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Abstract:  
This paper presents the development of a comprehensive model for web user tasks grounded in 
observed behavioral patterns during task completion. Based on a 10-day study analyzing over 5,000 
browsing events alongside user surveys and interviews, the research identifies distinct navigation, 
revisitation, and engagement signatures corresponding to four core web task categories: informational, 
transactional, navigational, and social. The model captures how users adapt their strategies to meet 
varying cognitive demands and overcome usability challenges such as information overload and 
security concerns. Triangulating quantitative logs with qualitative insights, the study provides an 
ecologically valid framework that reflects real-world web interaction dynamics. The resulting task model 
offers a foundation for designing more intuitive and user-cantered web tools that align with natural user 
behaviors. 
  
Keywords: Human-Computer Interaction, User Task, User Experience, Task Modeling, Web Users, 
Web Task. 

 الملخص
يقدّم هذا البحث نموذجاً شاملاً لمهام مستخدمي الويب، يستند إلى أنماط سلوكية ملاحظة أثناء تنفيذ المهام. وبناءً على دراسة 

حدث تصفح إلى جانب استبيانات ومقابلات مع المستخدمين، حدد البحث  5000استمرت عشرة أيام، شملت تحليل أكثر من 
لزيارة، والتفاعل، تتوافق مع أربع فئات أساسية من مهام الويب: المعلوماتية، والمعاملاتية، أنماطاً مميزة في التنقل، وإعادة ا

والتنقلية، والاجتماعية. يوضح النموذج كيف يكيّف المستخدمون استراتيجياتهم لتلبية متطلبات معرفية مختلفة والتغلب على 
ية. ومن خلال الجمع بين البيانات الكمية والرؤى النوعية، تحديات قابلية الاستخدام مثل فرط المعلومات والمخاوف الأمن

يقدّم البحث إطاراً ذا صلاحية بيئية يعكس ديناميكيات التفاعل الواقعية على الويب. ويوفر نموذج المهام الناتج أساساً لتصميم 
  .نأدوات ويب أكثر سهولة وتمحوراً حول المستخدم، تتماشى مع السلوكيات الطبيعية للمستخدمي

 
 التفاعل بين الانسان والحاسوب، مهام المستخدم، خبرة المستخدم، نمذجة المهام، مستخدم الويب الكلمات المفتاحية:

Introduction 
     The internet has become a primary source of information, hosting billions of web pages accessible 
through browsers that retrieve and display data from web servers. As users navigate this vast 
information space, they engage in a wide range of online activities, searching, reading, comparing, 
sharing, and more, each often driven by broader goals known as web tasks. These tasks represent 
users’ underlying intentions, such as seeking knowledge, making decisions, or completing transactions. 
Understanding these tasks is essential for designing systems that genuinely support user needs [1, 2]. 
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However, many of the existing task models are outdated, developed during a time when the web was 
largely static and dominated by traditional search engines. These early frameworks fail to reflect the 
evolving nature of online behavior, especially with the emergence of social networks, mobile platforms, 
and task-diverse applications that now shape how users interact with information. The addition of 
platforms like Facebook, X (formerly Twitter), and Instagram has introduced new behaviors and blurred 
the lines between searching, socializing, and sharing [3, 4, 5]. 
     Prior research, such as [1], [4], and [5], identified task categories like information gathering, fact-
finding, transacting, and browsing. While foundational, these models were created more than a decade 
ago under different technological conditions. Previous task categorizations—particularly the work 
presented in [6], remain widely cited but have not been meaningfully updated to capture the 
complexities introduced by modern platforms. Given the rapid evolution of web services and user 
practices, especially in different cultural and regional settings, there is a clear need to revisit and refine 
these classifications [7, 8]. 
     This study addresses that gap by investigating web task performance in a contemporary and 
culturally distinct context. It places special emphasis on how the nature of tasks has shifted due to the 
growing role of social media, multi-purpose platforms, and adaptive behaviors such as multi-tabbing, 
cross-platform continuity, and real-time content monitoring [9, 10]. Earlier models of web task 
classification, while useful, overlook these dynamics and therefore risk misrepresenting user intent and 
providing incomplete guidance for system design. 
     The model proposed in this study incorporates both behavioral signatures (e.g., revisitation 
frequency, navigation strategies, and engagement depth) and qualitative insights (capturing 
motivations, frustrations, and adaptive strategies). This dual perspective improves the accuracy of task 
identification and increases the ecological validity of task categories, making them better aligned with 
real-world usage patterns. The primary contribution of this research is the development of a 
comprehensive, user-informed task model that reflects the realities of modern web interaction. By 
bridging the gap between outdated taxonomies and current practices, the study not only enhances 
understanding of online behavior but also provides actionable insights for designing more intuitive, 
adaptive, and user-centered web tools. 
     The paper is structured as follows: Section 2 reviews prior work on web user tasks and classification 
models. Section 3 explains the study’s methodology, including data collection and analysis. Section 4 
presents findings from behavioral logs and user feedback. Section 5 discusses their implications for 
web interaction design. Section 6 offers recommendations for future web tools, and Section 7 concludes 
with key contributions and directions for future research. 
Literature Review  
     Understanding how users perform tasks on the web requires grounding in both theoretical models 
and empirical studies. This section reviews the progression of research on web user behavior and task 
classification. As the internet evolved from a static information space to a dynamic and socially 
interactive environment, early models, while foundational, no longer capture the complexity of modern 
web usage. This review identifies the key frameworks that have shaped the field, highlights their 
limitations in light of current trends, and demonstrates the need for an updated task model that 
accommodates today's behaviors, such as multi-tasking and social media engagement. 
Foundation: User Tasks and Task Models 
     A "user task" is more than a single interaction, it is a purposeful sequence of actions aimed at 
achieving a specific goal. Examples include planning a trip, conducting research for an assignment, or 
making an online purchase. Task models, in turn, provide structured representations of these activities, 
outlining subtasks, decision points, and potential obstacles. In web science and Human-Computer 
Interaction (HCI), task models help researchers and designers understand user workflows and improve 
system design. However, accurately modeling user tasks depends on the ability to infer user intent from 
observable behavior. This challenge is central to task classification research and underscores the 
motivation for this study. 
Evolution of Task Classification 
     The understanding of web task classification has evolved alongside changes in online behavior and 
technology. Early approaches focused on broad user goals, but modern perspectives recognize that 
web tasks are multi-dimensional, shaped by behavioral patterns, contextual factors, and social 
interactions. This evolution reflects a shift from static, predefined categories toward dynamic models 
that better capture how users engage with the web today. 
Early Models: Search-Centric Intent 
     One of the earliest and most influential models was proposed by [2], who categorized web searches 
based on intent: navigational (to reach a specific site), informational (to acquire knowledge), and 
transactional (to complete an activity like purchasing). Broder’s taxonomy marked a shift from analysing 
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search queries in isolation to considering the underlying goals of users. However, it remained limited in 
scope, as it focused primarily on the search query rather than broader browsing behaviors. 
Behavior-Based Approaches 
     To overcome the limitations of query-based models, researchers such as in [1] adopted a session-
based approach, analysing logged browser data to classify tasks into categories like Fact-Finding, 
Information Gathering, Browsing, and Transacting. Their model was built on real-world behavior rather 
than assumed intent, offering a richer framework for understanding user activities. Nonetheless, these 
classifications were developed in an earlier web era and do not account for newer interaction modes, 
such as social engagement or multi-tabbed browsing. 
Contemporary Complexities and Gaps 
     Modern web environments present new challenges that earlier frameworks fail to address. Users 
now engage across multiple devices, platforms, and contexts, often switching seamlessly between 
social, informational, and transactional activities. These overlapping behaviors blur task boundaries and 
expose gaps in existing classifications, highlighting the need for updated models that reflect the fluid, 
interconnected nature of current web interactions. 
Social Media and Dynamic Interaction 
     A major evolution in web use has been the rise of social platforms. Modern users increasingly 
engage in social tasks, interacting with friends, sharing content, or following trends, which are not 
represented in earlier models. In addition, behaviors like informational monitoring (e.g., checking news 
feeds) blur the boundaries between task types, challenging the rigidity of existing taxonomies. The work 
presented in [11, 12] demonstrate that users frequently interact with dynamic content, requiring real-
time updates and continuous engagement, which current static models do not fully capture. 
Multi-tasking and Session Fragmentation 
     Modern browsing habits involve frequent task switching, multi-tabbing, and interrupted sessions. 
Users often juggle multiple goals within a single session, undermining the assumption that each session 
corresponds to a single task. Research by [7, 8] confirms that users frequently return to interrupted 
tasks, complicating the modelling of task sequences and intent. The research of [9, 10] highlight the 
prevalence of multi-tab browsing as a critical adaptive strategy, reflecting users’ need to manage 
complex tasks simultaneously and maintain cognitive control. 
Methodological Limitations 
     Previous studies often relied on quantitative system logs, which reveal what users do but not why. 
Such data omit important context, including user frustration, motivation, or goals not captured by online 
activity alone [13]. Some research, such as that by [4] and [14], used simulated environments, which 
may not reflect genuine behaviors. The need for methodological triangulation, combining log data with 
qualitative insights from surveys and interviews, is increasingly recognized. The work of [15] emphasize 
mixed-method approaches to capture the fragmented and often non-linear nature of task resumption 
and abandonment in real-world browsing. 
Advances in Web Task Modeling 
     Recent work has begun addressing the evolving complexity of web user tasks with advanced 
models. The work presented in [16] introduces task-aware behavior modelling to enhance personalized 
web experiences by dynamically adapting to user goals. The research in [17] proposes models that 
capture shifting user intentions over time, improving navigation support. The research in [ 81 ] focuses 
on the “search-first” strategy dominant in navigation, reinforcing search engines' critical role as primary 
task initiators and refiners. In addition, the work of [19] explores user trust and transparency in 
personalization features, a dimension essential for user acceptance in modern web tools. Challenges 
of cross-device continuity and call for seamless session synchronization were highlighted in [20], 
reflecting the multi-device realities users face. 
     The literature reveals a clear trajectory in task modelling, from simple query-based taxonomies to 
complex behavioral analyses incorporating social, multitasking, and device-crossing behaviors. While 
foundational models by [2], [6] and [21] continue to inform the field, they fall short in addressing the 
dynamic, socially rich, and fragmented nature of modern web use. The integration of social platforms, 
multitasking, and session fragmentation points to a new landscape of online activity that existing models 
fail to fully describe. This review justifies the need for a revised classification model reflecting 
contemporary user behavior and emphasizes employing mixed methods to capture both observable 
patterns and subjective user experiences. The next chapters detail a study designed to meet these 
needs, aiming to produce a user-informed framework for modelling online tasks in today's web 
environment. 
Methodology  
     This study employed a mixed-methods approach to investigate user web tasks by combining system-
level logging with self-reported data. A total of 15 participants, students and professionals, were 
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recruited to share their browsing history over a 10-day period, complemented by post-observation 
surveys and structured interviews. 
     The sample included 8 graduate students, 5 undergraduate students, and 2 working professionals, 
with ages ranging from 20 to 32 years and a balanced gender distribution. This demographic 
composition was chosen to capture variation in both academic and occupational contexts of web use. 
Across the study period, participants generated more than 5,200 webpage visits, providing a robust 
dataset for both quantitative and qualitative analysis, though the relatively small and localized sample 
limits broad generalizability. Browsing data was collected using BrowsingHistoryView, a tool that 
extracts detailed session data from major browsers. To support analysis, custom Python scripts were 
used for preprocessing, cleaning, feature extraction, and data transformation. 
     User behavior was modeled through the classification of web tasks, such as informational, 
transactional, navigational, and social, based on a combination of observed browsing patterns, session 
structures (including time on task, tab switching frequency, and revisit behavior), and insights derived 
from interview feedback. The classification process involved labeling segments of user activity 
according to task type, informed by both system logs and participants' own descriptions of their goals. 
This hybrid labeling approach ensured both behavioral accuracy and semantic validity in task 
categorization. 

 
Figure 1. Research Methodology 

 
     To automate the task recognition process and explore the potential for predictive systems, a series 
of supervised machine learning algorithms were trained, including Support Vector Machines (SVM), 
Decision Trees, and Random Forest classifiers. These models used extracted features such as URL 
domains, click sequences, session duration, and interaction flow as input variables. The models were 
evaluated using standard classification metrics, accuracy, precision, recall, and F1-score, to assess 
their ability to correctly infer user intent from behavioral data. Cross-validation techniques were applied 
to avoid overfitting, and feature importance analyses were conducted to understand which behavioral 
signals most strongly correlated with each task type. 
     This modeling effort not only demonstrates the feasibility of automatic task classification but also 
provides valuable insights into the behavioral signatures of different task categories. The results serve 
as a foundational step toward developing adaptive web interfaces that can dynamically respond to 
inferred user goals. To ensure contextual understanding, system-logged data was triangulated with 
survey responses and interviews, capturing users’ goals, navigation strategies, frustrations, and privacy 
concerns. This integration of quantitative and qualitative data allowed for a deeper understanding of 
user intent and behavior, overcoming limitations of system logs alone. The methodology followed in this 
research is depicted in Figure 1. The steps executed in this research are explained as follows. 
Data Collection 
This phase involved gathering both quantitative and qualitative data from participants to capture the 
multifaceted nature of user web behavior. System-logged data recorded key interaction metrics, such 
as page visits, navigation sequences, dwell times, and tab-switching frequency, providing an objective 
view of behavioral trends. In parallel, user-reported data was collected through post-observation 
surveys and semi-structured interviews, offering personal reflections, motivations, and contextual 
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explanations for observed patterns. Combining these complementary data sources ensured a more 
comprehensive and ecologically valid understanding of how users perform diverse web tasks in realistic 
settings. 
Task Annotation 
     Each user session was carefully labelled with a corresponding task type, informational, transactional, 
navigational, or social, based on observed behaviors and corroborating user feedback. Annotation 
relied on both automated indicators, such as revisitation frequency and interaction depth, and manual 
review of qualitative notes to confirm intent. To enhance reliability, subsets of data were cross-checked 
by multiple reviewers, and inter-rater agreement was verified to ensure classification consistency. This 
systematic process helped minimize subjective bias and establish a dependable ground truth for 
subsequent model training. 
Model Training 
     Supervised machine learning algorithms were employed to classify user sessions into the predefined 
task categories. Models such as Support Vector Machines (SVM), Decision Trees, and Random Forests 
were trained using extracted behavioral features, including session duration, domain transitions, click 
depth, and revisit intervals. The training process aimed to capture distinctive interaction signatures that 
differentiate task types, enabling automated recognition of user intent. Feature selection techniques 
were also applied to optimize model performance and reduce noise, ensuring that only meaningful 
behavioral predictors contributed to the classification process. 
Evaluation 
     The performance of the trained models was evaluated using standard classification metrics, 
accuracy, precision, recall, and F1-score, to provide a balanced assessment of predictive quality. Cross-
validation techniques were applied to prevent overfitting and ensure the robustness of results across 
users and task contexts. In addition, confusion matrices were examined to identify patterns of 
misclassification, particularly in overlapping categories such as informational versus social tasks. This 
systematic evaluation not only validated the feasibility of automated task detection but also offered 
insights into areas where the models could be further refined. 
Insight Generation  
     Following the evaluation phase, task-level insights were derived by integrating quantitative model 
outputs with qualitative interpretations from participants. Comparative analyses revealed differences in 
task performance across platforms, highlighting how users adapted their behaviors when operating 
within search engines, academic portals, and social media environments. Notably, social platforms 
exhibited higher multitasking tendencies, while search-based environments supported more focused 
goal pursuit. These insights contribute to understanding platform suitability, user preference dynamics, 
and behavioral variability, laying the groundwork for more adaptive and user-aware web systems. 
Results 
     The results of the 10-day user study reveal a complex and multi-dimensional landscape of web-
based behavior. Drawing from over 5,000 logged browsing events and enriched by user-reported 
feedback through surveys and structured interviews, the analysis identified recurring behavioral 
signatures tied to four core web task categories: informational, transactional, navigational, and social. 
The integration of quantitative metrics and qualitative insights produced a robust, ecologically valid 
picture of how users interact with the web in realistic contexts. Importantly, these results not only confirm 
the persistence of traditional task types but also demonstrate shifts that existing models fail to fully 
capture. 
Revisitation and Task Structure 
     Revisitation patterns emerged as strong indicators of both task type and temporal intent. Users 
revisited dynamic content platforms such as news sites and social media with high frequency—
averaging 4.2 revisits per hour during active sessions. This behavior was primarily driven by the desire 
for real-time updates and habitual engagement, reflecting the fast-paced, ever-changing nature of 
modern content. 
     In contrast, informational and transactional tasks displayed a more sequential revisitation pattern. 
Users returned to relevant pages an average of 2.1 times per session, often to compare details or verify 
information. For example, during shopping or academic research, participants rechecked content 
deliberately, signaling a cognitive demand for accuracy and confirmation. Administrative tasks, such as 
bill payments or account management, showed intermittent revisits characterized by short, purposeful 
sessions averaging under 5 minutes. 
     These distinct revisitation frequencies reveal how content type and user goals shape navigation 
loops. While older models (e.g., Broder’s taxonomy [10]) emphasized search versus browse behaviors, 
our findings show that habitual revisits and continuous monitoring, particularly for social and dynamic 
content, represent a newer dimension that was not captured by early categorizations. 
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Session Duration and Engagement Levels  
     Time-based metrics further differentiated task types by cognitive demand. Pages with average dwell 
times exceeding 2 minutes accounted for 35% of visits, linked to high-engagement activities such as 
reading, form completion, or video watching. In contrast, visits under 30 seconds made up 40% of all 
visits, often transactional or quick lookups. Extended browsing sessions lasting over 30 minutes 
occurred in about 15% of cases and were typical of exploratory or multi-threaded tasks involving an 
average of 8 open tabs. 
     These results highlight the non-linear and adaptive strategies users employ to manage complex 
information environments. Earlier models described browsing largely as linear or goal-driven, but our 
findings suggest that multitasking and prolonged multi-tab exploration have become defining features 
of modern web interaction. 
Navigation Strategies and Entry Points  
     Session flows showed four dominant navigation behaviors: direct URL entry (28%), bookmark use 
(15%), hyperlink traversal (35%), and search engine initiation (70%). Direct URL entry was most 
common in transactional and navigational tasks, reflecting predefined goals. Bookmark use suggested 
task routinization. Informational tasks relied heavily on hyperlink traversal combined with iterative 
searches. 
     The dominance of search engine initiation (70% of sessions) underscores the centrality of search as 
the modern entry point for nearly all task types. Earlier task models assumed browsing often started 
with a website or portal, but our findings confirm a search-first paradigm that aligns more closely with 
today’s task execution patterns. 
Cross-Validation with Self-Reported Task Types 
     Participant self-reports closely matched system-inferred categories, with 85% alignment. 
Informational tasks (40%) were described as open-ended research, often accompanied by fatigue from 
information overload. Transactional tasks (25%) elicited frustration due to interface complexity. 
Navigational tasks (20%) were fast and efficient. Social tasks (15%) were emotionally driven, repetitive, 
and associated with concerns over relevance and privacy. This strong alignment validates the 
classification model and shows that task types remain meaningful to users themselves, even as their 
execution has evolved. Compared to earlier models, however, the addition of social tasks as a distinct 
category highlights the inadequacy of older frameworks that ignored socially driven behavior. 
Usability Challenges and Behavioural Impacts 
     Participants reported multiple pain points: 65% cited navigation complexity and content overload, 
leading to task abandonment. Security concerns were prominent in transactional tasks (50%), while 
40% noted cross-device disruptions. Additionally, 55% said ads and distractions reduced concentration. 
These issues correlated with measurable outcomes such as a 20% decrease in session length and a 
30% increase in tab switching. These findings demonstrate that usability barriers directly shape task 
behaviors, not just user satisfaction. Earlier models treated tasks as stable categories, but our results 
show that contextual disruptions (ads, security, device switching) play an equally important role in 
shaping how tasks unfold. 
Strategic User Behaviours  
     Despite challenges, users adopted adaptive strategies. Multi-tabbing was common (70%), especially 
in research and shopping. Over 80% followed a “search-first” approach, while 75% favored minimalist 
interfaces. Personalization features had mixed reception, 60% valued relevance, but 50% raised 
transparency concerns. These strategies reveal how users actively compensate for system 
shortcomings. While early models assumed tasks were structured by system design, our findings 
highlight the agency of users in shaping workflows, a dimension missing from prior taxonomies. 
Triangulated Interpretations 
     The mixed-methods approach yielded strong triangulation: 85% of logged behaviors matched self-
reports. Qualitative responses uncovered subtle practices like offline comparison and deferred 
resumption that were invisible in logs. This reinforces that the use of behavioral logs alone is insufficient. 
Earlier models relied on either observational or log data, but our results show that only by combining 
methods can we capture the full richness of web task behavior. 
Discussion 
     The findings reveal that users’ web behaviors are profoundly shaped by their goals, cognitive 
demands, and the contextual environment of each task. The behavioral patterns observed across 
revisitation, session duration, navigation, and usability challenges emerged because users naturally 
adapt their strategies to fit the specific requirements and constraints of different task types. 
Revisitation Patterns Reflect Task Content and User Intent 
     The high revisit frequency on dynamic platforms like news sites and social media (averaging 4.2 
revisits per hour) arises from the continuous flow of new information and users’ desire for real-time 
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updates and social engagement. This habitual checking is driven by the fast-paced, ever-changing 
nature of such content, creating a feedback loop that reinforces frequent return visits. Meanwhile, 
informational and transactional tasks involved more deliberate, sequential revisits (about 2.1 times per 
session), as users needed to verify and compare content carefully, reflecting the cognitive effort 
required for accuracy and decision-making. Administrative tasks showed less frequent but purposeful 
revisits with short durations, corresponding to users’ need for efficiency and task completion within 
limited time frames. 
Session Duration Reflects Cognitive Load and Task Complexity  
     Longer sessions, particularly those over 30 minutes with multiple open tabs, were common in 
exploratory and multi-threaded tasks, where users engage in deep processing, cross-referencing, and 
synthesis of information. This reflects the inherently non-linear nature of complex information seeking. 
Conversely, shorter sessions, often under 30 seconds, were typical for transactional or quick lookup 
tasks, where users prioritize rapid goal completion. The distribution of session lengths underscores how 
users balance thoroughness and efficiency based on task demands. 
Navigation Strategies Align with Familiarity and Task Goal  
     Users’ reliance on direct URL entry (28%) and bookmarks (15%) during navigational and 
transactional tasks indicates prior knowledge and routine behaviors that reduce cognitive effort and 
streamline access. In contrast, hyperlink traversal and iterative search queries dominated informational 
tasks, illustrating adaptive exploration when users lack specific targets. The predominance of search 
engine initiation (over 70% of sessions) underscores their role as essential tools for filtering vast web 
content and guiding users toward relevant resources, particularly when task goals are open-ended or 
uncertain. 
Usability Challenges Drive Behavioral Adjustment 
     Reported pain points such as navigation complexity (65%), content overload, and security concerns 
during transactions (50%) contribute to task abandonment, detours, and reduced engagement. Cross-
device inconsistencies (40%) disrupt workflow continuity, highlighting challenges in today’s multi-device 
environment. These barriers explain behavioral patterns like shortened session lengths, increased tab 
switching, and elevated bounce rates, as users try to cope with frustration and maintain control. 
Adaptive Strategies Emerge to Manage Complexity and Enhance Control 
     Users’ frequent use of multi-tabbing (70%) and a “search-first” approach (80%) demonstrate 
proactive efforts to handle cognitive and informational complexity. Opening multiple tabs facilitates 
comparison and multitasking, while iterative searching enables continuous refinement of information. 
Preferences for minimalist, visually clear interfaces (75%) reflect a desire to minimize distractions and 
cognitive load, supporting better focus. Mixed reactions to personalization, valued by 60% for relevance 
but questioned by nearly half for transparency, highlight users’ need for both convenience and control, 
underscoring trust as a key factor in adoption. 
Importance of Mixed- Methods for Capturing Full Behavior Spectrum 
     The strong alignment (85%) between logged behavior and self-reported motivations confirms that 
observed actions reflect users’ intent. However, qualitative insights uncovered subtle behaviors, such 
as offline comparison and deferred task resumption, which are invisible to system logs. This 
demonstrates the necessity of integrating qualitative data to reveal the full complexity of user 
interactions and better inform design. 
The Conceptual Task Model 
     The Conceptual Task Model provides a holistic view of how users navigate the web, capturing the 
fluid and interconnected nature of online behavior. Rather than treating web activities as discrete and 
static categories, the model emphasizes that user goals often overlap, evolve, and influence one 
another within a single session. By integrating task categories, universal behavioral influences, and 
transitional mechanisms, it offers a comprehensive framework for understanding how users search, 
interact, and shift between objectives in a dynamic digital environment. The model (depicted in Figure 
2) is organized into three key components. 
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Figure 2. The Task Model  

Core Task Categories (Centre) 
     At the center of the taxonomy lie five core categories that capture the primary purposes behind user 
activities on the web. Informational tasks involve seeking knowledge, explanations, or factual content 
to satisfy curiosity or support decision-making. Transactional tasks are goal-oriented, focusing on 
completing specific exchanges such as online shopping, reservations, or bill payments. Navigational 
tasks reflect users’ intent to locate a specific website, platform, or digital resource efficiently. Social 
tasks encompass interpersonal communication, networking, and participation in online communities 
through sharing, commenting, and collaboration. Finally, administrative tasks involve managing digital 
identities and services, such as updating profiles, adjusting settings, or monitoring account activities. 
Together, these categories form the foundation for analyzing user intent and behavior across diverse 
online contexts. 
Universal Influencers (Left Side) 
     Positioned on the left of the taxonomy, these elements represent broad factors that influence user 
behavior across all types of web tasks. Search engine use remains the dominant entry point for most 
online activities, particularly in informational and transactional contexts, where users rely on search 
algorithms to locate relevant content or services quickly. Multi-tabbing and multi-tasking behaviors 
reflect users’ tendency to navigate several pages or perform parallel tasks simultaneously, enabling 
comparison, verification, and greater efficiency. However, this behavior also introduces cognitive strain 
and fragmented attention. Usability challenges, including poor interface design, confusing navigation, 
and information overload, persist as universal obstacles that hinder effectiveness and lower user 
satisfaction. Together, these influencers provide a cross-cutting layer that shapes how users approach, 
manage, and experience their online tasks. 
Transitional Mechanisms (Grey Nodes) 
     The grey nodes represent the dynamic bridges that connect different task categories, illustrating how 
users fluidly transition from one activity to another during a typical web session. Switching and content 
verification occur when users move between researching and purchasing, such as comparing product 
details before completing a transaction, demonstrating the interplay between informational and 
transactional behaviors. Hyperlink traversal and iterative search describe how users follow embedded 
links or refine queries to dive deeper into topics or reach transactional goals from initial informational 
content. Direct URL access and bookmarks support goal-oriented navigation, often serving as a 
gateway to subsequent actions like logging into accounts or managing payments. Similarly, notifications 
and messages act as social triggers that transform a simple navigational visit into a communicative or 
interactive session. Dynamic content and news feeds further blur task boundaries by constantly 
presenting new material that shifts users between informational, social, and navigational purposes. 
Finally, specialized activities, such as accessing administrative or transactional portals, represent 
deliberate transitions into focused tasks. 
     Overall, these transitional mechanisms highlight that web activity is rarely linear or isolated. Instead, 
users continually weave between tasks, researching, comparing, transacting, and socializing, within a 
single browsing flow. Recognizing these fluid connections underscores the importance of designing 
adaptive web systems that accommodate multitasking and contextual transitions rather than rigidly 
segmenting user behavior. 
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Recommendation  
     Designing effective web tools requires careful consideration of the distinct behaviors and needs 
associated with different task types. For dynamic content platforms like news sites and social media, 
where users frequently revisit pages driven by the desire for real-time updates, it is essential to provide 
features such as live content refresh, notification alerts, and easy access to frequently visited pages. 
Tools that support quick bookmarking, session saving, or “read-later” lists can help users manage their 
habitual checking more efficiently, reducing friction during these fast-paced, information-rich tasks. 
For more complex informational and transactional tasks, where users engage in deep research or 
comparison shopping, web tools should facilitate multi-threaded browsing through robust tab 
management and grouping capabilities. Offering side-by-side content comparison or split-screen views 
can assist users in verifying and cross-referencing information with greater ease. Enhanced search 
refinement features, including query suggestions, filters, and search history, are also valuable to support 
iterative searching, which is a common behavior during these tasks. 
     In contrast, navigational and routine transactional tasks benefit from streamlined navigation features. 
Customizable bookmarks, one-click navigation shortcuts, and autofill forms can significantly speed up 
users’ workflows when performing frequent, goal-oriented activities like checking email or managing 
accounts. Clear and consistent workflows with progress indicators help reduce confusion and errors, 
particularly during sensitive transactional processes such as payments. 
     Usability challenges, such as navigation complexity and content overload, highlight the importance 
of minimalist and intuitive interface designs. Web tools should prioritize simple menu structures, clear 
visual hierarchies, and progressive disclosure of information to minimize cognitive load and prevent 
user frustration. Additionally, integrating transparent security indicators and privacy controls is critical 
to build user trust and reassure them during transactional activities. 
Given the widespread use of multiple devices, supporting cross-device continuity is crucial. Web tools 
need to enable seamless session synchronization so that users can pause tasks on one device and 
resume on another without losing context. Cloud-based session storage and accessible browsing 
history across devices can preserve workflow continuity, reducing disruption and frustration. 
     Adaptive user strategies, such as frequent multi-tabbing and search-first behaviors, should be 
accommodated through features that allow easy tab switching, tab grouping, and highly accessible 
search inputs. Furthermore, providing options for interface customization and personalization can 
enhance user control and satisfaction. However, personalization must be accompanied by clear 
explanations and transparency regarding data use to maintain trust. 
     Finally, capturing the full spectrum of user behavior requires integrating qualitative insights into tool 
design. Embedding feedback mechanisms or user diaries can help surface offline and deferred task 
behaviors that are not visible in system logs. Context-aware help and suggestions that respond to 
patterns of hesitation, backtracking, or confusion can further support users in navigating complex tasks 
and reduce abandonment rates. 
Conclusion 
     This study contributes to the evolving understanding of web-based behavior by re-examining task 
categories in the context of modern online practices. By integrating system logs with user-reported 
feedback, it offers a more ecologically valid model of web task performance that moves beyond 
outdated frameworks. The key contribution lies in the development of a comprehensive, user-informed 
task model that incorporates behavioral signatures and qualitative insights. The model developed 
reflects the realities of contemporary web interaction more accurately than earlier approaches. In so 
doing, the study not only validates persistent categories such as informational, navigational, and 
transactional tasks but also emphasizes the growing importance of socially driven and adaptive 
behaviors. 
     Nevertheless, the study has limitations that should guide interpretation. The relatively small sample 
size (15 participants) and the regional focus restrict the generalizability of findings. While the dataset of 
over 5,200 browsing events provided depth, a broader and more diverse sample is needed to capture 
the full spectrum of global web behaviors. Moreover, the reliance on self-reports introduces subjectivity, 
despite triangulation efforts. 
     Future research should build upon these findings in several ways. First, real-time task detection 
systems that leverage behavioral signals could provide immediate support for user goals, enhancing 
adaptive interface design. Second, cross-cultural studies are needed to examine how task categories 
and strategies vary across different social, linguistic, and technological contexts. Finally, longitudinal 
analyses would help track how evolving platforms (e.g., AI-driven search engines, social commerce 
apps) continue to reshape user task behavior. By pursuing these directions, future work can extend the 
present framework into more scalable, generalizable, and actionable models for designing user-
centered web systems. 



30 | Afro-Asian Journal of Scientific Research (AAJSR)  

 

 
References  
[1] M. Kellar, C. Watters, and M. Shepherd, “A goal-based classification of web information tasks,” in 

Proceedings of the 69th Annual Meeting of the American Society for Information Science and 
Technology (ASIS&T), Austin, TX, USA, Nov. 3–8, 2006, pp. 1–10. 

[2] A. Broder, “A taxonomy of web search,” SIGIR Forum, vol. 36, no. 2, pp. 3–10, Fall 2002. doi: 
10.1145/792550.792552. 

[3] A. Alhenshiri, C. Watters, and M. Shepherd, “Improving web search for information gathering: 
Visualization in effect,” in Proceedings of the 25th ACM Symposium on Applied Computing (SAC), 
New Brunswick, NJ, USA, Mar. 2010, pp. 1–6. 

[4] A. H. B. Alhenshiri, C. Watters, and M. Shepherd, “User behaviour during web search as part of 
information gathering,” in Proceedings of the 44th Hawaii International Conference on System 
Sciences (HICSS-44), Koloa, Kauai, HI, USA, Jan. 4–7, 2011, pp. 1–10. doi: 
10.1109/HICSS.2011.470. 

[5] A. Alhenshiri, C. Watters, and M. Shepherd, “Building support for web information gathering tasks,” 
in Proceedings of the ACM Conference on Human Factors in Computing Systems (CHI 2012), 
Honolulu, HI, USA, Jan. 4–7, 2012, pp. 1–8. 

[6] M. Kellar, C. Watters, and M. Shepherd, “The impact of task on the usage of web browser navigation 
mechanisms,” Technical Report, Faculty of Computer Science, Dalhousie University, Halifax, Nova 
Scotia, Canada, 2006. 

[7] B. MacKay and C. Watters, “Understanding and supporting multi-session web tasks,” in Proceedings 
of the American Society for Information Science and Technology (ASIS&T) Annual Meeting, 
Columbus, OH, USA, 2008, Poster Presentation. 

[8] J. He and E. Yilmaz, “User behaviour and task characteristics: A field study of daily information 
behaviour,” in Proceedings of the ACM SIGIR Conference on Human Information Interaction and 
Retrieval (CHIIR ’17), Oslo, Norway, Mar. 2017, pp. 67–76. doi: 10.1145/3020165.3020180. 

[9] J. Huang and I. Benbasat, “The effects of interface design on multi-tab browsing and task switching,” 
ACM Transactions on Computer–Human Interaction (TOCHI), vol. 27, no. 2, Art. 9, pp. 1–28, Apr. 
2020. doi: 10.1145/3379501. 

[10] T. Nguyen and K. Singh, “Multi-tab browsing: Patterns and implications for browser design,” 
International Journal of Human–Computer Interaction, vol. 36, no. 12, pp. 1140–1154, 2020. doi: 
10.1080/10447318.2020.1753333. 

[11] D. Bodoff, “Understanding user navigation patterns in complex web environments,” Journal of Web 
Engineering, vol. 20, no. 4, pp. 303–321, 2021. doi: 10.13052/jwe1944-3994.2049. 

[12] X. Chen and W.-T. Fu, “Exploring multi-task browsing behavior with cognitive load implications,” 
International Journal of Human–Computer Studies, vol. 140, p. 102429, 2020. doi: 
10.1016/j.ijhcs.2020.102429. 

[13] U. Lee, Z. Liu, and J. Cho, “Automatic identification of user goals in web search,” Technical Report, 
Department of Computer Science, University of California, Los Angeles (UCLA), 2005. 

[14] A. Alhenshiri and H. Badesh, “The effect of user search behaviour on web information gathering 
tasks,” in Proceedings of the 6th IEEE International Conference on Digital Information Management 
(ICDIM), Melbourne, Australia, Sept. 2011, pp. 292–297. doi: 10.1109/ICDIM.2011.6093353. 

[15] T. Lau and J. Zhao, “Mixed-method approaches to understanding online task fragmentation and 
resumption,” Journal of the Association for Information Science and Technology (JASIST), vol. 73, 
no. 1, pp. 32–46, 2022. doi: 10.1002/asi.24508. 

[16] J. Dai and B. Mobasher, “Task-aware web user behavior modeling for personalized 
recommendations,” Information Processing & Management, vol. 56, no. 4, pp. 1414–1429, Jul. 
2019. doi: 10.1016/j.ipm.2019.04.001. 

[17] Y. Li, X. Liu, and H. Yu, “Modeling dynamic user goals for improved web navigation support,” User 
Modeling and User-Adapted Interaction, vol. 33, no. 1, pp. 1–27, 2023. doi: 10.1007/s11257-022-
09332-1. 

[18] F. Wang and Z. Liu, “Search-first strategies in web navigation: Evidence from log analysis,” 
Information Processing & Management, vol. 56, no. 5, pp. 1824–1838, 2019. doi: 
10.1016/j.ipm.2019.06.005. 

[19] R. Martinez and Q. Li, “Impact of web personalization transparency on user trust and control,” 
Computers in Human Behavior, vol. 124, p. 106900, 2021. doi: 10.1016/j.chb.2021.106900. 

[20] Y. Zhao and D. He, “Cross-device continuity challenges and solutions for web users,” ACM 
Computing Surveys (CSUR), vol. 54, no. 3, Art. 56, pp. 1–34, Jun. 2022. doi: 10.1145/3488521. 

[21] M. Kellar and C. Watters, “Using web browser interactions to predict task,” Technical Report, 
Faculty of Computer Science, Dalhousie University, Halifax, Nova Scotia, Canada, 2006. 


