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Goal

* Understand user behaviour on data intensive systems
« Extract objective and actionable understanding of systems in use

* To inform the design of user interfaces, digital health interventions,
workflows and data governance policies

* Design pipelines to harvest, store, transform, query and analyse
human-computer interactions

* Build computational user models to predict
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Scope: low-granularity interaction data

+ | * |t contains implicit behavioural markers that
(e.g. searching for a patient) . . iy

_ | S are indicators of cognitive process

o Domain/task related 2 : _

e G ﬂijfjf”;j“‘“‘*f*ntlD) 5 — Location of mouse cursor - attention

E 7 geact interactionlo. |l — Exploration - engagement

« | (eg typing on a text fi eld) 5

— Quick scroll down = information overload

* Appropriate for in the wild naturalistic
studies
High ecological validity, easy recruitment

X No control for tasks, objective ground truth or
other factors

Ul events
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abstraction

Scope: low-granularity interaction data

Goal/problem related | Chal |engeSZ
(e.g. searching for a patient)

1. Limited semantics
Domain/task related
(eﬂ 7 ’”'”""ﬂnt ID)

2. High cardinality/noisy outputs
3. Hypothesis formulation
4. Scalability
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Tool support for addressing
the challenges

ACM SIGCHI Symposium on Engineering
Interactive Computing Systems, EICS 2017

WevQuery: Testing Hypotheses about Web Interaction Patterns

AITOR APAOLAZA, School of Computer Science, University of Manchester
MARKEL VIGO, School of Computer Science, University of Manchester

Remotely stored user interaction logs, which give access to a wealth of data generated by large numbers of users, have been
long used to understand if interactive systems meet the expectations of designers. Unfortunately, detailed insight into users’
interaction behaviour still requires a high degree of expertise and domain specific knowledge. We present WevQuery, a scalable
system to query user interaction logs in order to allow designers to test their hypotheses about users’ behaviour. WevQuery




WevQuery: Addressing the challenges

1. Limited semantics: include interaction context
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{ "_id" : ObjectId("51c98279e4b0978al1l96f12el"),
"mouseCoordinates" : {
"coordX"™ i 379;
"coordY"™ : 599,
"offsetX" : 105,
"offsetY" : 40},
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"nodeInfo®™ 2 {

"nodeDom" : "id(\"content-primary\")/DIV[6]/P[1]",
"nodeType" ¢ iwpin
"nodeTextContent" : "Each student \nhas a(...)",
"nodeTextValue" : "undefined"},
"ip" : "XXX.XXX.XXX.XXX",
"timestamp" : "2013-06-25,12:43:29:208",
"sessionstartparsed" : "2013-06-25,12:12:47:918",
"usertimezoneoffset" : "-60",
nedt 3 m10006T;
"sid" : "hOcBPgMBrP7c",

"event" : "mousemove",

"platform" @ "win32",

"browser" : "Chrome28.0.1500.44",

"url" : "http://www.cs.manchester.ac.uk/
undergraduate/studentprojects/"}




WevQuery: Addressing the challenges

2. High cardinality: transforming, subsetting and filtering
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WevQuery
Menu ~

Load XML
Download XML

Run Query
Run Strict Query

2+

Add a new
Temporal Constraint

Event Example =+

Events: E s to

match

Occurrence: Number of
times listed
events need to

appear
Context

Additional context options for
the event to be matched

Event 1 b/
Events: load
Occurrence: 1

]

Events: mousedown, é
mouseup
Occurrence: 1
Context
Name Value
NodelD Submit
]
Event 2 Q’ 2

Events: mousewheel

Occurrence: 2

Events: load é Events: mousewheel
Occurrence: 1 Occurrence: 2
i
Event 3 3
Events: mousedown,
mouseup
Occurrence: 1
Context
Name Value
NodelD Submit
i
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WevQuery: Addressing the challenges

3. Hypothesis formulation
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@Wevluery @
= = Query CatalogueThformation
@ Title 4T DatedT Timell  # Objects It
load_mousedown4 2017-02-13 93840 17886 Adl -
quickLoadClick 2017-02-14 114321 17885 [ |
focusToSeroll 20170220 68504 7650 | setect the URLS to include in the :
|
loadToKeydown 20170220 28214 3997 |
load_scroll_blurClick ~ 2017-02-22 71922 12634 | S oectSioiuvers o lchide fn. e snelyats (seve oY) |
case2_loadScroll_10s  2017-04-13 57627 18727 | |
|
case2_loadScroll_1s  2017-04-13 48271 11884 @ |Batch Event Selection |
case?_ 10115y srom rooul x )7 | Event types to include
how Results |
Q2 P Run Query 4257 |
load_scron | M Run Strict Query 21702 Node types to include —

# Use Query as template |
longhover10s{ a 8305 |
@ Delete Query from Catalog

Node IDs (these will always be included)

- o x
‘\
¥ hypothesis2 il
| Query information
description readableDate

‘ title
| hypothesis2

| Available Results

‘ title

hypothesis 2 2017-09-19T15:50:06.483Z

hypothesis2 ZOTTUITIIT 203 |
loadandsearchin10  2017-10-04 10387 203
SearchWithin10s 2017-10-04 9741 186 |
FooterTip
nodelDQ 2017-10-04 13453 181 al
longHover10sec 2017-10-05 174803 8305 Query Result Inputs
| Select query result inputs for the pattern matching algorithm
| + Addanotherinput T Clear List
|
| tongHovertosec
No queries have been found

en the selected inpus,

|Algorithm Type

resultTitle isStrictMode
4 @ K 1 false
4 i@ K false
| $ & B false

¥ longHover10sec i
| Query information
title description readableDate

longHover10sec hovering action over 10 seconds 2017-10-05T15:44:29.305Z

|
Available Results
title resultTitle isStrictMode

longHover10sec longHover10sec_1507218315060 true

count processTimems

203 9301

readableDate
2017-09-19T17:16:27.603Z
2017-09-19T17:24:18.115Z

2017-09-24T19:24:10.156Z

count processTimems

8305 174803

readableDate

2017-10-05T15:45:15.265Z

count

203

203

203

count

8305

WevQuery
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WevQuery: Addressing the challenges

4. Scalability
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Wevouery Query Creation Batch Event Extraction Query Catalogue

[mousedown_Link][mouseup_Link]:#SUP: 881
[mousedown_Image][mouseup_Image]:#SUP: 293

[mousedown_q][mouseup_q]:#SUP: 84

[mousedown_Link][{longHover10sec_1507218315060]:#SUP: 47

[mouseup_Link][{longHover10sec_1507218315060]:#SUP: 47

[mousedown_Link][mouseup_Link][{longHover10sec_1507218315060]:#SUP: 46

x
Results Itemset1536756711253 @

Clear all Check all
mousedown_Link
mouseup_Link
mousedown_Image
mouseup_Image
mousedown_q

mouseup_q

longHover10sec_1507218315060

WevQuery

(/'MapReduce\\
Query Engine
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WevQuery: Testing Hypotheses about Web Interaction Patterns

AITOR APAOLAZA, School of Computer Science, University of Manchester
MARKEL VIGO, School of Computer Science, University of Manchester

International Journal of Human-Computer Studies 130 (2019) 196-208

Contents lists available at ScienceDirect

International Journal of Human-Computer Studies

journal homepage: www.elsevier.com/locate/ijhcs

Assisted pattern mining for discovering interactive behaviours on the web

Aitor Apaolaza, Markel Vigo*

School of Computer Science, University of Manchester, United Kingdom

Check for
updates

ARTICLE INFO ABSTRACT

Keywords: When the hypotheses about users’ behaviour on interactive systems are unknown or weak, mining user inter-

Interaction logs
Assisted pattern mining
User interface evaluation

action logs in a data-driven fashion can provide valuable insights. Yet, this process is full of challenges that
prevent broader adoption of data-driven methods. We address these pitfalls by assisting user researchers in
customising event sets, filtering the noisy outputs of the algorithms and providing tools for analysing such

outputs in an exploratory fashion. This tooling facilitates the agile testing and refinement of the formulated
hypotheses of use. A user study with twenty participants indicates that compared to the baseline approach,
assisted pattern mining is perceived to be more useful and produces more actionable insights, despite being more

difficult to learn.

1. Introduction

Understanding users’ interaction with complex interactive systems
is a challenging endeavour. While task-oriented user evaluations help to
optimise the user interface elements involved in the execution of known
tasks, user behaviour beyond the established boundaries of the tasks
remains unknown This pracmatism is understandable in that evalu-

surrounding interactions (Nebeling et al., 2013).

Challenge 2: Limited semantics. Raw user interaction events lack a
rich context of use from which one can extract meaningful conclusions.
To increase this lack of meaning, events should be associated with
elements on the website and mapped into the appropriate abstraction
levels (Hilbert and Redmiles, 2000; Liu et al., 2017; Perer and Wang,
2014) This would allow for instance. to transform mouse clicks on a

2:20/2:55

Wevquery - A scalable system for testing hypotheses about web interaction patterns

u https://youtu.be/@oUD-1RzydI

itHub

https://github.com/aapaolaza/WevQuery



https://youtu.be/0oUD-1RzydI
https:///
https://github.com/aapaolaza/WevQuery
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Interactive behaviours as features of user models
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« Behaviours become features
— Hypothesis driven vs data driven

« Computational representation of users/behaviours over time
Data is segmented into sessions

Features are fed into learning algorithms

Challenges when generating features on a data-driven fashion



Interactive behaviours as features of user models
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« Challenges when generating features on a data-driven fashion

— Noisy outputs: pattern overload due to subpatterns and minor variations
— Limited expressivity (domain experts needed)

1. Further filtering: maximise expressivity while reducing idiosyncrasy
* Longer patterns
* Frequent patterns

2. Further grouping: thematic analysis of patterns
e Treat patterns as codes O Q
 Humans in the loop generating themes

Goal/problem related
(e.g. searching for a patient;

Domain/task related
(e.g. typing patient ID)

abstraction +

Abstract interaction leve!
(e.g. typing on a text field)

granularity

+




Case studies



Medication safety dashboard

« Goal: characterise the use of clinical pharmacists vs non primary users
* Hypothesis driven features: dwell time, mouse hovers between clicks

« Supervised learning

« N=35, 10-months

m = - [ q I q
Persp
. . m Report d Comp: date:  Sortby
MLSBNEENRCEE) ¥ o B  3omay201s B B
At Elig 1 eligibl cce Success tul Action New Show on
Severity patients patients patients a trected . Avg (%) v pending  cases Trend top e m
Asthma and BETA 66 0 [
CKE! . Affected Eligible  %ofeligible patients ~ CCGAvg  Successful t Shew on
- ' ‘ cccccccccccccccccccccccccccccccccccccccc (%) intervention ding 1S ¢
0 [
Mild 20 665 301 396 0 20 0 [
/Al 0 INR [m}
Age=75 ACE/LOOPno | Mild 12 186 6.45 490 0 12 0 0
35 a ) UGE
WARF and no INR Moderate 7 63 141 912 0 7 0 o
O
smoker age=35 and Moderate 4 367 1.09 099 0 4 0 0
CcHe
u]
GiB/PU no GP and NSAID | Mild 3 53 566 467 o 3 0 o
ge265 1o GP anc 4 2500 122 o O
NSAID LABA and no ICS Moderate ' 3 11 270 173 0 3 0 0
- o WARF no GPand NSAID | Severe | 3 69 435 5.03 0 3 0 0
o HF and NSAID Moderate 2 7 282 271 0 2 0 0
o CKD/ACEI and NSAID Mild 2 8 25.00 20.88 0 2 0 o
WARF no GP and ASP Severe 2 36 5.56 858 0 2 0 0
a
AMIOD and no thyroid test | Mild 2 5 40.00 27.34 0 2 0 o
M [
GIB/PU no GP and Moderate 2 5 370 2,69 0 2 0 0
cKi ( ASP/CLOP
wh
thrombosis and CHC | Mild 1 254 039 011 [ 1 0 [
cKi 16 o
CKD and NSAID Moderate 1 89 112 262 0 1 0 0
2 27 u]
o Age=65 no GP and NSAID | Mild 1 4 25.00 12.26 [ 1 0 o
oK o HF and GLITAZONE Moderate | 1 70 1.43 1.66 0 1 0 o
DIG
v S BMI > 40 and CHC Severe 1 9 1.06 2.48 0 1 0 [

&d Yera, Muguerza, Arbelaitz, Perona, Keers, Ashcroft, Williams, Peek, Jay, Vigo (2019) Modelling the interactive behaviour of users with a medication safety dashboard in a primary care
setting. International Journal of Medical Informatics 129, https://doi.org/10.1016/].ijmedinf.2019.07.014



https://doi.org/10.1016/j.ijmedinf.2019.07.014

Behaviour evolution on a specialist search engine

« Goal: monitor search and exploration behaviours longitidinally
« Hypothesis driven features: clicks, scroll, dwell time, search terms...

* Unsupervised learning
« N=239, 20-months

Quick searcher Quick searcher
and non-explorers (150, 9) and explorers (202, 9) Explorers (217, 12)

Inactive users (223)

Explorers (55, 17)

]

Slow searcher Slow searcher Quick and active Active searcher
and explorers (6, 2) and explorers (27, 1) searchers (6, 4) and explorers (16)

W |




Engagement on a cMOOC

« Goal: engagement patterns of early career researchers on a cMOOC
« Data driven features: 130 activity patterns

* Unsupervised learning

« N=224, 4 weeks
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&d Gledson, Apaolaza, Barthold, Ginther, Yu, Vigo (2021) Characterising Student Engagement Modes through Low-Level Activity Patterns. ACM Conference on User Modelling,
Adaptation and Personalization, UMAP 2021. https://doi.org/10.1145/3450613.3456818



https://doi.org/10.1145/3450613.3456818

Achievement on a cMOOC

« Goal: associate patterns of use with achievement in online learning
« Data driven features: 23 activity patterns

« Supervised learning

« N=193, 4-weeks

* Assessed the data driven approach against known features

* Increase of 7% in accuracy in detecting students who are not going
to achieve a badge in the course

&d yu, Harper, Vigo (2021) Modeling Micro-Interactions in Self-Regulated Learning: a Data-Driven Methodology. International Journal of Human-Computer Studies.
https://doi.org/10.1016/].ijhcs.2021.102625



https://doi.org/10.1016/j.ijhcs.2021.102625

Conclusion

Low level interactions contain implicit cognitive markers
Added value in using low level interactions

Analysing low level interactions comes at a cost

Which can be mitigated with tool support

Specially for not data scientists

There are opportunities to interactively explore the problem
space
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