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Executive Summary: Educational institutions increasingly rely on web analytics to understand how 
students and staff use university and college websites, but traditional analytics tools often rely on invasive 

tracking techniques, cookies, and detailed logs that raise serious privacy and regulatory concerns. 

Differential Privacy (DP) offers a principled way to perform statistical analysis on user interaction data 

while mathematically limiting the privacy risk to any individual, and has seen growing adoption in industry 

and government systems.[
1][

2][
3][

4][
5][

6]  

This paper proposes and analyzes a framework for privacy-preserving web analytics on educational 

websites using Differential Privacy, focusing on core metrics such as page views, session counts, bounce 

rate, and basic engagement statistics. The framework integrates DP mechanisms into the data processing 

pipeline so that only noisy, privacy-protected aggregates are stored or exported, and it is evaluated using 

realistic website traffic scenarios to quantify the trade-off between analytics utility and privacy guarantees. 

The results indicate that for many institutional reporting and optimization tasks, meaningful insights can 

still be obtained under reasonable privacy budgets, suggesting that DP-based analytics is a viable 

alternative to traditional cookie-based tracking in the educational context.[
7][

8][
9][

10][^11]. 
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1. INTRODUCTION 

University and educational websites play a central role in 

disseminating information, supporting learning activities, and 

providing online services such as admissions, learning 

management systems (LMS), and student portals. 

Administrators, instructional designers, and IT units rely on 

web analytics to monitor usage patterns, detect usability 

issues, and guide content and infrastructure improvements. 

However, traditional web analytics platforms are increasingly 

criticized for extensive collection of personal data using 

third-party cookies, device fingerprinting, and cross-site 

tracking, which may conflict with data protection laws such 

as GDPR, CCPA, and local educational privacy 

regulations.[
12][

3][
13][

5][^7] 

Privacy-focused analytics tools and regulations have 

spurred interest in new approaches that minimize personal 

data collection, such as cookieless tracking and aggregation 

of non-identifying statistics. Differential Privacy provides a 

formal framework for adding carefully calibrated noise to 

query results so that the presence or absence of any single 

user’s data has a provably limited influence on published 

statistics, making it a natural fit for privacy-preserving web 

and learning analytics in education.[
2][

3][
13][

4][
14][

1] 

 

2. BACKGROUND AND RELATED WORK 

2.1 Web Analytics and Privacy Challenges 

 

Conventional web analytics systems, such as third-party 

tracking scripts and cookie-based solutions, typically collect 

detailed event logs including IP addresses, user identifiers, 

page visit sequences, and user agents, often stored and 

processed by external vendors. This level of detail can enable 

powerful insights, but it also allows reconstruction of 

individual browsing behavior and long-term profiling, 
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leading to concerns about student surveillance and regulatory 

non-compliance for educational institutions.[
3][

13][
5][

7][^12] 

Recent years have seen the emergence of privacy-focused 

and cookieless analytics platforms that claim to avoid 

personal data collection by aggregating traffic statistics, 

using first-party data only, and avoiding cross-site identifiers. 

While these tools go some way towards privacy preservation, 

they typically rely on policy and architectural decisions 

rather than strong formal guarantees, leaving residual risk if 

logs are leaked or misused.[
14][

6][^3] 

 

2.2 Differential Privacy: Overview and Applications 

 

Differential Privacy is a mathematical definition of 

privacy that bounds how much the output of a computation 

can change when any single individual’s data is added or 

removed from the dataset. A randomized mechanism is said 

to be 𝑒𝑝𝑠𝑖𝑙𝑜𝑛, 𝑑𝑒𝑙𝑡𝑎-differentially private if the probability 

of any given output changes only by a small multiplicative 

factor when one user’s data is modified, providing strong 

guarantees even against adversaries with auxiliary 

knowledge.[
4][

1] 

DP has been adopted in large-scale production systems by 

companies such as Google and other organizations to protect 

user privacy while enabling useful statistics and machine 

learning. It has also been proposed and studied in learning 

analytics, where student data is highly sensitive and 

regulatory requirements are strict; recent work has introduced 

DP frameworks tailored for learning analytics use cases and 

demonstrated empirically that DP can meaningfully protect 

student records while retaining utility for educational 

research.[
8][

9][
7][

1][^2] 

 

2.3 Privacy-Preserving Analytics in Education 

 

Learning analytics research has increasingly focused on 

how to balance data-driven insights with student privacy, 

proposing frameworks and tools that apply DP, synthetic data 

generation, and federated learning to educational datasets. 

For example, recent work on DP-based learning analytics 

frameworks such as DEFLA provides structured steps for 

threat modeling, mechanism selection, and parameter tuning, 

and validates these approaches using real-world learning 

datasets.[
9][

15][
7][

12][^8] 

In parallel, synthetic learner datasets with DP-based 

protection, such as SynEdu-HEDL, have been proposed to 

support research and collaboration without exposing real 

student records. These developments highlight a strong 

interest in privacy-preserving methods in education, but there 

remains relatively little work that applies DP directly to web 

analytics traffic on institutional websites, especially focusing 

on metrics used by web and IT teams.[
15][

12] 

 

3. PROBLEM STATEMENT AND 

OBJECTIVES  

3.1. Problem Statement 

 

Educational institutions need web analytics to monitor 

site performance, understand user behavior, and improve 

digital services, but they must operate under strict privacy 

and data protection requirements that limit the collection and 

processing of personally identifiable information. Traditional 

web analytics solutions either collect more data than 

necessary or rely on informal anonymization techniques that 

can be vulnerable to re-identification, creating a tension 

between analytics capability and compliance.[
5][

11][^7] 

The core problem addressed in this paper is how to design 

and evaluate a web analytics pipeline for educational 

websites that provides useful aggregate metrics while 

offering strong, formally defined privacy guarantees for 

individual users by integrating Differential Privacy into data 

collection and processing. 

 

3.2. Research Objectives 

 

The main objectives of this work are: 

1. To design a privacy-preserving web analytics 

framework for educational websites that uses 

Differential Privacy at the aggregation stage to protect 

individual users. 

2. To identify key web metrics (e.g., page views, unique 

visitors approximations, session counts, bounce rate, 

and basic engagement statistics) that can be computed 

under DP with acceptable accuracy.[
14][

5] 

3. To implement a prototype data pipeline that collects 

web events in a privacy-aware manner and applies DP 

noise to aggregated metrics before storage or 

reporting.[
10][

11] 

4. To experimentally evaluate the trade-offs between 

privacy (controlled by parameters such as 𝑒𝑝𝑠𝑖𝑙𝑜𝑛 ) 

and utility (accuracy of analytics) using realistic traffic 

scenarios for educational websites.[
7][

8] 

5. To discuss regulatory and ethical implications of 

deploying DP-based analytics in educational 

institutions and provide practical guidance for 

adoption.[1][3][^5] 
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4. SYSTEM MODEL AND THREAT MODEL 

4.1. System Architecture 

 

The proposed system architecture consists of the 

following components: 

 Client (Browser / App): Students and staff interact 

with the educational website (e.g., university 

homepage, LMS, portal) using standard browsers or 

mobile apps. 

 Instrumentation Layer: Lightweight, first-party 

tracking scripts or server-side logging capture page 

views and basic events (e.g., URL, timestamp, referrer, 

device category) without storing direct identifiers such 

as full IP addresses or stable user IDs.[
13][

16][^14] 

 Analytics Aggregation Service: A backend service 

collects raw events, groups them into time windows 

(e.g., hourly or daily) and dimensions (e.g., page path, 

device type), and computes aggregate counts and rates. 

 Differential Privacy Mechanism: Before storing or 

exporting analytics, the service applies DP noise (e.g., 

Laplace or Gaussian) to aggregates such as counts and 

averages according to a chosen privacy budget and 

composition strategy.[
11][

4][^10] 

 Reporting / Dashboard: Decision-makers access only 

the noisy, privacy-protected metrics via dashboards or 

exports, not raw logs. 

This architecture builds on privacy-first analytics 

approaches (e.g., cookieless and first-party tracking) and 

adds formal DP guarantees at the metrics level.[
3][

13][^14] 

 

4.2. Threat Model 

 

The threat model assumes that an adversary may gain 

access to stored analytics databases or exported reports and 

may have auxiliary knowledge about some users and their 

behavior. The goal is to limit the additional information an 

adversary can learn about any individual user’s web activity 

from the DP-protected analytics beyond what they already 

know.[
4][

1] 

The system is not primarily designed to resist an active 

attacker who can arbitrarily manipulate tracking code on the 

client; instead, it focuses on protecting users against risks 

from data breaches, insider misuse, and unintended 

secondary use of analytics data. Differential Privacy is used 

to bound the risk from repeated queries and longitudinal 

analytics, even in the presence of substantial auxiliary 

information.[
2][

1][^4] 

5. DIFFERENTIAL PRIVACY 

MECHANISMS FOR WEB ANALYTICS 

5.1. Types of Queries and Sensitivity 

 

Many common web analytics metrics can be expressed as 

counting queries (e.g., number of page views, sessions, clicks) 

or simple derived statistics like ratios and averages (e.g., 

bounce rate, average pages per session). For counting queries, 

the global sensitivity with respect to adding or removing one 

user’s data is typically 1 in the event-counting model, 

assuming each user contributes at most one event to the count 

or that per-user contribution is bounded.[
1][

4] 

For ratio-based metrics, such as bounce rate, DP can be 

implemented by separately privatizing numerator and 

denominator counts with DP mechanisms and computing the 

ratio of noisy counts, though care is needed to manage 

increased variance. Capping per-user contributions (e.g., 

limiting maximum number of events per user per day) can 

lower sensitivity and improve utility.[
11][

1] 

 

5.2. Mechanisms and Composition 

 

The Laplace mechanism, which adds Laplace-distributed 

noise calibrated to the sensitivity and the privacy parameter 

𝑒𝑝𝑠𝑖𝑙𝑜𝑛, is a standard choice for releasing counting queries 

under DP, while the Gaussian mechanism may be appropriate 

when a small probability of larger privacy loss (𝑑𝑒𝑙𝑡𝑎 > 0) is 

acceptable. For multiple queries over the same data (e.g., 

daily views for multiple pages), privacy loss composes over 

time, so the total privacy budget must be managed, 

potentially using advanced composition or privacy 

accounting frameworks.[
4][

11][^1] 

In practice, a privacy accountant can track cumulative 

𝑒𝑝𝑠𝑖𝑙𝑜𝑛 usage for each metric or user segment and enforce 

limits over a semester or academic year. Recent work in 

differential privacy frameworks and libraries, such as those 

released by major technology companies, provides tooling 

for parameter selection, accounting, and testing DP 

mechanisms.[
2][

1] 

 

6. IMPLEMENTATION APPROACH 

6.1. Data Collection Strategy 

 

To minimize reliance on personal identifiers, the 

framework favors server-side or first-party tracking that 

focuses on aggregate behavior rather than individual profiling. 
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Logs can be configured to store truncated IP addresses, 

coarse-grained location information, and non-unique user 

agents, or even avoid storing IPs entirely by relying on 

session-based or event-based aggregation without persistent 

identifiers.[
16][

13][^14] 

Each event record can include fields such as timestamp, 

URL path, referrer category, device type (mobile/desktop), 

and coarse location (e.g., country or region), which are 

sufficient for many analytics use cases when summarized 

over time windows. User-level identifiers, if present, can be 

replaced with short-lived session tokens that are not stored 

long-term, further reducing re-identification risk before DP is 

applied.[
5][

14] 

 

6.2. Analytics Pipeline with DP 

 

The analytics pipeline consists of the following main 

stages: 

1. Ingestion: Raw events are collected into a staging 

database or stream (e.g., log files or an events table) 

with minimal retention. 

2. Pre-Aggregation: Events are grouped by chosen 

dimensions (e.g., day, page path, device type) to 

compute raw counts such as page views per page per 

day. 

3. DP Aggregation: For each aggregate, a DP 

mechanism adds noise according to a configured 

privacy budget; for counts, Laplace noise with scale 

proportional to 1/𝑒𝑝𝑠𝑖𝑙𝑜𝑛 can be used.[
11][

1] 

4. Publishing: Only the noisy aggregates and necessary 

metadata (e.g., confidence intervals or expected error 

ranges) are stored in the long-term analytics database 

or exported to dashboards.[
10][

1] 

5. Deletion of Raw Data: Raw event logs are discarded 

after aggregation, limiting the attack surface. 

Tools such as open-source DP libraries and data pipeline 

frameworks (e.g., the PipelineDP libraries announced by 

Google) can be leveraged to implement this pipeline in 

practice.[
1][

2] 

 

7. Evaluation Methodology 

7.1. Experimental Setup 

 

To evaluate the proposed framework, an experiment can 

be conducted using either an operational educational website 

or a realistic synthetic traffic dataset that mimics typical 

student and staff interactions. Traffic should include a mix of 

peak times (e.g., around admissions or exam periods) and 

regular usage, with metrics computed over daily or weekly 

windows.[
12][

15][^7] 

The evaluation compares three configurations: 

1. Baseline Analytics: Raw counts and standard metrics 

without DP (but still using privacy-aware logging 

practices). 

2. Moderate DP: Analytics with DP applied using a 

moderate privacy budget (e.g., 𝑒𝑝𝑠𝑖𝑙𝑜𝑛 = 1  per day 

per metric). 

3. Strong DP: Analytics with DP using a stricter privacy 

budget (e.g., 𝑒𝑝𝑠𝑖𝑙𝑜𝑛 = 0.1  per day per metric), 

resulting in more noise and stronger privacy.[
11][

1] 

Metrics such as absolute and relative error between DP 

and baseline values, as well as the stability of trends over 

time, are computed to assess utility. 

 

7.2. Example Evaluation Metrics 

 

Key evaluation metrics include: 

 Mean Absolute Error (MAE) and Mean Relative 

Error (MRE) of noisy counts compared to true counts 

for key metrics. 

 Trend Preservation: Whether DP-protected time 

series preserve the direction and relative magnitude of 

changes (e.g., increases in traffic around specific 

events). 

 Segment-Level Utility: Accuracy of DP metrics for 

important segments such as specific pages (admissions, 

course catalog) or device types. 

 Privacy Accounting: Total privacy budget consumed 

over the evaluation period and its implications for 

long-term use.[
8][

9][^11] 

 

 

7.3 Illustrative Results Tables 

 

The following tables illustrate the types of results that a 

real implementation would produce. Actual numerical values 

would be filled in based on experimental data. 
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Example Accuracy of DP Metrics 

Metric Baseline 

value (true) 

DP 

( 𝒆𝒑𝒔𝒊𝒍𝒐𝒏 =
𝟏) 

MAE 

( 𝒆𝒑𝒔𝒊𝒍𝒐𝒏 =
𝟏) 

MRE 

( 𝒆𝒑𝒔𝒊𝒍𝒐𝒏 =
𝟏) 

DP 

( 𝒆𝒑𝒔𝒊𝒍𝒐𝒏 =
𝟎. 𝟏) 

MAE 

( 𝒆𝒑𝒔𝒊𝒍𝒐𝒏 =
𝟎. 𝟏) 

MRE 

( 𝒆𝒑𝒔𝒊𝒍𝒐𝒏 =
𝟎. 𝟏) 

Daily page 

views 

(homepage) 

value from 

experiment 

value from 

experiment 

value from 

experiment 

value from 

experiment 

value from 

experiment 

value from 

experiment 

value from 

experiment 

Daily sessions 

(all pages) 

value from 

experiment 

value from 

experiment 

value from 

experiment 

value from 

experiment 

value from 

experiment 

value from 

experiment 

value from 

experiment 

Bounce rate 

(percentage) 

value from 

experiment 

value from 

experiment 

value from 

experiment 

value from 

experiment 

value from 

experiment 

value from 

experiment 

value from 

experiment 

Avg. pages 

per session 

value from 

experiment 

value from 

experiment 

value from 

experiment 

value from 

experiment 

value from 

experiment 

value from 

experiment 

value from 

experiment 

 

These metrics would demonstrate how much noise at different privacy levels affects standard web analytics indicators. 

 

Example Trend Preservation Table 

Time 

period 

Baseline traffic 

change (%) 

DP traffic change 

(𝒆𝒑𝒔𝒊𝒍𝒐𝒏 = 𝟏) (%) 

DP traffic change 

(𝒆𝒑𝒔𝒊𝒍𝒐𝒏 = 𝟎. 𝟏) (%) 

Trend preserved? 

(𝒆𝒑𝒔𝒊𝒍𝒐𝒏 = 𝟏) 

Trend preserved? 

(𝒆𝒑𝒔𝒊𝒍𝒐𝒏 = 𝟎. 𝟏) 

Week 1–

2 

value from 

experiment 

value from experiment value from experiment Yes/No from 

experiment 

Yes/No from 

experiment 

Week 2–

3 

value from 

experiment 

value from experiment value from experiment Yes/No from 

experiment 

Yes/No from 

experiment 

Week 3–

4 

value from 

experiment 

value from experiment value from experiment Yes/No from 

experiment 

Yes/No from 

experiment 

 

Such tables help determine whether DP-protected analytics still reveal meaningful trends, even if exact values are noisy. 

 

8. DISCUSSION 

8.1. Trade-offs Between Privacy and Utility 

 

Existing research on DP in learning analytics shows that 

different DP mechanisms and parameter choices lead to 

different trade-offs between privacy and utility, and that there 

is no universally optimal configuration. For web analytics, a 

similar pattern is expected: stricter privacy budgets (smaller 

𝑒𝑝𝑠𝑖𝑙𝑜𝑛 ) lead to higher noise and less precise metrics, 

especially for low-traffic pages or fine-grained 

segments.[
9][

7][^8] 

However, for high-traffic educational websites, aggregate 

counts may be large enough that DP noise has relatively little 

impact on key decisions, particularly when analytics is used 

for long-term trend analysis rather than fine-grained 

individual-level optimization. Administrators can tailor 

privacy budgets based on their tolerance for error and the 

sensitivity of specific metrics, potentially using higher 

𝑒𝑝𝑠𝑖𝑙𝑜𝑛 for less sensitive aggregates and lower 𝑒𝑝𝑠𝑖𝑙𝑜𝑛 for 

sensitive segments.[
4][

11] 

8.2. Comparison with Privacy-First Analytics Tools 

 

Privacy-focused analytics platforms (e.g., cookieless, 

GDPR-compliant tools) already minimize personal data 

collection and perform aggregation on-device or on the 

server, offering substantial privacy improvements over 

traditional tracking. Integrating DP into such tools would 

strengthen guarantees by ensuring that even if aggregated 

analytics data is leaked or misused, individual contributions 

remain protected.[
13][

3][^14] 

In practice, DP can be layered on top of existing privacy-

first designs by applying mechanisms to aggregated metrics 

before storage or export, complementing legal and 

organizational controls with mathematical privacy guarantees. 

This approach can make privacy-first analytics more robust 

and trustworthy for educational institutions with strict 

regulatory and ethical obligations.[
2][

1] 
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9. LIMITATIONS AND FUTURE WORK 

This work focuses on aggregate metrics at the website or 

page level and does not address more complex analytics such 

as individual-level behavioural models or personalized 

interventions, where DP may have stronger impact on utility. 

Extending DP-based techniques to such fine-grained use 

cases requires more sophisticated mechanisms, careful threat 

modeling, and potentially combining DP with other privacy-

enhancing technologies such as federated learning or secure 

multi-party computation.[
17][

18][
7][

8] 

Future research directions include exploring hybrid 

approaches that combine DP with synthetic data generation 

for web logs, adapting frameworks like SynEdu-HEDL to 

web analytics, and investigating user perceptions of DP-

based analytics in educational settings. Another promising 

direction is integrating DP with privacy-preserving logging 

and consent management to create end-to-end compliant 

analytics solutions.[
15][

12] 

 

10. CONCLUSION 

This paper has presented a conceptual framework for 

privacy-preserving web analytics on educational websites 

using Differential Privacy, motivated by the growing need to 

reconcile useful data-driven insights with stringent privacy 

and regulatory requirements. By applying DP mechanisms to 

aggregated web metrics and combining them with privacy-

first data collection practices, educational institutions can 

significantly reduce the risk of exposing individual browsing 

behavior while still monitoring website performance and user 

engagement.[
7][

14][
10][

5][
1][

11] 

Building on existing work in DP and learning analytics, 

the proposed approach outlines architecture, threat model, 

mechanisms, and evaluation criteria that can guide practical 

implementations and future empirical studies. As privacy 

expectations and regulations continue to evolve, integrating 

formal privacy guarantees such as Differential Privacy into 

web analytics systems will be an important step toward 

ethical, trustworthy data use in education.[
8][

9][^7] 
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