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Why analyse interaction traces?

O

go to bed  fall asleep

Regularities
e Users repeat actions and strategies
e Similar situations => similar behaviours

e Behaviour may evolve with experience
and context
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Exploiting interaction traces

e Describe and compare behaviours
e Predict future actions

e Adapt an interactive system

http://fennokni.deviantart.com/art/Daily-Life-117834930

A dataset provides a partial, instrumented trace of an interaction
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Analysis of interaction data

Interactive _
. Context System(S) Information
SYSTEM(S)
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Interactior

The data to analyze can be collected from:
* External/internal sensors (context of use)
* |nteraction data (log of user actions and/or activity)

* External data collected by the interactive system
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Specific properties of interaction data

Structure
e Events are ordered, temporal and often dependent
e Data Is nested into sessions, users and groups

Observation
e Traces may be incomplete, noisy or irregularly sampled
e Several devices may observe the same activity differently

Meaning and evolution
 An event depends on its history and context
e Users and interactive systems may change over time

Responsibility
e Interaction traces may reveal identity, habits and intentions
e Collection and reuse require explicit choices
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Problem modelling

From an interaction question to an evaluation protocol
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Modelling workflow

1. Interaction phenomenon
Activity or behaviour to study

|

2. Observable traces
What the system can record

|

3. Data representation
Structure given to observations

|

4. Target output
Result expected from the system

5. Problem class
Prediction, clustering, pattern mining, ...

6. Suitable method
Methods compatible with the representation

7. Evaluation
Evidence that the solution works

Each modelling decision constrains the following ones.
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Observation unit and context (1&2)

Possible units of observation Possible contextual information
e event or time window e user and task

e interaction episode or session e state of the interactive system
 USer or group e physical or social environment

e time and previous events

Example event: 12.4 s user_7 open_map puzzle 3 alone
Is this event one data instance, or one element of a larger instance?
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Discrete interaction traces (3)

Event sequence Sequence of itemsets

» ex: {move, move, collect, open_map) » ex: {{left_hand, right_hand}, {left_hand},

« Order is represented, but time may be omitted {right_hand})

* Representation: ordered set{a , a,, ..., a } . I_Evdeonts inside an itemset share a time step or
window

* Representations:
Timestamped sequence

e ex: {(move, 1.2), (collect, 3.8), (open_map, 8.1))
« Order and delays are represented {fa, a b, aLh e, a b

- ordered set of item-sets

- matrix

{ai,j}izl..m; j=1..n

Multiple sequences

e 2 users/devices may produce independent traces
e Their observations may be asynchronous

* Representation: set of ordered sets

flay, ah{a, apt o {a a1
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Continuous & mixed interaction traces (3)

Sampled signal Mixed trace

o X(t1), X(t2), ..., X(tn) e Events and sampled signals may describe the
e Example: voice intensity or pointer speed same Interaction

Multivariate signal Modelling choices

o X(tk) = [X2(tk), ..., Xm(t)] e sampling and synchronisation

« Example: position, gaze direction or body motion ~ * hormalisation and segmentation
* discretisation

Data contains sampled observations, not continuous functions!
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Target outputs and problem classes (4&5)

Next action Next-event prediction Groups of users or sessions Clustering

User or activity label Classification Future numerical value Regression or
forecasting

Similar interaction segments Similarity search or

alignment New behaviour sequence Generation

Repeated subsequences Pattern mining

The expected output determines the problem class.
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Evaluation and generalisation (7)

What should generalise? Parameter selection

e new sessions from known users e Choose models and parameters on development
* Nnew users data

e future interactions * Report final results on separate test data
Matching evaluation split Evaluation measure

« split by session, user or time e The metric must match the expected output

Evaluation choices belong to the problem definition.
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Activity: next-action prediction

In a video game, players can perform actions from the set

A = {move, jump, collect, attack, open_map}
The game records timestamped interaction traces for several sessions and players

Formalise a system that predicts the player's next action.

Identify:

1. the interaction phenomenon

2. the observable traces and analysis unit
3. the input and expected output

4. the problem class

5. an appropriate evaluation split
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Next-action prediction: correction

Phenomenon A player chooses an action according
to the current situation and previous actions

Trace Ty,s = ((as,t1,¢1), ..., (@n,tn,Cn))
Input xt = {(a,t1,C1), ..., (at,tt,Ct))
Output y: = at+1 €A

Problem class Supervised next-event prediction
Multiclass classification with a sequential input

Evaluation split

* by user for unseen users

* by session for new sessions
* by time for future behaviour

Possible metrics
Accuracy, top-k accuracy or macro F1.
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Discrete sequences
Similarity-based pattern extraction

Seguence alignment finds similar fragments
despite substitutions and missing or extra events
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Same behaviour, different traces

Two players may follow the same strategy while producing different recorded traces.

Trace A MENU MOVE AIM SHOOT RELOAD MOVE
Trace B MOVE MENU AIM WAIT SHOOT MOVE

Question: Do these traces contain a common interaction pattern?

Exact matching misses patterns altered by noise or variability.
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Sequence alignment

An alignment inserts gaps so that comparable events appear in the same columns.

Trace A MOVE AIM — SHOOT RELOAD
Trace B MOVE AIM WAIT SHOOT —

Match the events are identical
Substitution one event replaces another

Gap one trace contains an insertion or a deletion
The direction of insertion or deletion depends on the trace chosen as reference
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Global and local alignment

Global alignment Local alignment

Compares the two complete traces Finds the pair of fragments with the highest score
Useful when both traces describe the same Useful when a routine appears inside longer,
episode from beginning to end different episodes

LOGIN SEARCH OPEN SAVE LOGOUT SEARCH OPEN SAVE

IDLE SEARCH OPEN SAVE SHARE SEARCH OPEN SAVE

Smith-Waterman computes local alignments
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Scoring an alignment

Example scoring model MOVE AIM — SHOOT RELOAD
Match +2 MOVE AIM WAIT SHOOT —
Substitution -1 +2 +2 -2 +2 -2

Gap -2 Total score: +2

e The scoring model states which variations the method should tolerate
e A strong gap penalty favours contiguous patterns
e Scores must reflect expected variability and observation noise
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Activity: choosing an alignment

Use match = +2, substitution = -1 and gap = —2. Compute both scores and choose the best
alignment.

Alighment 1 Alighment 2
AB—CD ABC—D
ABXCD ABXCD

What interpretation does each alignment propose?
Which is the best alignment?
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Choosing an alignment: correction

Alighment 1 Alignment 2

AB—CD ABC—D

ABXCD ABXCD

+2+2-2+2+2=6 +2+2-1-2+2=3

Interpretation: X is an extra event. Interpretation: C becomes X, then C is inserted.

Alignment 1 has the highest score.
The scoring model selects the preferred explanation.
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Smith—-Waterman local alighment

* A matrix stores the best local score ending at each pair of positions.
 Previously computed prefixes provide the next value.
» A zero starts a new local alignment.

H[i,j] = max
0
H[i-1,j—1] + sub(xiy;)
H[I-1,)] + gap
H[i,j-1] + gap

Time and memory: O(mn)
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Dynamic programming calculation

Smith & Waterman
42’6 t[—l,—l] = 0,

3 %% 3 & ti,-1] = 0,
«v&o M 5 tl—-1,j] = 0,
[T . . .
| | ff'—‘\né t[l_1,.]_1]'."5Ub5(x[1],J’[J]),
#nsertlon \%J;, t[i,j] — max t[l.—.l,]]+Del(X[l.]),
20T eli, j—1]+Ins(y[ 1),
| 0
sub(x,x) =1
|SUb(—Xb|Z)|=—01 Remarks:
ns = del = - Al1[0]0 010711010 « Subs/Del/Ins have negative values
clof2]1 0\ 1lolol2]1
* The value at (i,j) position in table t only
T|O0|1[2]2 \1 Lo f2 depends on the 3 adjacent positions
clof{1|1]2 \ 21111
Altlol1]1]2\3|3]2]1
clof2l1]1|2]2]3]4]3
Glo|1[3|2]1]3]2]3]5
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Computing one matrix cell

X=ABC For H[3,3], compare C with C
Y=AXC restart: O
AXC diagonal: 1 +2 =3
0000 up: 0 -2 = -2
A0200 left: 0 —2=-2
BO0O1O H[3,3] =3
CcC0003

Each cell needs only its diagonal, upper and left neighbours.
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Traceback and extracted pattern

Traceback

e Start from the highest score in the matrix

 Follow the predecessor that produced each

value

» Stop when the score reaches zero

Result for the example
ABC
AXC

score =3

The substitution B/X is tolerated because the
surrounding matches compensate for its penalty

| A‘C‘G‘T‘C G‘A C‘G A‘C G‘T‘C‘G‘A‘C‘G
‘Al1]ololololo]l1]olo] [A]l1loflololo]lo]l1]0]o0
clof2]ofol1]o]o]2lo| |clol2]1]o]1]o]o]2]1
tlololoft]o]olofolo| [Tlolt1]2]2]t]1]o1]2
clof1]olol2]olol1lo| |clof1]1]2]3]2]1]1]1
Alt{ololololol1lo]o] [alt]oft]1|2]3|3]2]1
clof2]ofol1]ofo]|2lo]| [clo]2]1]1]2]2]3]4]3
Glolo|3|1lol2]olo|3] [Gglo]|1]|3|2]1]3]2]3]5

The matrix gives a score; traceback gives the aligned fragments.
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Activity: formalising pattern extraction

A dataset contains discrete interaction traces. We want to extract pairs of locally
similar behavioural fragments.

1 Observable data What is recorded?

2 Representation How do we represent one trace and the dataset?

3 Expected output What precisely constitutes an extracted pattern?
4 Parameters \WWhich modelling choices influence the result?

5 Evaluation What evidence would show that the extraction is useful?
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Pattern extraction: formal model

Alphabet A finite set of interaction events A
Dataset T = {t;, ..., t:}, with each ti € A*

Parameters substitution scores, gap penalty, minimum
score 0 and optional minimum length ¢

Output pairs of subsequences x € tiand y < tj, their
alignment and score, with score > 6

Problem class similarity-based local pattern extraction

Method pairwise local sequence alignment, followed by
selection or grouping of alignments

Possible evaluation

e precision and recall against annotated patterns
« stability when traces or scores change

e runtime and number of redundant patterns

The parameters express assumptions about
behavioural variability and sensor noise
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From alignments to frequent patterns

Pairwise local alighments Frequency questions

(t1, tz) SEARCH OPEN  How many times does a pattern occur?

(t1, ts) SEARCH OPEN SAVE * In how many traces or users does it occur?
(t2, ts) SEARCH OPEN e Must occurrences match exactly?

e How should similar candidates be grouped?

The result may contain many overlapping or
redundant candidates.

Frequency requires a precise definition of an occurrence and its population
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Discrete sequences
Frequency-based pattern extraction

Suffix trees index exact contiguous patterns and their occurrences.
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What counts as the same pattern?

Substring events are consecutive: AB
Example occurrence: XABY

Subsequence events stay ordered but gaps are allowed: A ... B
Example occurrence: XACDBY

Approximate pattern substitutions or gaps are accepted according to a score
Sequence alignment addresses this third case

Suffix trees index exact substrings.
Support may count occurrences, traces or users.
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Suffix trie for one trace

Trace: ABA S root

— A
Suffixes and starting positions | =B—A—-$[0]
0ABAS | —$[2]
1BAS —B—A—S$[1]
2A$ —$[3]
3%

A root-to-leaf path spells one suffix.

The terminator $ makes every suffix end at The leaf label stores its starting position
a distinct leaf
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Activity: constructing a suffix trie

Trace: ABB $

1 List every suffix and its starting position.

2 Insert the suffixes into a trie.

3 Which substring occurs more than once?

4 How can you identify that repetition in the trie?

Three minutes in pairs

32/88



Suffix trie: correction

OABBS$
1BB$
2B$
3%

root
A—B—B—$[0]
B

| —B—%$[1]

| $102]

L $[3]

B occurs twice.
Its node has two descendant leaves: [1] and [2].
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From suffix trie to suffix tree

Compaction Leaf labels
A non-branching path becomes a single labelled [p] the suffix starts at position p
edge

The compact tree keeps the same suffixes and Positions use zero-based indexing in these
branching points slides

ForABAS$
root

A
| —BAS$[0]
| —$[2]

—BAS$[1]
L $[3]
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Example of suffix trie




Generalised suffix tree

T.=ABABS$1 Direct construction
T-=XABC $2 1 Append a unique terminator to each trace.
2 For each position p, insert the suffix starting at p.

Unigue terminators prevent suffixes from different 3 Label its leaf with (trace, position).

traces from merging at their ends. 4 Compress maximal non-branching paths.

h For total length N, this direct construction may take O(N?)
Path AB time. The compact tree occupies O(N) space.
descendant leaves: (1,0), (1,2), (2,1) Linear-time construction algorithms exist, but their
occurrence count = 3 implementation is outside this course.

trace support = 2

Leaf labels
(k,p) the suffix starts at position p in trace k

Example
(2,0) denotes the complete suffix beginning with the first event of trace 2.

36/88



Generalized suffix tree (multiple words)

Generalized suffix tree for
{tata$, taca#}
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Activity: querying repeated patterns

T.=ABCABD
T==XABCY

1 What is the longest substring present in both traces?
2 Where does it start? Use zero-based positions.

3 Give its occurrence count and trace support.

4 Does the shorter pattern A B occur more often?
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Repeated patterns: correction

Longest shared substring More frequent shorter substring
ABC AB

positions: (1,0), (2,1) positions: (1,0), (1,3), (2,1)

occurrence count = 2 occurrence count = 3

trace support = 2 trace support = 2

Longest and most frequent describe different target outputs.
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Case study: recurrent navigation paths

Interaction phenomenon Target output

Users repeatedly follow similar paths through an Repeated navigation substrings with their positions
online health catalogue. and supports.

Observable traces Suitable method

Page requests, timestamps and session Generalised suffix tree and longest repeated
information. substrings.

Representation Interpretation limits

One resource identifier per page and one The result depends on episode boundaries and
terminated sequence per episode. resource encoding. Exact matching does not

tolerate noisy or alternative paths.

CISMeF example
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Application: CISMeF

* Extraction of recurrent behaviors in the navigations
within an online health catalog (CISMeF)

CISMeF A propos de Sites et documents médicaux

Terminologies de Santé Autres outils

DocCiSM:F T

Outil de recherche en santé

598 entrees trouvees en 0,63 5 wrys concept(s) identifié(s) : 0804493 - asthme asthme

Vos recherches (1)
Méme recherche avec
Voir aussi

Votre sélection
Affiner

Editeur

(136) Centre Cochrane Francais
(97) HAS - Haute Autorité de Santé
(29) Minerva - Revue d'Evidence-Based Medicine

(21) Revue Médicale Suisse

Type de Ressource

(142) résume ou synthése en francais
(108) article de périodigue
(74) revue de la littérature

(73) avis de la commission de transparence

Indexation
(191) asthme

(238) asthme/traitement médicamenteux
(195) enfant

(169) résultat thérapeutique

Niveau d'études
(15) 2eme cycle / master

(5) 3eme cycle / doctorat
(2) ler cycle / licence
Pays
" (398) France
(71) Canada
(54) Belgique

(50) Suisse

Année
(23) 2016
(47) 2015

(40) 2014

m anas

asthme

1

Aide Se connecter

Recherche Avancée 3
« x (B

Traitement de I'asthme chronique chez I'enfant : ajout de béta2-mimétiques a longue durée d’action (LABA) aux corticostéroides inhalés (CSI) ?
Minerva - Revue dEvidence-Based Medicine Belgique 2016

*lecture critique d'article;

Cette synthése méthodique avec méta-analyse de la Cochrane Collaboration de bonne qualité méthodologique rassemblant les meilleures preuves actuellement disponibles n'apporte
que peu de support factuel & I'ajout d’'un LABA aux CSl chez les enfants asthmatiques insuffisamment contrélés par un CSI seul. Aucune diffiérence quant aux effets indésirables n'a été
observée hormis un ralentissement de la croissance dans les groupes utilisant les doses les plus élevées de CSI. Un risque potentiel majoré d'hospitalisation sous LABA mérite une
aftention particuliére & I'avenir.

Vair 'indexation (11)

INNOVAIR FORMODUAL INNOVAIR NEXTHALER FORMODUAL NEXTHALER 200/6 pg/dose Mise a disposition d'un nouveau dosage (200/6 pgldose) /
des en complément du dosage a 100/6 pgldose. Ces nouvelles spécialités ont une AMM uniquement dans I'asthme

HAS - Haute Autorité de Santé France Paris 2016

*avis de la commission de transparence;

"Le service médical rendu par INNOVAIR/FORMODUAL 200/8 pg/dose, solution pour inhalation en flacon pressurisé, et INNOVAIR/FORMODUAL NEXTHALER 200/6 pg/dose, poudre pour

inhalation, estimportant dans les indications de I'AMM. INNOVAIR/FORMODUAL 20046 pg par dose, solution pour inhalation en flacon pressurisé, INNOVAIR/FORMODUAL NEXTHALER

200/6 pg par dose, poudre pour inhalation, n'apportent pas d'ameélioration du service medical rendu (ASMR V) par rapport a INNOVAIR/FORMODUAL 10046 pgidose, solution pour

inhalation en flacon pressurise, INNOVAIR/IFORMODUAL NEXTHALER 100/6 pg/dose, poudre pour inhalation et aux autres associations fixes corticoide + béta-2 agoniste de longue durée

d'action dans le traitement continu de I'asthme persistant...”

Vair lindexation [19)

Quelle place prend I'immunothérapie par voie sous-cutanée ou sublinguale dans le traitement de I’asthme et de la rhinite allergique? In /
PHARMACTUEL, Vol. 49, No. 1, 2016

Pharmactuel - |a revue internationale francophone de  Canada 2016

la pratique pharmaceutique en établissement de santé

*article de périodique;

“Limmunothérapie est pertinente lorsque I'arsenal habituel de médicaments ne permet pas d'obtenir une maitrise acceptable et suffisante des symptdmes d'asthme et de rhinite allergique

C'est également une option lorsque I'évitement de I'allergéne estimpossible ou ne donne pas les résultats attendus. Les allergies affectent actuellement le quart de la population mondiale

Cetarticle & pour objectif de répondre & la question suivante : « Quelle estla position de lmmunothérapie ciblée par rapport aux standards thérapeutiques pour I'asthme et la rhinite

allergique, en monathérapie ou en combinaison? ».."

Vair lindexation [12)

Asthme du nourrisson et de I'enfant /
SIDES - Référentiel Officiel du College des France 2016

Enseignants de Radiologie de France et du College

National des Enseignants de Biophysigue et Médecine

Nucléaire

*cours; épreuves classantes nationales;

"L'asthme se définit comme la récidive d'au moins trois épisodes de dyspnée expiratoire sifflante avec sibilants, quel que soit le facteur déclenchant, et I'existence ou non d'un terrain

atopique. ll est rés fréquent et fait suite le plus souvent & un épisode typigue de bronchiolite aigué virale. L'asthme sévére se traduit par une insuffisance respiratoire aigué.”

Vair l'indexation (5)

Asthme mal contrdlé sous CSI chez I'adulte : ajout de LAMA ou de LABA ? /
Minerva - Revue dEvidence-Based Medicine Belgique 2016

*lecture critique d'article;

"Question clinique Chez les patients souffrant d'un asthme mal contrdlé sous CSI seuls, quelles sont 'efficacité etla sécurité de I'ajout d'un LAMA versus I'ajout d'un LABA ?”

Vair l'indexation (8)

1234

10..30 p

© 2016 CHU de Rouen - CISMeF - Powered by Vaadin }>
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Application: CISMeF

* Data preparation

- Episode extraction: IP + semantic distance between
documents + time between requests

— Resource identification: unique ID + delimiter
example of session: /59451//303901/ /170702/

* Recurrent pattern extraction

— Generalized suffix tree
- Longest repeated substrings
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CM1 synthesis

Similarity-based extraction Frequency-based extraction

e Sequence alignment tolerates substitutions and ¢ Suffix trees index exact contiguous patterns.
gaps. e Occurrence count and trace support answer
e The scoring model defines acceptable different questions.

variations. « Segmentation and encoding determine the

e Frequency requires an additional grouping step.  patterns found.

Method choice follows the formalisation of the interaction problem.
Next: richer representations, evaluation and other mining methods.
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CMZ2: richer interaction data

How can we preserve simultaneity?

How can we discover repeated behaviour while preserving order?

How can raw signhals become analysable data?

The representation determines which patterns a method can find.
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The representation is part of the model

Modelling step

Guiding question

Interaction phenomenon

What behaviour or situation do we want to study?

Observable traces

What can the system actually record?

Data representation

Which structure must the data preserve?

Target output

What should the result describe?

Problem class

What computational problem does this define?

Suitable method

Which method solves that problem?

Evaluation

At which level should the result be validated?

Today: what structure must the data representation preserve?

simultaneity

time distance
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Activity: what information must be preserved?

Trace A

00:08 search speech
00:08 filter touch
00:15 open touch

Multimodal events

Trace B

login
search
open
Save

Interaction actions

Trace C

(x1, y1,1t1)
(x2,y2, t2)

'('in, yn, tn)

GPS samples

Identify the information that must not be lost when preparing each trace for analysis.

Question 1

Which observations belong

together?

Question 2

Does their order matter?

Question 3

Is the distance between values
meaningful?
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Three structures to preserve

Observable trace

Relevant structure

Possible representation

Multimodal events

Simultaneity and source

Sequence of itemsets

Interaction actions

Order, repetitions and gaps

Discrete sequence

GPS samples

Position, time and distance

2D time series or trajectory

Algorithm selection comes after the representation choice.
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Discrete sequences of item-sets
Pattern extraction
Similarity-based approach
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Routine extraction by matrix alignment
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Approach (similar to sequences)

P ———

Decomposition in two separated steps
* Extraction of (pair of) interaction patterns
* Clustering of interaction patterns
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Routine extraction by matrix alignment

n-1 n
a1 | By
Ay | G
Cor | A
By | Ag
e
B,, | B,
Coa | G
Ant | G
C.,
B, | A,

/1

\‘aﬁgnment

1 2 n-1 n
B, | A,
Cor | An
By, | G,
B, | C,
Bl | G
Api | By
Apr | G
C | B ol | B
C, | B, A, | B,
C, A AL | C,
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Routine extraction by matrix alignment
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determine local
similarities
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Routine extraction by matrix alignment

sim(a,b) =

0
( sim(aj 1,b1,1) +sim(a[0,0] 1.6[0,0] T) +sim(a [0, 1] <, 0[0,1] <) (I \
sim(ay.1,01.1) +sim(a [1,0] 1,0[1,0] ) + sim(a [0, 0] <=, 0[0,0] <) (II)
max sim(ao.1,bo.1) + sim(a [0,0] 7,0[0,0] 1) (111)
sim(a1,0,b1,0) + sim(a [0, 0] <, b[0, 0] <) (IV)
sim(ao,0, b1,0) + indel(0[0, 0]) + sim(a0, 0] <=, 0[1,0] <) (V)
\ sim(a0,bo.0) + indel(b[0,0]) + sim(a[1, 0] <, b[0,0] <) (V1)

—— ] .]]
— - ][]
o Y
-\
FRRRRERN v

i-1 plane i lies on the x-axis
1-1 plane j lies on the y-axis
k-1 planc k lies on the z-axis
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Evaluation: usual measures

relevant elements e Model evaluation:

false negatives true negatives

- Precision

|{relevant documents} N {retrieved documents}|

precision = -
|{retrieved documents}|

true positives  false positives

- Recall

|{relevant documents} N {retrieved documents}|
recall =

|{relevant documents}|

precision - recall

selected elements — F_measu re F=2-

precision + recall

How many selected How many relevant
items are relevant? items are selected?
* R ks:
emarkKs.
Precision = Recall = ——

- Unbalanced classes!
- Evaluation by class

55/88
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Routine extraction by matrix alignment

Evaluation

* Data and ground truth

Total pattern cells: 24
Total aligned cells: 20
Aligned pattern cells =16
Precision = 16/20 = 4/5
Recall = 16/24 = 2/3

Size ratio = 20/24 =5/6

* Computation time

 Precision and recall for
each pattern alignment

* Alignment size

 Number of alignments

(False Positives) (True Negatives)
Aligned cells outside pattern Unaligned non-pattern cells
Unaligned pattern cells Aligned pattern cells

(False Negatives) (True Positives)
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Routine extraction by matrix alignment

* Synthetic data generation

e Scenarios:

1) Regular activity, no noise

2) Regular activity, noise between patterns

3) Noisy patterns
4) lrregular pattern apparition
5) Faulty sensors (3% random data)

R R RS RN
7 Y A Y T '
SRR R

AP RO RIS L AN RN LR
o 1 A 8 Y N Y
] B IR IR N IL TR AT

Measure Dataset 1 | Dataset 2 Dataset 3 Dataset 4 | Dataset 5
g 10314£0.26 | 0.69+0.29 | 0.041+0.054 | 0.31£0.26 | 0.2240.32
precision | 0.54+0.22 | 0.77£0.20 | 0.13£0.06 | 0.52+0.24 | 0.54 £0.18
recall | 1.00+£0.00 | 1.00 +0.00 | 0.56 +0.19 | 1.00 £ 0.01 | 0.20 £ 0.06
LN | 566 £4.48 | 2454251 | 6.7243.96 | 6.65+6.08 | 1.60 +0.24




Sequences of itemsets

Several observations may describe the same interaction step
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From event logs to sequences of itemsets

Source
00:00 login keyboard
00:08 search speech
00:09 filter touch
00:15 open touch
00:42 save keyboard

After synchronisation

( {login},
{search, filter},

{open},
{save} )

The time window defines which events are
simultaneous.
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Similarity between itemsets

Exact match Partial match

{search, filter} = {search, filter} J(A,B) = |[AnB| / |AU B|

Jaccard similarity

{search, filter} {search} 1/2
{open, save} {open, print} 1/3
{login} {logout} 0

The local similarity must reflect the interaction question.

50/75



Alignhing sequences of itemsets

Routine A ({login}, {search}, {search, filter}, {save})

Routine B ({login}, {search}, {select}, {search, filter}, {save})

Possible alignment

A {login} {search} { gap } {search, filter} {save}
B {login} {search} {select} {search, filter} {save}

Scoring choice Role

Itemset similarity Scores local matches

Gap penalty Controls tolerated extra steps
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Activity: specify an alignment model

A ({home}, {door}, {kitchen, 1light}, {coffee})
B ({home}, {door}, {hall}, {kitchen, 1light}, {coffee})

C ({home}, {door}, {kitchen}, {coffee, music})

Using the concepts introduced on the previous slides, propose:
® \What are the input objects?

® How should two itemsets be compared?

® How should an extra or missing step be penalised?

® \\What should the output contain?

® How would these choices affect the comparison of A with B and A with C?
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Correcti

on: a defensible model

Possible choice

Input Two sequences of (synchronised) itemsets

Local score Jaccard similarity between itemsets

Gap cost A fixed penalty for an extra or missing step

Output The best alignment and a normalised similarity score

Aversus C:
J({kitchen, light}, {kitchen}) = 1/2
J({coffee}, {coffee, music}) = 1/2

A versus B:
one gap corresponds to {hall}

Deciding whether two traces describe the same routine requires an
additional threshold or clustering step
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Evaluation: choose the correct level

Evaluation unit Useful evidence
Detect routine occurrences Occurrence Precision, recall, F1
Recover routine types Pattern Coverage and expert matching
Generalise across people User Results on unseen users

» Ground truth must describe the same unit as the output.

» For unbalanced classes, report precision, recall and F1 for the target class or report class-
specific scores and macro-F1

« Computation time matters when traces grow.
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Interaction data need grouped splits

Random event split

Events from the same user or session
appear in both training and test data. The
measured score may reflect memorisation.

Deployment claim

Future sessions from known users

Grouped split

Keep complete users, sessions or time

periods together. The split must match the

intended deployment.

Recommended split

Chronological split by session

Behaviour of new users

User-disjoint split

Future system usage

Temporal holdout

Never split individual events from the same session
across training and test data.
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Frequent sequential patterns

Repeated behaviour while preserving order
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An unordered set loses behavioural structure

Session 1 Session 2

(login, search, open, save) (login, open, search, open, save)

If we retain only the actions that occurred (regardless of how many times)

{login, search, open, save} {login, search, open, save}

What information has been lost?

Repetitions Adjacency and gaps Duration

intermediate actions

search before and after open | open occurs twice di
isappear

lost without timestamps

Sets describe co-occurrence. Sequences describe ordered behaviour.
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Sequential patterns and trace support

Trace S = (login, search, open, save)
Pattern P = (search, save)

P occurs in S because its events appear in the same order (with a little gap).

Trace support

support(P) = number of traces containing P / number of traces

A pattern repeated 20 times in one trace still contributes one trace to this support.
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Activity: count trace support

S1 (login, search, open, save)

S2 (login, search, open, save)

S3 (login, open, back, open, save)
S4 (login, search, open, logout)

Pattern Trace support Frequent if minsup = 3?
(login, open) ? ?
(search, open) ? ?
(open, search) ? ?

(open, save) ? 2
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Correction: trace support

S1 (login,
S2 (login,
S3 (login,
S4 (login,

search, open, save)
search, open, save)
open, back, open, save)
search, open, logout)

Pattern Supporting traces Support Frequent?
(login, open) S1, S2, S3, S4 4/4 Yes
(search, open) S1, S2, S4 3/4 Yes
(open, search) None 0/4 No
(open, save) S1, S2,S3 3/4 Yes

Frequent individual events do not imply a frequent ordered pattern.
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PrefixSpan: projected pattern growth

Operation

1 Find frequent one-event prefixes.

For each prefix, retain the suffix that follows it in

2 every trace.
3 Find frequent extensions in this projected database.
4 Extend the prefix and repeat recursively.

PrefixSpan searches projected databases instead of generating every candidate
sequence.

Note: both Suffix trees and PrefixSpan exploit prefixes and suffixes to avoid repeatedly
examining the complete data. However, suffix trees index contiguous substrings, whereas
PrefixSpan recursively explores frequent subsequences through projected databases.
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Example: a projected database

Prefix (login, open)

Projected suffixes

S1 (login,
S2 (login,
S3 (login,
S4 (login,

search, open, save)
search, open, save)
open, back, open, save)
search, open, logout)

Trace Suffix after the prefix

S1 (save)

S2 (save)

S3 (back, open, save)
S4 (logout)

save occurs in 3 projected suffixes
Frequent extension: (login, open, save)

Note: at this stage, gaps between matched events are unrestricted
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Constraints define meaningful patterns

Constraint

Minimum support

Question it answers

How widespread must the pattern be?

Maximum gap

How many intermediate events are acceptable?

Maximum duration

How much elapsed time is acceptable?

Maximum length

How complex may a reported pattern become?

Support unit

Sessions, users or episodes?

(open menu, select item) may mean something different after 2 seconds and after 3 days.
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Frequent patterns still need interpretation

Pattern

Possible interpretation

(login) 100% Frequent but trivial
(open, save) 75% Potentially useful workflow
(error, retry, abandon) 12% Rare but important failure path

 Low thresholds can produce too many redundant patterns.

 Closed or maximal patterns reduce the number of outputs.

* A frequent pattern describes association, not causality.
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Continuous and multivariate signals

Raw samples need an analysable representation
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A continuous phenomenon becomes sampled data

2,5

15

0,5

» Choose a sampling rate.

» Handle noise and missing values.

» Resample when streams use different
clocks.

* Preserve the temporal scale required
by the task.

Sampling is already a modelling choice.
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Discretisation changes the question

Pointer speed Symbol

_ (still, slow, fast, fast, slow)
tl 0.1 still
t2 0.4 slow
3 13 fast * Fixed thresholds use domain knowledge.
4 1.7 fast « Clustering can learn data-driven states.
t5 0.3 slow
 Personal thresholds account for user differences.

Different discretisations produce different patterns.
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GPS is a two-dimensional signal

35 -
Raw representation
3
((Xllylrtl)l vy (X”Iynrt”))
25
2
Symbolic representation
15
(Home, Campus, Shop, Home)
1
0,5
0
0 0,5 1 15 2 25 3 35 4 45 5

Place extraction requires a spatial radius and
a dwell-time threshold.
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Example: GPS signal

Daniel Ashbrook & Thad Starner : « Using GPS to learn significant locations and predict
movement across multiple users », Personal and Ubiquitous Computing, volume 7, number 5,
pp. 275-286, Springer, 2003.

* Finding significant places / positions
(time dependence: time threshold)

* Clustering places into locations | keypoints
(spacial dependence: cluster radius)




GPS signal

Example




Multiple sensors require synchronisation

Stream Typical timing Example observation

Gaze 60 Hz fixation coordinates

Pointer event based click or movement

Heart rate 1Hz beats per minute

Speech interval based utterance segment
Common time grid Direct comparison, possible interpolation
Event-centred windows Preserves interaction episodes

Separate models Combines results after independent processing

69/75



(Multiple) Continuous signals

C=C(t) C=(c((t)) .Cy(15), ..., C, (1) C=(¢;.Cp ..., C 1)
R - Re No—> N» N->N»
1.110.310.2]0.8 A TA AL A,
\ e 0.7—0.2 B, A, | A5|A
P 0.4/0.50.3 C, B, [ A,
N\ L VDU 1 [P2 | D310
/\/ 0.4/0.6/0.4 C, B, | B;A,
> discretisation [y gl 10.5/0.5] synchronisation B, |B, | B4|B,
t 0.810.3102 and classification B, |A, | A,[B,
" [0:500.60.2 " |c. B, [A,[B,
Vv \ 4
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Activity: formalise before choosing a method

Scenario

A learning platform records clicks, hint requests, submissions and pointer speed. We
want to study recurrent help-seeking behaviour.

Field Your formalisation

Input

Representation

Target output

Problem class and method

Evaluation and split
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Correction: two valid problem formulations

Discover recurrent behaviour Predict a request for help

Element Element

Features from a fixed time
window

Sequence of event itemsets and

Representation Speed states

Representation

Probability of a future hint

Output Frequent sequential patterns Output request

PrefixSpan with temporal . e
Method constraints Method Supervised classification
Evaluation Support on held-out users Evaluation User-disjoint precision and recall

The target output determines the problem class.
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CM2 synthesis

Representation

Structure preserved

Possible methods

Sequence of itemsets

Order and simultaneity

Alignment, PrefixSpan

Continuous signal

Amplitude and time

Time-series analysis, clustering

Symbolic sequence

Discrete states and order

PrefixSpan, HMM

Interaction phenomenon
Observable traces
Data representation
Target output
Problem class
Suitable method
Evaluation

Representation is part of the model.
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Additional material

Reference slides not required during the 90-minute lecture
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Apriori and PrefixSpan

Property

Apriori

PrefixSpan

Input Unordered transactions Ordered sequences
Output Frequent itemsets Frequent sequential patterns
Search Candidate generation and pruning Projected databases

Preserves order

No

Yes

Shared principle: if a pattern is not frequent, none of its extensions can be frequent.
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