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Abstract 

 

Clickstream data, the digital footprint of a user’s online browsing activity, offers a unique 

window into an individual’s interests and intentions. This work showcases a machine learning 

framework designed to classify website visitors by job function using features crafted from 6 

months’ worth of server-side clickstream data. These predicted job functions can be used to 

send targeted communications to end users of a low-code B2B service in order to boost 

engagement. The study finds success at differentiating developers, the key users, from other job 

roles based on their use of the company website.  
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Introduction 

 The global B2B (Business to Business) market was valued at over 7 trillion USD in 

2022 with an expected 18% compounded annual growth rate through the year 2030 (Vantage 

Market Research 2022). The booming industry has attracted much attention from researchers 

examining the B2B buying process, specifically the interaction between the supplier and the 

key decision-makers of the buying firm. One group often left out of this research is the end 

user. End users are the people actually using the product in question on a day-to-day basis 

without necessarily playing a role in its purchasing (Vivek 2012). Many B2B companies operate 

under a recurring revenue model, relying on customer firms to continue their subscriptions to 

stay afloat. As end users are the ones using the product, keeping them engaged is crucial to 

ensuring this happens (Amy Greiner Fehl 2023). To take steps to boost engagement among end 

users, it is first crucial to get an idea of who they are.  

 In the era where data is the new currency, understanding user behavior online has 

become a cornerstone for businesses to get to know their customer base. Clickstream data, the 

electronic record of a user’s journey across a website, offers a wealth of information that can 

provide a profound window into a user’s intent and preferences (Randolph E. Bucklin 2002). 

When analyzed effectively, it can yield insights that allow for effective user targeting, 

capitalizing on discovered interests. Clickstreams have been used widely as a tool for predicting 

customer actions (will a browsing session lead to a purchase conversion), but their use in 

grouping users into well-defined demographic segments like job roles has been minimal. B2B 

products are designed to be used in the workplace, so knowledge of an end user's job role could 

significantly boost the effectiveness of promotional content for features pertaining to a specific 

function. 

 This thesis, conducted on behalf of OutSystems, utilizes clickstream data to classify 
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visitors of the OutSystems website according to their job function, with the specific intent of 

recognizing developers. The website holds content for both stakeholders with purchasing power 

and end users, acting as a one-stop shop for all parties involved, aligning a user’s website usage 

with their usage of the product. Knowledge of a user’s job function will not only give 

OutSystems a better idea of who is using their product, who is the end user, but will also provide 

the opportunity for personalized promotions to help retain and boost engagement. Users 

identified as developers can receive information tailored to development.  

 All steps for the classification are presented from the selection criteria of studied users, 

data preprocessing, feature engineering, model selection, to the results. Sections are broken 

down as follows: Literature Review, Data, Data Preprocessing and Feature Engineering, 

Methodology, Experimental Setting, Results and Conclusion. 

OutSystems 

 OutSystems provides a low-code development platform offering businesses a means to 

create, deploy, and oversee omnichannel applications for enterprise use. Recognized as an 

industry leader by both Gartner and Forester, the company has clients across 22 industries, 

including retail, pharmaceuticals, and banking (OutSystems 2023). This study will focus on the 

OutSystems website, which, in addition to information on pricing and purchasing, houses 

training content, documentation, certifications, a trial portal for cloud development, and a 

community hub for asking and answering questions about OutSystems development. While 

OutSystems is predominately sold as a service to businesses, the vast adoption of the platform 

has created a market for OutSystems professionals. Website visitors include potential 

customers, existing clients, and people trying to learn how to use the platform to upskill.  

Literature Review 

End User Engagement  

 Despite not being actively involved in the purchasing process, the end user's opinion 



 
 

4  
 
 
 
 

still weighs heavily in the procurement and continued procurement of B2B products (Amy 

Greiner Fehl 2023). End users can act as internal advocates for the product provided it serves 

their needs effectively.  Recent research has highlighted that a deep understanding of end-user 

preferences is critical for creating valuable offerings (Homburg 2020). Homburg et al. 

conducted several interviews with corporate executives of global firms, with many highlighting 

the importance of looking to the end user for direction on product improvements based on their 

needs. They propose the adoption of an ‘end user priority’ suggesting that B2B firms turn away 

from the traditional approach of nurturing customer relationships with senior employees and 

turn their marketing focus towards creating value for end users, citing successes of this 

approach from 2014 onwards.  

Demographics-Based Personalization 

 To get in touch with the end user it is first required to get their attention. Demographic-

based marketing in a broad context allows businesses to concentrate on specific consumer 

behavior groups, leading to higher return on investment in marketing and sales campaigns 

(Martin 2011). Prior to the online era, a marketing campaign’s performance could only be 

measured indirectly through increasing revenues (De Bock 2010). With the advent of the web, 

it has become easier to observe a consumer’s interaction with promotions using measures such 

as click-through rates (H. Robinson 2005). It has been found that advertisements tailored to 

specific demographic characteristics of their viewers significantly increase engagement, 

suggesting demographic targeting is an effective way of getting a consumer’s attention. While 

demographic campaigns commonly focus on gender and age characteristics, job roles have been 

found to foster a strong sense of a group identity that can be used for targeting (Amy Greiner 

Fehl 2023). 

 Though the value of obtaining demographics is clear, collecting the information can be 

problematic in the anonymous world of the web. Website operators are left with two choices if 
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they want to capitalize on the value they hold: user registration with self-filled fields or 

purchasing the data from a third-party provider (De Bock 2010). User registrations come with 

their own drawbacks. They can be a barrier to entry to consumers, turning away users who 

would have otherwise continued browsing. They also have an inherent self-selection bias 

because users define their own characteristics. Purchasing extensive data from a third party, 

however, remains expensive and will most likely not cover the entire user base.  

 Demographics can be used for a wide variety of personalization. In the B2B case 

knowing an end user’s job function can allow a firm to interact with them on matters 

surrounding their work. 

Clickstream Data 

 Clickstream data represents the electronic record of an individual’s activity on the 

internet (Sismeiro 2009). The term commonly describes the sequence of HTTP requests made 

to a website (Gang Wang 2017). These requests imply the explicit interaction of a user with 

page, such as clicking a link or button or other related actions. Each request or event is attributed 

to a specific cookie ID. A user’s clickstream effectively acts as a view of their choices as they 

navigate a website. Assuming users value their time and click with intention, these choices 

provide valuable insights into their interests. Such insights not only provide a more in-depth 

view into the behaviors of customers whom the company already knows (previously identified 

groups of users) but, with the advent of machine learning, clickstreams can serve as a means of 

classifying unknown users into meaningful segments.  

Clickstream Classification Research  

 The classification and prediction of user actions using server-side clickstream data has 

garnered significant attention from researchers. Studies surrounding clickstreams typically fall 

under two categories: content mining and usage mining. Content mining strives to uncover 

actionable insights by considering text content within a user’s visited pages as well as within 
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URLs themselves. Usage mining examines what pages a user visits, often in what order, and 

what actions, if available they took there.   

 Usage mining has been used to address a wide range of classification problems, with 

researchers utilizing both supervised and unsupervised approaches. Supervised learning models 

are trained using labeled datasets to predict specific outcomes. This approach is particularly 

suitable for situations when the desired class distinctions are known, and information on a 

subset of data exists that can be used to train a model accordingly. Perhaps the most heavily 

researched application of clickstream data has been its potential for modeling purchasing 

outcomes within the e-commerce industry. One such study conducted by Borja Requena et al. 

examines user intent using minimal clickstream data from an e-commerce platform, 

demonstrating the viability of both hand-crafted features fed through an XGBoost classifier and 

an LTSM deep learning model applied to event sequences at predicting purchase outcomes 

(Borja Requena 2020). This study highlighted the potential for early state prediction, needing 

as little as five click events to make accurate predictions.  

 While classifying users as buyers or window shoppers showcases clickstream data’s 

prediction power, we are more interested in its ability to distinguish demographic groups. In 

another application of usage mining, De Bock and Vand den Poel make use of cross-site 

clickstream data to predict demographic profiles of website visitors for targeted online 

advertising (De Bock 2010). Their method revolves around converting clickstream patterns into 

an aggregate feature set containing variables like page visit frequency and day of the week visit 

numbers. They utilize a Random Forest classifier to predict gender, age, education level, and 

occupational categories. The study sees reasonable performance in both the binary gender 

classification and multi-class demographic predictions, falling off slightly for out-of-period 

data. The challenge of predicting gender and age groups was also taken on by Hu et al, who 

employed a discriminative model to associate webpages with demographic characteristics 
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which were then used to predict visitors’ demographic information through a Bayesian 

framework (Jian Hu 2007). Hu et al highlight the sparsity of clickstream data, implementing a 

smoothing technique that enhances the model’s ability to generalize observed behavior. 

 Clickstream data has also been used in circumstances where labels were not readily 

available in the quantities needed to train a supervised model. Wang et al. preform a study 

collecting clickstream data containing the sequence of clicks and time gaps between events 

from multiple Chinese social media sites with the goal of isolating the behavior of malicious 

users (Gang Wang 2017). Weighted graphs were built to represent similarity distances between 

sequences of different users. Clustering was then applied to these graphs to group users with 

similar behaviors under the hypothesis that malicious accounts would exhibit distinct behaviors. 

The approach was later successfully validated using known malicious accounts, once again 

affirming the power of browsing patterns as an identification tool.   

 The idea that content can be used for prediction was thoroughly explored by Brian 

Davidson, who made use of the HTML content of pages and the headers of requests and 

responses to predict a user’s future actions based on text similarity (Davison 2002). The study 

finds that a similarity ranking was moderately accurate at predicting a set of the following 

possible pages in a user’s browsing session. Similarly, Liu et al. propose a method to extract 

topics from URLs, making use of natural language processing to create a document-word 

frequency matrix that is transformed into a probability matrix using a Latent Dirichlet 

Allocation algorithm (Hongri Liu 2021). Multi-class classifiers were then trained using this 

matrix to classify user behavior into categories. While content mining provides an easy-to-grasp 

classification method, it suffers from scalability issues (Yoon Ho Cho 2002) . Larger websites 

house massive amounts of text content that would require serious computational resources to 

process and analyze. The text on these pages is also frequently updated, making it difficult for 

a model trained in one instance to remain relevant over time.  
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Data 

Server-Side Records  

 This work analyzes a user’s interaction with the OutSystems website to classify them 

according to their perceived job function. To accomplish this, server-side clickstream data was 

obtained. OutSystems records server-side events of various types. For the sake of this work, 

only page and track type events are considered. Page events record page views and can be seen 

as a user’s browsing history. Track type events record a user’s actions on a page such as button 

clicks, form submissions, downloads, and page closes among others. A complete list of possible 

activities can be found in the Appendix (A1). Each event is associated with a cookie identifier 

(from here on referred to as Anonymous ID), timestamp, URL, and user identifier (User ID) if 

the user has registered. Cookies are small text files stored on a device via a web browser. They 

are commonly used to store unique identifiers to recognize individuals (SalingerPrivacy 2020). 

User identifiers refer to the email associated with the Anonymous ID behind an event provided 

a user has made an account. Examples of both page and track type events can be found below.  

 
Example of Page and Track Type Events 

 Six months’ worth of server-side clickstream data was collected from March 1st to 

August 30th of the same year. This amounted to 22,826,754 events across 69,514 users. Of 

these, 11,030,574 were track type events and 11,796,180 were page types. As this classification 

was conducted with the aim of engaging with users through targeted emails based on their 

predicted job role, only users who signed up for an account are considered. A user has signed 

up if they have a non-null value for the User ID field at some point over the period. To avoid 

starting the analysis from the middle of a user's journey, only users who recorded their first 

action within the period, both in terms of Anonymous ID and User ID, were included. 
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Job Titles  

 Job titles were collected from the company’s CRM system (Customer Relationship 

Management). Our selection of website visitors includes both existing customers who pay (or 

work for a company that pays) for the product and potential customers utilizing the trial 

platform. As job titles will serve as the labels used for modeling, only users who have signed 

up with an email associated with a job title in the CRM are examined. A distribution of job 

titles can be found in the appendix (A2). 

Data Preprocessing and Feature Engineering 

User ID Mapping 

 Server-side events are recorded before and after a user has made an account. A link must 

be made between each Anonymous ID and their associated User ID to ensure the entirety of a 

user's journey is analyzed over the chosen period. This process is met with several challenges. 

The first is that cookie values are not set in stone but depend on the specific browser being used. 

Users can access the site from a different browser or clear their cookies, resulting in different 

Anonymous IDs, making it hard to recognize repeat visitors based on Anonymous IDs alone 

(Stephanie Flosi 2013). A second potential issue is that if a user has more than one account and 

uses the same browser for each, all accounts will be associated with the same Anonymous ID. 

A third rare case found within the data involves a shared computer in which a single 

Anonymous ID is associated with multiple accounts belonging to different users, making it 

impossible to distinguish between visitors.  

           To deal with these complications, a single universal identifier, UNIVERSAL_ID, was 

established by linking Anonymous IDs to their most frequently associated User ID. This 

identifier was then applied to Anonymous IDs before and after signing up to track users across 

the entirety of their site usage. It was determined that an Anonymous ID with two associated 

accounts could very well represent one individual's personal and business accounts, therefore 
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implying the same job role. Anonymous IDs associated with three or more accounts were not 

considered.  

 
Example User Journey 

The above shows an example of how a user's journey was tracked before and after 

signup through the added UNIVERSAL_ID identifier. This Universal ID was used as the link 

with the CRM system mentioned before.  

Features  

 Multiple previous works have highlighted the importance of time spent as an indicator 

of user interest. As each of our events is recorded alongside a timestamp, time spent was 

calculated by taking the difference in timestamps between a user’s successive page events. 

Google Analytics characterizes the end of a user session by 30 minutes of inactivity, so the 

calculated time spent variable was capped at 30 minutes, with the subsequent page event 

marking the beginning of a new session (Google 2023). The addition of a session variable 

allowed for the creation of aggregate session features such as time spent per session, average 

clicks per session, and unique pages per session, among others. A complete list can be found in 

the Appendix (A3).  

 The six months of clickstream data holds over 690,000 unique URLs, many of these 

stemming from URLs with personalized queries embedded (marked by the presence of a “?” 

within the URL) or specific forum entries. To transform these into something more manageably 

modeled on a personal computer, URLs were sliced only to contain information between the 

third and fourth slashes. These URL segments effectively act as ‘categories’. Country codes 
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were removed from URLs to ensure they did not appear in the list of segmented page paths and 

any remaining segments with queries were not considered, leaving us with 164 categories. 

These categories house events associated with URLs up to and after the fourth slash. Events 

with less than four slashes (home page events) were removed as they were assumed to hold no 

valuable information. As well as limiting complexity, slicing the URLs into segments is hoped 

to make the model more robust over time; while individual pages may change, sections are 

more likely to stay the same. Below are examples of categories created from raw URLs.  

 
Category Examples 

 To capture the activity component of track type events, activities were added as suffixes 

to categories. The category Training now contains subcategories Training_Close, 

Training_Download, Training_Submit, and so on. All events within Training are counted under 

both Training and their activity subcategory if applicable.  

Methodology  

 Many of the works that have made use of clickstreams classify or predict user behavior 

within a single session based solely on events collected during that session, for example, the 

prediction of user exits (Tobias Hatt 2020). In this work, users will instead be classified using 

the entirety of their recorded events over the chosen period. This choice was made for two 

reasons. The first is that OutSystems does not record session statistics. Session identifiers were 

a created variable using the best estimates of an industry leader (Google 2023). Because of this, 

we cannot know for sure where one session ends and another begins. The second is that this 

classification is based on the premise that users are repeat visitors; only users who sign up have 

been considered. Unlike in the e-commerce applications of clickstream research, we are not 
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concerned with what a visitor will do within a single session but instead with their displayed 

behavior over time.  

 A significant portion of the literature also makes use of the sequence of a visitor’s clicks 

as a factor for behavior-based classification. Sequence importance, however, falls off beyond 

the session level as visitors’ intentions might shift across sessions (Mitra 2020). Sequencing 

also typically involves the use of recurrent neural networks that are particularly good at dealing 

with data where order matters (Zachary C. Lipton 2015). These neural networks are complex 

models that can take significant time to train and take up considerable computational resources. 

Striving for a more simplistic approach, this work focuses on events at the footprint level. All 

recorded user events are considered without placing importance on where they fall in the scope 

of the user’s journey. As this work was conducted with production in mind, performance is a 

pivotal factor calling for less complexity. Therefore, focus is placed on where users clicked, not 

how they got there.  

 To effectively model a user’s browsing behavior across the OutSystems website on a 

footprint basis, primary importance is placed on the frequency of events, activities, and time 

spent across the created categories. To accomplish this, three pivot tables were created. The 

first shows the frequency of events a user has across categories, both page and track. This 

measures how many actions a user commits under a category, whether it be a page view or 

another interaction. The second shows which activities users performed across those categories, 

measuring what kind of interaction. The final pivot table shows the time a user spent under each 

category.  

 
Events Frequency Table  
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Activity Frequency Table  

 
Time Spent Table 

The tables were merged by Universal ID along with the earlier mentioned aggregate 

session features to form the final features that would be used to classify our users in a tabular 

format that accommodates the use of multiple machine learning frameworks (Ravid Shwartz-

Ziv 2022).  

Model Selection  

 Despite taking measures to limit the number of raw page paths considered by 

transforming URLs into categories, the feature table encompassing time spent as well as 

frequency of events and activities is still highly dimensional with 1438 columns. On top of that, 

only a subset of total users have events under certain categories, leaving many columns with an 

abundance of zero values, a sparsity challenge common when analyzing clickstream data (Jian 

Hu 2007). The chosen model, therefore, must be effective at handling both high dimensionality 

and sparse data.  

Tree Methods  

 Tree-based methods are among the most effective models when it comes to dealing with 

high-dimensional data (Cutler 2008). A tree is grown from a single node, the ‘root’, containing 

all the observations in a dataset. Observations from the root are then split into two branches 

based on their values for a selected feature. This process is continued with the tree making 

decisions at each new node, creating smaller, more specific groups based on different features. 

Eventually, the branch splitting process ends, leaving terminal nodes. To make classifications, 

new data is passed along the tree starting from the root until it reaches a terminal node and is 
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classified as the majority label of that node found in training.  

 Ensemble tree methods amalgamate the predictions of many trees to give an aggregated 

prediction. Random Forest is one such ensemble method that utilizes bootstrap samples and 

randomness throughout the tree growing process (Cutler 2008). They are fit to bootstrap 

samples using a random sample of predictors on which to split each node (Breiman 2001). 

Random Forest benefits from growing large trees which allows for low correlation between 

individual trees. The random sampling of predictors at each node forces trees to be unique, 

improving overall prediction power. Importantly for this work, Random Forests are capable of 

handling high-dimensional data without the need for formal feature selection.  

 XGBoost is another form of ensemble method that employs a refined boosting 

technique. It sequentially builds trees, each one focusing on correcting the errors of previous 

trees, thereby improving accuracy (Tianqi Chen 2016). XGBoost incorporates elements of 

regularization to avoid overfitting, which goes a step beyond traditional boosting algorithms. 

This regularization, coupled with its ability to handle sparse data and work with various types 

of predictive modeling problems, makes it exceptionally useful.  

 LightGBM, a similar gradient boosting decision tree method, further optimizes 

performance for high-dimensional data (Guolin Ke 2017). It introduces Gradient-Based One-

Sided Sampling (GOSS) to focus learning on more informative instances by keeping instances 

with larger gradients and sampling those with smaller gradients. This maintains accuracy while 

reducing data size. Additionally, LightGBM’s Exclusive Feature Bundling effectively reduces 

the feature space by bundling exclusive features, exploiting data sparsity for improved 

computation and memory usage. These innovative tools make LightGBM particularly adept at 

handling the challenges of large-scale, high-dimensional datasets, offering a robust solution for 

complex predictive modeling tasks.  

Voting Classifier 
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 The model chosen for this work is a soft-voting classifier composed of the three 

previously discussed models: Random Forest, XGBoost, and LightGBM. The use of a voting 

mechanism lowers the risk of mistakes made by a single model.  A soft-voting classifier differs 

from a hard-voting classifier by using the predicted probabilities generated by base estimators 

to determine the final class prediction rather than a simple majority vote on the outcomes. In 

this ensemble, each base estimator contributes probabilistic forecasts for target classes, and the 

final class prediction is made by averaging these probabilities across all models. For a binary 

problem, if the average of probabilities assigned to a prediction of being the positive class by 

the base estimators is above 0.5, then the soft-voting classifier will predict the positive class.  

Job Title Targets  

 The range of job titles collected through the CRM is quite large with 11 distinct 

occupations. The goal in predicting a user’s occupation is to be able to engage with them based 

on the work they do. As many of the collected roles have similar functions, groupings were 

made to make sure that classification was possible. OutSystems is a low-code development 

platform with features mainly centered around development, so the company’s prime interest 

is in identifying developers. Therefore, the model was trained once with the objective of 

identifying developers in a binary one vs. all format. To test the model’s ability to recognize 

multiple classes, job titles were then grouped into IT, business, and developer roles for a second 

classification. The groupings and their sizes can be found in the appendix (A4). 

 The binary classification is imbalanced at an almost 1:2 ratio despite developers having 

more events than the other roles combined. An imbalance of observations runs the risk of the 

model not sufficiently learning from the minority developer class. There are several methods 

of artificially balancing a dataset to make up for imbalances, one of the more popular being 

SMOTE. SMOTE, which stands for Synthetic Minority Over-Sampling Technique, works by 

creating synthetic examples of the minority class using k-nearest neighbors (N. V. Chawla 
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2011). K-nearest neighbors, however, is known to struggle with high-dimensional sparse data 

so it’s risky to apply it here as the generated synthetic samples might not be accurate 

representations of the minority class. Instead, it was decided to use class weighting. Class 

weighting adjusts the importance given to each class during the training of the model. Instead 

of generating new samples as SMOTE does, class weighting modifies the learning process of a 

model so that it pays more attention to the minority class, affecting the calculation of the loss 

during training. By doing so misclassifications of the minority class incur a larger penalty than 

misclassifications of the majority class.  

 Class weights for all three base estimators were set to be inversely proportional to the 

class frequencies in the data for both the binary and multi-class problems. Though the ratio in 

the future might change, the nature of OutSystems’ product assumes some level of interest in 

development, making the increased weight on developers in both binary and multi-class 

contexts relatively harmless from an engagement perspective.  

Hyperparameter Tuning 

 The performance of many machine learning algorithms depends heavily on 

hyperparameter settings. Although tuning can be a computationally expensive process, 

particularly as the search space increases, it is often necessary to achieve the best performance 

on a given task (Hilde J.P. Weerts 2020). Each of our selected base estimators has a set of 

tunable parameters to be optimized. Bayesian search, also known as Bayesian optimization, is 

an approach to hyperparameter tuning that seeks to minimize the number of function 

evaluations needed to find the best hyperparameters. Unlike a standard grid search which 

exhaustively tests parameters across the entire grid, Bayesian search uses a probabilistic model 

to predict which hyperparameter values are the most promising and chooses the next values 

based on this model (Ryan Turner 2021). Bayesian optimization is considered superior to 

random grid search (which selects the next parameter arbitrarily) as it intelligently uses 
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information from previous evaluations to inform future searches, making it more sample 

efficient and often leading to higher convergence to optimal hyperparameter settings. The 

optimal hyperparameter values for the binary classification using 10-fold cross-validation can 

be found below. The multi-class classifier was also tuned for the same parameters. Optimal 

values for the multi-class problem and descriptions for the parameters can be found in the 

Appendix (A5).  

 
Optimal Hyperparameter Settings Binary Problem 

Feature Importance 

 Feature importance measures allow us to get an understanding of what features the 

model is placing the most importance on when it comes to classification. It takes some of the 

ambiguity out of the machine learning process allowing results to be more palpable. Each of 

our base estimators allows for the extraction of feature importances, calculating them in 

different ways. Random Forest computes feature importance by averaging the decrease in 

impurity across all trees in the forest upon the addition of each feature. Features leading to a 

greater decrease in impurity are considered more important. XGBoost uses a similar approach 

but focuses on the gains brought by each feature when it’s used in trees. The gain is the 

improvement in accuracy brought by a feature to the branches it’s on. LightGBM uses a split 

based approach, calculating feature importance based on the number of times a feature is used 

in a split across all boosting trees. More frequent use in splits indicates higher importance.  



 
 

18  
 
 
 
 

 
Feature Importances 

 Above are the top five most important features for each of our base estimators for the 

binary problem of classifying developers. Each estimator is choosing different features to place 

importance on. All three models place importance on forum access both in terms of frequency 

and time spent. The OutSystems forum serves as a place to ask community leaders and experts 

questions and receive quick responses. A look through the most popular questions points to this 

being a strong indicator of being a developer. The portal and documentation categories also 

appear among the most important. The portal section of the website houses the cloud version 

of the OutSystems development platform and documentation provides details about how to use 

different features of the OutSystems product, both also seeming like strong development 

signals. It is important to note that there is not a clear domination of features by feature 

importance among any of our base estimators. Feature importance scores have been normalized 

to sum to one; apart from the .08 importance XGBoost places on the time spent on forums 

pages, no other features among the most important have scores above .05. This can be explained 

by the high number of features in use.   

Experimental Setting  

Validation Set  

 A difficulty in successfully building a model that is continuously able to classify users 

based on website usage is the propensity for change in web content and format. To accurately 

assess the robustness of the model, it is necessary to select a date-separated user group for the 

validation set. The same selection criteria and user mapping as before were conducted again 
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but only users that recorded their first event from September 2023 to the end of November 2023 

were chosen, resulting in 7,177,164 events from 34,420 users. Selecting users by first event 

ensures there is no overlap in users between the training and validation set. Categories remain 

those created from the training set so any new categories that might have been created in the 

validation period will not be considered. The original 6-month dataset was also split 80/20 

based on Universal IDs to generate an in-period test set.  

Metrics  

           The evaluation metric chosen for the model was the Area Under the Receiver Operating 

Characteristic Curve (ROC AUC). The ROC curve is the plot of the True Positive Rate over 

the False Positive Rate across threshold levels providing a comprehensive view of model 

performance. The AUC, area under the curve, provides a singular scalar value summarizing the 

ROC curve. This value indicates the model's discrimination ability between the positive and 

negative classes with a score of 1.0 representing perfect discrimination and 0.5 denoting a 

performance no better than random guessing. ROC AUC is superior to traditional accuracy for 

several reasons. It provides a more reliable measure of performance in cases of unbalanced 

datasets, it measures performance across all thresholds giving a fuller picture of a model's 

predictive power, and the AUC standard error has been shown to decrease as the AUC and 

number of test samples increase (Bradley 1997). 

           To evaluate the multi-class problem in a similar way multi-class AUC was calculated by 

averaging pairwise class comparisons.  

Results  

ROC-AUC 

           Results obtained from the binary classification for the benchmark models (our untuned 

base estimators) and the soft-voting classifier can be found below.  
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Binary ROC AUC 

            The soft-voting classifier boasts the highest ROC-AUC score for the out-of-period 

validation set and performs equally to LightGBM for the in-period test set. Model performance 

is, however, relatively similar across all benchmarks and the selected model, indicating that 

model selection is not a highly important factor for our binary classification problem. Notably, 

each model maintained a similar performance for both in and out-of-period test sets, suggesting 

that the frequency and time spent methodology across categories holds up at least over the short 

period of time in between periods.  

 
Multiclass ROC-AUC 

            The above showcases the results of the multi-class business, IT, and developer role 

classification. The way ROC-AUC was applied to the multi-class problem was by performing 

a one vs. all classification for each of the three classes and averaging the resulting ROC-AUC 

scores. The multi-class problem sees a decrease in AUC for all models across both the in-period 

and out-of-period test sets. The soft-voting classifier remains the superior model, but it is again 

clear that performance is similar across models. The decrease we see in average ROC-AUC 

indicates that all the models were not as effective at isolating IT or business roles as they were 

developers. 

Probabilities 

           Though emails have essentially zero marginal cost in terms of sending, studies have 

shown that customers are overwhelmed with the amount of emails they receive (ROESLER 

2017). An influx of non-relevant emails may cause users to avoid opening them altogether. It 
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would therefore be useful to have a level of certainty regarding predictions before sending 

anything to users. The way the soft-voting classifier works is by averaging out the probabilities 

each base estimator generates for the likelihood of an individual belonging to a certain class. If 

the average probability of being in the positive class is above 0.5 for a prediction in the binary-

classification problem, it is labeled positive. These probabilities represent the model's certainty 

in its predictions. To have a better chance of sending emails to the desired audience it might be 

better to only consider predictions above a certain probability threshold.  

 
High Probability Threshold Predictions 

   The above table shows the number of developers predicted across 70, 80, and 90% 

probability thresholds for the binary classification problem as well as the number of correct 

predictions among them. The in-sample accuracy at these thresholds is 76.4, 83.3, and 92.5% 

respectively, showing the model gets progressively more accurate the more confident it is in its 

predictions. For out-of-sample predictions, accuracies of 79.2, 84.1, and 91.2% are seen, with 

the model continuing to perform well with high confidence predictions. It is important to note, 

however, that the number of individuals predicted at very high thresholds is minimal. The out-

of-sample data has 15338 developers; if a 90% probability threshold was used, only 394 of 

them would be correctly identified, less than 3 percent. The mean probability assigned to 

developer predictions in the binary problem for the out-of-period test set is 0.71 (Appendix A8). 

            Setting probability thresholds for the multi-class predictions further showcases the 

model’s struggle with identifying IT and business roles as it makes no 90% probable predictions 

for either class. Business and IT role predictions have a mean probability assigned to them of 

.47 and .45, respectively, with the developer roles having a mean probability of .61 (Appendix 

A9). The quantity of IT and business predictions falls of substantially at an above 60 % 
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threshold showing that the model is not very confident in predicting said roles. The quantity of 

developer predictions at high thresholds (70% and above) also falls off in the multi-class 

context. When the model makes predictions with high confidence, accuracy remains impressive 

for the out-of-period test set (Appendix A7) with a 70% probability threshold leading to 

accuracies of .77, .83, and .87 for business, developer, and IT roles, respectively. 

Discussion  

           The binary classification model displays relatively strong performance when it comes to 

discriminating developers. The similar performance across date separated test sets suggests that 

the aggregating of distinct URLs into categories successfully managed to nullify the effect of 

website changes and temporal behavior trends on the model's performance. In comparison with 

De Bock and Van den Poel's results when attempting to classify gender based on cross-site 

clickstream data, a similar binary demographic classification problem, the results of the 

proposed model are positive with an increase of more than 5 points in ROC AUC on the in-test 

period and 10 points on the out-of-test period when compared to their best model. Outside of 

binary developer identification, the model also outperforms their multiclass occupational 

classification with a 3-point increase in performance on the in-test period and a 5-point increase 

on the out-of-test period (De Bock 2010). 

 A main point of concern is the model's relative lack of confidence in making predictions 

in both the binary and multi-class contexts. In the binary context, only selecting visitors with a 

90% chance or above of being developers, as predicted by the model, results in less than 3% of 

total developer observations in the out-of-period test set. In the multiclass context, confidence 

decreases further with two of the job role groupings not receiving a single prediction with a 

probability above 90%. This lack of confidence suggests similarity in behaviors across job 

roles.  
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Top 10 Categories by Time Spent  

   The above shows the top 10 categories by time spent across the selected job groupings 

making up 90 % of time spent by developers, 74% by business roles, and 82% by IT. It is clear 

to see that there is significant overlap across roles with Training, Forums, and Documentation 

categories (all thought to be strong developer indicators) found among the most popular 

categories for the three groupings. OutSystems is a low-code solution platform. The company 

website itself offers users a place to try the product, learn, and interact with other members of 

the low-code development community. It is, therefore, not surprising that most website visitors, 

no matter their official job role, display some level of developer behavior. The model's superior 

ability to distinguish developers as opposed to IT and business roles is perhaps an indicator of 

the ability to distinguish the professional from the amateur. Looking back at the feature 

importance, both Random Forest and LightGBM placed importance on aggregate features like 

time spent per session, clicks per session, and unique pages per session for the binary 

classification, suggesting the model is placing strong importance on how much the website is 

used when making its classifications. Developers account for more actions on the site than all 

other job titles combined as previously mentioned. They also have the highest values in the 

majority of the crafted aggregate session features (Appendix A10). 

Limitations 

The OutSystems website caters heavily to those interested in learning more about their 

development product and how to use it. Because of this, most visitors display some level of 

developer-like behavior, making it difficult to distinguish between classes with high 
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confidence. While some members with business roles do spend time looking at Pricing and 

Editions, most of their actions are in line with developer and IT roles. The job roles used as 

labels for this study were pulled from the CRM for users who met the qualifying conditions. It 

is not known for certain whether a user is using the website for professional or personal use or 

whether their job role in the CRM matches their intention with the OutSystems product 

professionally. Many website visitors opt for a free trial and make use of a free cloud 

development environment suggesting that they are not operating professionally or on behalf of 

their company. Because of this their affiliated job title might not be representative of their 

intentions with the website. A visitor might be a business analyst professionally with interest in 

learning about OutSystems for their own sake, perhaps to learn a new skill. Their use of the 

website then will have less to do with their current listed profession and more to do with their 

development interest.  

Future Work 

            While the model shows success at differentiating professional developers from the rest 

of users on the OutSystems website, which was the main goal of this research, the lack of 

confidence, especially in the multiclass context, suggests the clickstream data might not be 

being used to its full potential. Wang et al. showed high success in their ability to classify users 

as malicious or otherwise using unsupervised learning to model behavioral patterns on social 

media sites, and then comparing their results with actual flagged accounts (Gang Wang 2017). 

Taking the context of the OutSystems website into account, an unsupervised study could be 

conducted to extract more actionable insights from the clickstream data. An attempt at 

classifying users by their respective development interests, labels for which are not readily 

available, for example web vs mobile development, might help further understand what 

individual users are actually interested in allowing for more successful targeted 

communications. As we are trying to decipher information about the end users for the purpose 
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of engagement, knowledge of their development interests could allow for further effective 

targeting.  

Conclusion  

Getting to know the end user of a B2B product and engaging with them can be a critical 

factor in making sure the key decision makers at a firm continue purchasing your product. With 

the advent of AI, companies can now generate informed estimates about users based on their 

interaction with the product or website. Clickstream data analysis, in particular, has proven to 

be an effective method of classifying users across a wide range of desired groupings, whether 

that is determining if a user is going to purchase a product in this session or if a user is a member 

of some group of interest. This thesis, undertaken on behalf of OutSystems, takes a simplified 

approach to clickstream analysis to identify users according to their job roles. Avoiding 

complex and computationally costly methods that make use of neural networks, the proposed 

model performs reasonably well in identifying developers, the main target of interest, boasting 

an ROC-AUC score of .798 on a group of users completely isolated from the training set having 

performed their first action after the date cutoff. The model will allow OutSystems to identify 

professional developers with a sufficient level of certainty making it possible to interact with 

them on topics they might be interested in to boost engagement. Perhaps more importantly, the 

model provides hope for further studies that can potentially reap further insights from the 

readily available clickstream data such as what kinds of development a user is interested in.  
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A1. List of Activities Associated with Track Events  

 

 

A2. Job Title Distribution  
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A3. Aggregated Session Features 

 

 

A4. Job Groupings Distributions  

 

 

 

  

A5. Hyperparameter Tuning for Multi-Class 



 
 

31  
 
 
 
 

 

 

A6. Binary Developer Prediction ROC Curve  

 

A7. Predictions with Probability Thresholds Multi-class 
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A10. Session Feature Values 
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