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User Analytics

0 Users
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= New Customer
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= Returning Customer
= Etc.
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o User Analytics
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Emerging Digital Age (Pre-
__ COVID)

Almost anything we do these days produces
data!



Effects of COVID-19
Pandemic

1 COVID-19 Pandemic
cLoDs_En

- Lockdowns Coy|

o Pivoting to remote and /\'L

online only options

Business STAY HOME
Schools, Universities STAY SAFE

Government and private

O rg anizations Let’s work together by keeping apart.
Travaillons ensemble en gardant notre distance.
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Challenges due to
COVID-19 Pandemic

Online presence

Web traffic
monitoring and
tracking

Stll limited solutions
available for

Customer care
Business protection
Student support
Government




Potential implications of
COVID-19 Pandemic

5 days 1 month 3 months YTD 1 year 5 years Max

o General Communication
Zoom
MS Teams 100
and more ...
o Online delivery of educatiol -
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Data overload
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Motivation

Let machines process machine
generated data, not humans !

Enhanced and
Improved
Analytics
Formalizing
Machine Data
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3101

Employing
Analytical
Solutions to
automatically
process
formalized
machine data

Let machines
process machine
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User Iinteraction online

Users interacting with online web-based
systems, websites
User interaction data

Clickstream data

Text-based content

. ——
54' |
User online activity — data
generation




Clickstream data: a closer

look

Users interacting with online systems generating

Clickstream data
Logs from online systems contains info such as:

Pages in a website
Timestamps

Keyboard and Mouse/trackpad actions
Activities/Assignment/Resources accessed

Example of Clickstream
data from user
Interaction

Activity start_time end_time idle_time mWheel mWheel C mClick L mClick B m_mov KyS
Other 2.10.2014 11:25:33 | 2.10.2014 11:25:34 0 0 0 0 0 84 0
Aulaweb 2.10.2014 11:25:35 | 2.10.2014 11:25:42 218 0 0 4 0 397 0
Blank 2.10.2014 11:25:43 | 2.10.2014 11:25:43 0 0 0 0 0 59 0
Deeds 2.10.2014 11:25:44 | 2.10.2014 11:26:17 154117 5] 0 8 0 1581 4
Other 2.10.2014 11:26:18 | 2.10.2014 11:26:18 0 0 0 2 0 103 0
Other 2.10.2014 11:26:19 | 2.10.2014 11:26:27 460 0 0 4 0 424 8
Blank 2.10.2014 11:26:28 | 2.10.2014 11:26:28 0 0 a 1 0 93 0



Other data (text-based

content)

Users interacting with online systems generating

o
text-based contents Comment Sentimant
Excellent service. Food was fresh! Will buy again! Positive?
CO mments The grocery items were delivered past their expiration Negative?
: date and had to be thrown out because they were not
ReVI EWS edible any more
BlogS Exactly what | needed for my meal. Very fresh. Positive?
A few bad or moldy raspberriesin the box. But rest | 777
EtC. enjoyed them immensely and will buy them again!
. .| Recelved my limes at home in Pandemic. | appreciate 77?7
Sentiment analySiS.e daivery, bu: IEmEE#SEheir price.
. | Not happy with the strawberries| received thistime, but 777
Beyond Se ntl men‘- | do not have time to go to the store. Will probably end
- up buying them again from Amazon.
analysis
y Very fresh berries. | will order them again this month ?77?

before my prime membership expires. Might switch to
Instacart then.




Tracking users: What to
track?

Pattern detection

Based on the current and past
interaction data, (how) did the
customer end up purchasing?

Pattern prediction

Based on the current and past
Interaction data, what are the chances
that the customer will purchase

now or in future?

Intention detection

Based on current and past interaction
data, is the customer currently
iIntending to be leaving or returning?

Intention prediction

Based on current and past interaction
data, what will be the intention of the
customer to leave or return?




Beyond simple tracking

0 Detection to Prediction

Classifying unseen data (e.g.,
current user behavior) based on
past or historical data

Forecasting user behavior for |
future based on past or historical ~ *
data

0 Pattern to Intention

Repeating or recurring events of
users , sequential, seasonal,
periodic, etc.

Objective, intent, plan of action of
users
= may not be visible or obvious in

o~ nom ke




State of the art techniques

Researchers have focused on the advantages
of Machine Learning (ML) models for

Interaction data
Some of the techniques are - ﬁ//kk

Classical time series analysis

Auto Regressive Integrated
Moving Average (ARIMA)

Hidden Markov Models (HMM)

Support Vector Machine (SVM)




State of the art techniques

Artificial Neural Network (ANN)

— TRUCK

Recurrent Neural Networks (RNN)
Long Short-Term Memory-NN (LSTM)

and etc...




Limitations of state of the art

solutions

- Computation
Intensive

o Memory intensive

Input

o Limited explainabllity
Work like a black-box




Solutions

User online activity — data generation
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Solutions: an example
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Interdisciplinary Research
and Industrial Use-cases




Social Media Analytics

o Collecting, organizing,
analyze data from
Social Media

- Facebook

o Twitter

o Blogs

- Instagram etc.

o Analyzing and identify
patterns
of activities and latest trends

o Predicting future trends




Urban Analytics

O

Exploratory analysis of different types of
complaints reported by citizens for
different departments, at different timec

Multiple Linear Regression of predictinc
time taken to resolve tickets

Correlation with public data sources an..
social media (i.e., Twitter)

Measuring and
predicting performanceg, ~
of different ’
organizations or N
departments within suc.. . &
organizations




Conclusions

The use of hybrid systems combining classic machine
learning models with deep learning models

allows early detection of patterns and intentions in
monitoring online user activity

enables better explainability of predictions

The quality of data produced and captured from online
systems is important and often neglected

Quality is measured by how useful and effective the data and
the system could be when assisting users in a timely fashion

Respect privacy of users, follow all the legal, ethical and any
other laws, regulations and guidelines

Proper and explicit consent of users to collect user activity
data

Pattern to Intention of Users
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