 

environments, e-commerce platforms, wearable health 

devices, and user experience design trends.One such study [9] 

utilizes a systematic review approach to synthesize findings 

from studies on long-term user experience with wearable 

health devices, such as fitness trackers and smartwatches. 

This research identifies usability issues, data accuracy 

concerns, and motivational factors as key determinants of 

sustained user engagement and adherence to health goals. 

Imagine your business as a budding friendship. You meet 

someone new, and there’s an instant connection—a spark. 

That initial excitement is like when a user discovers your app 

for the first time. It’s sleek, intuitive, and ticks all the boxes. 

They’re thrilled with how it simplifies their life and maybe 

even surprises them with some neat tricks. 

But what happens next? Like any relationship, the novelty 

fades, and reality sets in. Does your app start feeling like a 

tangled mess after a while? Do new updates and features pile 

up, overwhelming your user instead of delighting them? 

That’s where the concept of Long-Term User Experience 

(LTUX) comes in. It’s about nurturing that initial spark into 

a lasting bond. Think about how a good friend adapts and 

grows with you over time, anticipating your needs and 

evolving alongside you. 

Similarly, your app needs to evolve, not just in terms of 

features but in how it continues to meet your user’s changing 

expectations. It’s about ensuring that the positive first 

impression isn’t just a fleeting moment but the start of a 

journey filled with ongoing satisfaction and joy. 

By prioritizing LTUX, you’re investing in the long-term 

relationship with your users. It’s not just about acquiring 

them—it’s about keeping them engaged, happy, and coming 
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back for more, just like you would with a dear friend. 

Now, a crucial question arises: how do we keep users 

happy in the long run? One significant piece of research in 

this field by Smith and Johnson [1] underscores the 

importance of usability, performance, and personalization in 

maintaining user engagement over time within mobile 

applications. However, they identify a research gap 

concerning the impact of emerging technologies, like 

augmented reality and artificial intelligence[12], on user 

engagement. This can be considered as a wide scope for 

research in field of Long-term user experience prediction. By 

understanding this study, we can conclude that several key 

ingredients can help maintain a good long-term user 

experience: 

• Usability 

• Engagement 

• Evolution 

Another study by Brown and Lee [2] sheds light on how 

emotional design influences long-term user engagement 

across digital platforms. Their research emphasizes the 

importance of evoking positive emotions; however, they 

don’t address potential drawbacks or ethical considerations 

associated with leveraging user emotions for commercial 

purposes. 

While an application may boast a plethora of features, if 

it’s challenging or perplexing to navigate, users are likely to 

become disheartened. This is precisely where the concept of 

Long-Term User Experience (LTUX) steps in. Its primary 

focus lies in ensuring that the core functionalities of an 

application remain user-friendly and accessible over time, as 

emphasized in the study mentioned earlier [1]. 

Delving deeper into this topic, Garcia and Rodriguez [3] 

conducted an extensive analysis revealing shifts in user 

behavior and preferences across various popular social media 

platforms. Their research underscores the paramount 

importance of adaptability and innovation in sustaining user 

engagement. However, one notable aspect missing from their 

study is a comparative analysis of engagement patterns 

among different demographic groups. This observation 

seamlessly aligns with the essence of LTUX, which 

encompasses evaluating how effectively a product adapts to 

meet the evolving expectations of its users, including their 

changing needs and desires. 

A superior application, as previously mentioned, will 

continuously evolve by introducing new features, enhancing 

existing ones, and actively addressing user feedback, thus 

ensuring a seamless and enjoyable user experience 

throughout its lifespan. 

The best apps keep users coming back for more. This might 

involve offering fresh content, personalized 

recommendations, or a sense of achievement through rewards 

or progress tracking. Long-term user experience (LTUX) 

looks for features that encourage continued interaction 

without feeling stale. 

Building on this concept, several studies have explored 

strategies for designing online learning platforms that 

promote sustained engagement [4]. These studies highlight 

the role of gamification and personalized learning paths. 

However, they neglect to consider the impact of cultural 

differences and individual learning styles on user 

engagement. 

All such studies clearly signify that by focusing on LTUX, 

businesses can create products that people love to use, not just 

when the applications are new, but for years to come. This 

focus ensures better prediction of user loyalty, positive word-

of-mouth promotion, and ultimately, long-term success. 

A study [11] analyzes the line chart to identify general 

trends in Organic Search traffic. This initial understanding 

can be a starting point for further analysis. It also shows that 

break down Organic Search traffic by user demographics, 

device types, or search queries to gain deeper insights into 

user behavior and inform long-term predictions. Track 

upcoming industry events, marketing campaigns, or search 

engine algorithm updates that might affect Organic Search 

traffic. Overall, a line chart showing Organic Search traffic is 

a valuable starting point as shown below. 

 
Single Metric Time Series 

In essence, this chart offers key insights into user behavior. 

By combining data visualization with appropriate machine 

learning models (as discussed previously), you can 

effectively assess the long-term user experience (LTUX) for 

your app. This data-driven approach allows you to understand 

user engagement and make informed decisions to optimize 

your app for continued success. 

Motivational features and behavior change techniques are 

considered pivotal for sustained engagement in health and 

fitness apps, as highlighted by Adams & Taylor (2019) [5]. 

However, their study overlooks the potential influence of user 

demographics on engagement patterns. 

Research underscores the importance of long-term user 

experience (LTUX) in critical applications like fitness apps. 

Features that can be particularly motivating for users include: 

Goal setting and tracking: The ability to set personal fitness 

goals and track progress over time fosters user motivation. 

Rewards and recognition: Earning rewards or badges for 
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achieving milestones provides a sense of accomplishment and 

encourages continued effort. For a more comprehensive 

understanding of user engagement in health and fitness apps, 

it would be beneficial to explore research that considers both 

motivational features and user demographics. This combined 

approach would provide a more holistic view of what keeps 

users motivated and coming back for more in the long run. 

Evaluating Sustainability 

Machine learning (ML) emerges as a potent tool in the 

arsenal for enhancing long-term user experience (LTUX). Its 

ability to delve deep into user behavior patterns, sift through 

vast amounts of data, and extract actionable insights makes it 

invaluable for evaluating the sustainability of user 

experiences over time. By leveraging machine learning 

algorithms, organizations can gain a comprehensive 

understanding of the factors that contribute to user loyalty and 

sustained engagement. Sustainability can be evaluating by 

using below methods: 

• User Behavior Analysis: Interaction within your app and 

platform can easily be analyzed by implementing ML 

algorithms. The most common algorithms or models 

include tracking clicks, taps, time spent on features, and 

completion rates of tasks, predicting (LTUX) keeping the 

above analysis in mind. Features that are abandoned or 

found increasingly difficult can be analyzed by looking at 

these patterns over time. This helps assess if the positive 

initial experience translates into sustained engagement. 

• Sentiment Analysis: User reviews, feedback emails, and 

even social media mentions can be used to understand 

user sentiment towards any product, predicted using 

proper Machine Learning model implementation. 

Tracking sentiment over time helps gauge if positive 

feelings are maintained or deteriorate. 

Strategically leveraging both machine learning and 

traditional user research methods yields a comprehensive 

understanding of user behavior and performance, paving the 

way for forecasting long-term user experience (LTUX) and 

fostering loyalty and sustained engagement. The integration 

of machine learning models into user experience analysis 

enables organizations to unearth intricate patterns and trends 

within vast datasets, providing invaluable insights into user 

preferences, behaviors, and engagement drivers. 

However, it’s imperative to acknowledge that the 

effectiveness of machine learning models is inherently 

dependent on the quality and volume of available user data. 

Without robust datasets, machine learning algorithms may 

struggle to generate accurate predictions or identify 

meaningful patterns. Therefore, ensuring data quality through 

rigorous collection, validation, and preprocessing procedures 

is paramount for the success of machine learning-driven 

LTUX initiatives. 

Moreover, ethical considerations surrounding data 

collection and usage cannot be overstated. Organizations 

must prioritize transparency, consent, and user privacy to 

maintain trust and credibility. Implementing transparent data 

collection practices and offering users control over their 

personal information and privacy settings not only fosters 

trust but also empowers users to actively engage with the 

platform on their terms. 

While machine learning excels at uncovering correlations 

and predictive insights, it’s essential to complement these 

findings with a deeper understanding of user motivations and 

behaviors. Traditional user research methods, such as surveys 

and interviews, offer invaluable qualitative insights into the 

why behind user actions, preferences, and pain points. By 

integrating qualitative and quantitative approaches, 

organizations can gain a holistic understanding of user 

behavior and preferences, enabling more informed decision-

making and targeted interventions to enhance LTUX. 

Chen and Kim (2021) [6] examine the effects of 

technological obsolescence on user experience, suggesting 

strategies for mitigation. However, the study does not address 

the psychological effects of technological obsolescence on 

user satisfaction and engagement, indicating a gap in 

psychological understanding. User engagement in digital 

platforms and applications is a multifaceted phenomenon 

influenced by various factors ranging from usability to 

emotional design and technological obsolescence. This 

provides a comprehensive understanding of long-term user 

experience and engagement.General points to remember 

during implementing any machine learning model 

emphesided in [6] and are generic to any reserach made in 

ML are: 

• Data Quality 

• Explainability 

• User Control 

Factors for User Loyalty and Engagement: 

Machine learning models stand as powerful tools in 

deciphering and interpreting user data, ranging from purchase 

history and browsing behavior to content preferences. 

Through meticulous training, these models can unearth 

valuable insights that pave the way for a more personalized 

user experience. By analyzing user data, machine learning 

algorithms can discern patterns and trends, allowing for the 

tailoring of recommendations, content, and features to suit 

individual user preferences. This personalized approach not 

only enhances user engagement but also fosters a deeper 

connection between users and the platform. 

Expanding upon this, a study [7] delves into the evolving 

landscape of user experience within smart home 

environments over several years. It highlights the myriad 

challenges that arise, including issues surrounding usability, 

interoperability, and privacy. The study underscores the 

paramount importance of seamless integration and user-

centric design in ensuring the long-term adoption and 

satisfaction of smart home technologies. By addressing these 

challenges head-on and prioritizing user needs and 

preferences, organizations can cultivate an environment 
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conducive to sustained user engagement and satisfaction. 

However, amidst these advancements, a notable gap 

persists in understanding the impact of cultural differences on 

trust formation and maintenance within e-commerce 

contexts. While studies have shed light on various aspects of 

user experience and trust formation, cultural nuances remain 

largely unexplored. Cultural factors, such as communication 

styles, social norms, and trust-building mechanisms, can 

significantly influence user perceptions and behaviors in 

online environments. Therefore, further research is warranted 

to unravel the intricate interplay between culture and trust 

formation in e-commerce settings, ultimately informing the 

development of more inclusive and effective user 

experiences. 

User needs and behaviors serve as crucial benchmarks for 

assessing long-term user experience, and machine learning 

models excel in predicting and analyzing them effectively. By 

leveraging machine learning algorithms, organizations can 

anticipate user needs and preferences, enabling them to 

proactively address potential pain points or introduce features 

that users may find beneficial even before they consciously 

realize their need for them. This proactive approach not only 

enhances user satisfaction but also fosters a sense of loyalty 

and trust among users. 

Furthermore, Emily Davis and Michael Thompson’s 

seminal study [10] has made a significant impact by shedding 

light on recent trends and advancements in user experience 

design. The paper delves into the evolving landscape of user 

experience, discussing emerging technologies and 

methodologies that are shaping the future of long-term user 

engagement. It underscores the importance of adhering to 

user-centered design principles, prioritizing accessibility, and 

promoting inclusivity to create experiences that resonate with 

diverse audiences over time.. 

Long-term user experience (LTUX) plays a crucial role in 

e-commerce apps for predicting customer retention rates on a 

particular platform. One such study [8] examines the role of 

trust in shaping long-term user engagement with e-commerce 

platforms. This research highlights the importance of factors 

such as security, transparency, and reputation. It finds that 

building and maintaining trust is essential for sustaining user 

loyalty and repeat business over time. 

III. METHODOLOGY 

Long-term user experience (LTUX) is all about 

understanding how to create long-lasting digital products and 

services by fostering positive experiences. It involves 

analyzing what keeps users coming back and remaining 

engaged. 

To understand why users stay loyal and engaged, we can 

leverage machine learning models to perform predictions[13] 

by identifying specific patterns in user behavior. These 

models analyze data such as user actions within an app or 

website and user preferences. By understanding these factors, 

we can ensure users continue to enjoy their experience and 

remain loyal to a product or service for the long term. 

For our research, we utilized a dataset containing daily 

website visitor information spanning from September 14, 

2014, to August 19, 2020. The dataset consists of 2,167 rows, 

with each row representing a specific day. We began by 

importing the dataset into our Python environment using the 

pandas library and loaded it into a DataFrame. To enhance 

readability and ensure consistency for data analysis, we made 

some additional changes, including renaming columns. 

Specifically, we renamed columns like: 

• "Day.Of.Week" to "day_of_week" 

• "Page.Loads" to "page_loads" 

• "Unique.Visits" to "unique_visits" 

• "First.Time.Visits" to "first_visits"" 

• "Returning.Visits" to "returning_visits" 

Once the dataset was appropriately formatted, we 

proceeded with exploratory data analysis (EDA) to gain 

insights into website traffic patterns over time. This involved 

visualizing trends in different parameters. Additionally, we 

conducted descriptive statistical analysis to summarize the 

central tendencies and distributions of the numerical 

variables. As discussed, the importance of potential patterns 

and relationships for better long-term user experience 

prediction, a line chart provides visual inspection of the 

trends based on website traffic metrics in this case. These 

patterns can inform the feature engineering process for 

machine learning models. Overall, our methodology involved 

prepossessing the dataset, conducting exploratory data 

analysis, and applying machine learning techniques to 

analyze website visitor data and gain insights into long-term 

user experience and engagement patterns. The machine 

learning model used for this study is Long Short-Term 

Memory (LSTM) Model. The below line chart visualizes the 

website traffic trends over time. It shows a single line chart 

with four lines, each representing a different website traffic 

metric plotted over time. This allows us to visually analyze 

trends in page loads, unique visitors, first-time visits, and 

returning visits, all on the same chart. 

 
Page Loads & visitors over Time 

Making a histogram to effectively evaluate the data is 

another crucial step in selecting the right machine learning 

model or data visualization. In this instance, a histogram 
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offers a brief visual synopsis of the distribution of unique 

website views throughout several days. This can be a useful 

place to start if you want to do more research and figure out 

how people visit websites. We can determine the days with 

the highest and lowest number of unique website views by 

examining the histogram. This can assist us in determining 

which days of the week or particular dates often draw in the 

most visitors. Examining the total distribution of visits over 

all dates can help spot seasonal tendencies. Days with 

significantly greater or lower unique visitors relative to the 

distribution as a whole are known as outliers, and the 

histogram can show these days. These anomalies can be signs 

of unique occasions, advertising campaigns, or technical 

problems that need more research. The histogram’s form can 

also provide useful information. A symmetrical distribution 

indicates a pattern of website visits that was largely stable 

during the course of the study. On the other hand, a skewed 

distribution could point to a concentration of visits during 

particular times of the day. Based on anticipated traffic 

patterns, these features can be analyzed in conjunction with 

other data sources to provide insightful information for 

improving the content, promotions, and user experience of 

websites. 

 
Sum of unique visits for each day over Time 

After successfully completing the steps including 

importing libraries, reading data, data processing, data 

cleaning, and feature scaling, the next step is to select a 

perfect machine learning model. In this case, an LSTM (Long 

Short-Term Memory) model is used to overcome the 

limitations of previous studies. Some of the advantages of 

LSTM models in machine learning, particularly when dealing 

with sequential data like website traffic, include the 

following: 

• Ability to Learn Long-Term Dependencies: Unlike 

traditional feedforward neural networks, LSTMs can 

capture long-term dependencies within sequences. This is 

crucial for website traffic prediction, where past website 

visits can influence future visits even if they are not 

directly adjacent in the data. 

• Effective for Time Series Forecasting: LSTMs excel at 

time series forecasting tasks. Website traffic data is 

essentially a time series, with website visits recorded over 

time. 

• Improved Performance over Standard RNNs: LSTMs 

address the vanishing gradient problem, a common issue 

in traditional RNNs. 

Due to these advantages of LSTM models over other 

machine learning models, there is a great scope of research in 

this domain. Building the LSTM model begins with creating 

sequences, which involves splitting the scaled data into 

segments of a specific length. In this case, the assumption is 

a weekly pattern, so sequences of 7 days each are created. The 

target variable (y) represents the value of the following day 

for the chosen feature. 

The next step is defining the sequence length, with a 

variable set to 7, indicating the number of days considered in 

each sequence. Then, the data is split into training and testing 

datasets. The code divides the created sequences (X) and the 

target variable (y) into training and testing sets using 

train_test_split. Here, 20% of the data is reserved for testing, 

while the remaining 80 

Moving on to building the LSTM model, a Long Short-

Term Memory (LSTM) network is employed. LSTMs are a 

type of recurrent neural network (RNN) well-suited for 

analyzing sequential data. The model architecture comprises 

an LSTM layer with 50 units, configured to return sequences, 

as we’re dealing with multiple days. Dropout layers (0.2) are 

added after each LSTM layer to prevent overfitting. Two 

more LSTM layers with 50 units each follow, also configured 

to return sequences. Finally, a final LSTM layer with 50 units 

is added without returning sequences. The output layer 

consists of 6 units, corresponding to the 6 features (e.g., 

page_load, unique_visits) to be predicted. 

Next, the model is compiled using the Adam optimizer and 

mean squared error (MSE) as the loss function, suitable for 

dealing with continuous values. The model is trained for 100 

epochs with a batch size of 32. A validation split of 10% 

within the training data is utilized to monitor the model’s 

performance during training and prevent overfitting. 

Verbosity is set to 1 to display training progress. 

After training, the code plots the training and validation 

loss curves to visualize how the model’s performance 

improves over training epochs. 

IV. LIMITATION 

The early epochs (around epoch 10) of the training and 

validation loss curves exhibit a notable decline, followed by 

a plateau for the remaining epochs. This implies that although 

the model may have picked up on the patterns in the training 

set rapidly, it hasn’t really improved since. This may be a sign 

of underfitting, in which the model is not sophisticated 

enough to fully represent the intricacy of the data on website 

traffic. 

Even if the validation loss appears to be under control, a 

more comprehensive study is required to exclude overfitting 

with certainty. Overfitting can be avoided by employing 

strategies such as early halting and tracking the training and 

validation loss curves during training. When the validation 
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loss begins to rise, early stopping immediately stops training, 

indicating that the model is learning training data by heart 

rather than generalizable patterns. 

The size of your dataset also affects how the results are 

interpreted. Even with a well-designed model architecture, it 

may be difficult to get very low errors (MSE and MAE) if 

your dataset is very small.For future study to increase the 

model validation and accuracy recommendations parameters 

that one could work on are- 

• Boost Model Complexity: To enable the model to 

discover more intricate correlations within the data, you 

may consider boosting the number of LSTM units, adding 

more LSTM layers, or experimenting with different 

dropout rates. 

• Regularization Techniques: To penalize the model for 

having too many weights, take into consideration either 

L1 or L2 regularization. This could help reduce 

overfitting. 

• Data augmentation (if applicable): Investigate data 

augmentation methods to artificially generate more 

training data, if they are practical for your dataset. This 

may improve the model’s ability to generalize to new 

data. 

• Early Stopping: When the validation loss reaches a 

plateau or begins to rise, cease the training. 

• Hyperparameter tuning: To possibly enhance model 

performance, play around with various hyperparameters 

like as batch size, learning rate, and sequence length. 

V. RESULT 

One hundred epochs, or iterations over the training set, 

were used to train the model. For every epoch, the training 

loss (loss on the training data) and validation loss (loss on an 

independent validation set) are shown. Over time, the loss 

typically goes down, a sign that the model is picking up new 

information from the input.The loss values drop dramatically 

in the first few epochs (around epoch 10), indicating that the 

model swiftly identified some crucial patterns in the training 

set. After then, the loss keeps getting less but does so more 

slowly, suggesting the model may be approaching a point 

where its benefits start to decline. Can be seen easily from the 

below graph. 

 

Loss Vs Epoch 

• Predictions: Using the testing data that hasn’t been seen 

(X_test), the model creates predictions. 

• Inverse Scaling: To enable understandable interpretation, 

the projected values are inversely scaled using the scaler 

back to their original range. 

• Metrics: Two typical evaluation metrics are computed by 

the code: 

– The average squared difference between the expected 

and actual numbers is measured by the Mean Squared 

Error, or MSE. 

– The average absolute difference between the expected 

and actual values is measured by the Mean Absolute 

Error (MAE). 

• Visualization: To assess the model’s performance 

graphically, the code presents the actual and predicted 

values for a selected attribute (such unique visits). 

The below graph visualizes the actual website traffic data 

(y-axis) against the model’s predictions (y-axis) over time (x-

axis). This allows you to visually assess how well the model’s 

predictions align with the actual website traffic patterns. 

 

LSTM Model Predictions 

VI. CONCLUSION 

The aforementioned code showcases the application of a 

Long Short-Term Memory (LSTM) model for forecasting 

website traffic based on multiple attributes such as page loads 

and unique visits. In order to identify sequential trends and 

forecast website traffic in the future, the model makes use of 

historical website traffic data. 

The output that was given indicates that the model only 

partially fit the data. Based on the Mean Squared Error (MSE) 

and Mean Absolute Error (MAE) figures, there is still 

opportunity for improvement in prediction accuracy even 

though the training loss decreased with time, suggesting the 

model learned from the data. 

We may be able to improve the long-term user experience 

and increase the predictive power of the LSTM model by 

closely examining the findings and putting these 

recommendations into practice. Predicted traffic patterns can 

be used to optimize marketing strategies, user interface 

components, and content on websites. 

 



 ISSN (Online) 2394-2320 

International Journal of Engineering Research in Computer Science and Engineering 

(IJERCSE) 

Volume 11 Issue 06 June 2024 

47 

REFERENCES 

[1] 99 Long-Term User Experience in Mobile Applications: A 

Review (Smith & Johnson, 2016) 

[2] The Role of Emotional Design in Long-Term User 

Engagement (Brown & Lee, 2018) 

[3] User Experience Evolution in Social Media Platforms: A 

Longitudinal Analysis (Garcia & Rodriguez, 2020) 

[4] Designing for Long-Term Engagement: Lessons from Online 

Learning Platforms (White & Clark, 2017) 

[5] Sheng Yu ∗ , Li Xie , Qilei Huang Factors Influencing Long-

Term User Engagement in Health and Fitness Apps (Adams 

& Taylor, 2019) 

[6] The Impact of Technological Obsolescence on Long-Term 

User Experience User Experience in Smart Home 

Environments: A Longitudinal Study The Role of Trust in 

Long-Term User Engagement with E-Commerce Platforms. 

Journal of Interactive Marketing, 2019 Laura Johnson, 

Matthew Evans 

[7] Long-Term User Experience with Wearable Health Devices: 

A Systematic Review Journal Name and Year: Journal of 

Biomedical Informatics, 2018 Jessica Smith, Andrew Wilson  

[8] The Evolution of User Experience Design: Trends and Future 

Directions Journal Name and Year: Interactions, 2022 Emily 

Davis, Michael Thompson 

[9] Deciding How to Represent Website Data - Part 1: Bar 

Graphs, Line Charts, Tables Singh, H., & Malhotra, M. (2023, 

March). 

[10] Artificial Intelligence Based Hybrid Models for Prediction of 

Stock Prices. In 2023 2nd International Conference for 

Innovation in Technology (INOCON) (pp. 1-6). IEEE. 

[11] Singh, H., & Shukla, A. K. (2021, December). An Analysis of 

Indian Election Outcomes using Machine Learning. In 2021 

10th International Conference on System Modeling & 

Advancement in Research Trends (SMART) (pp. 297-306). 

IEEE 


