SHP Life Event Histories

Exploring the sequencing and timing of life events

Gilbert Ritschard

Reto Biirgin and Matthias Studer

NCCR LIVES et Institute for demographic and life course studies
University of Geneva
http://mephisto.unige.ch

Lausanne Conference on Sequential Analysis
University of Lausanne, June 6-8, 2012

UNIVERSITE

L]\/Eiﬁ:‘ DE GENEVE

SHP Life Event Histories
Introduction
Objectives

Objectives

o (Non tree) data-mining-based methods

o Discovering interesting information from sequences of life
events, i.e. on how people sequence important life events
o What is the most typical succession of family or professional life
events?
o Are there standard ways of sequencing those events?
o What are the most typical events that occur after a given
subsequence such as after leaving home and ending education?
o How is the sequencing of events related to covariates?
o Which event sequencings do best discriminate groups such as
men and women?

o Mining of frequent (Agrawal and Srikant, 1995; Mannila et al., 1995;
Bettini et al., 1996; Mannila et al., 1997; Zaki, 2001) and discriminant
event subsequences
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Objectives (continued)

@ Demonstrate the kind of results that can be obtained by mining
event subsequences

@ Search for

e most frequent subsequences
o subsequences that best discriminate groups (provided covariate)

[~

But also, computing dissimilarities between event sequences

[~

which permits then
o clustering event sequences
o principal coordinate analysis (multi-dimensional scaling)
o find out medoids or density-based representative sequences
o discrepancy analysis and regression trees ...
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What's new

@ Previous attempts with event sequences in social sciences (e.g.
Billari et al., 2006; Ritschard et al., 2007) mainly consisted in counting
predefined subsequences.
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Event sequences versus state sequences

o State sequence: states last a whole interval period

age 20 21 22 23 24 25 26
state 2P 2P A A UC UC UC

e Event sequence: events occur at a given (time) position

o Interest in their order, in their sequencing
o Can be time stamped (TSE)

id Timestamp Event

101 22 Leaving Home
101 24 Start leaving with partner
101 24 Childbirth
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The Biographical SHP Data

[

Sequences derived from the biographical survey conducted in
2002 by the Swiss Household Panel www.swisspanel.ch

@ Retain the 1503 cases studied in Widmer and Ritschard (2009)
with techniques for state sequences

Only individuals aged 45 or more at survey time

[

Focus on life trajectory between 20 and 45 years

Granularity is yearly level
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The Cohabitational State Sequences

Cohabitational trajectories

Biological father and mother

One biological parent

One biological parent with her/his partner
Alone

With partner

Partner and biological child

Partner and non biological child
Biological child and no partner

Friends

= Other

1503), sorted
IEmEmE

1503 seq. (n:

1135 307 479 651 823 995 1186 1396

20 22 24 26 28 30 32 34 36 38 40 42 44
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The Occupational State Sequences

Occupational trajectories

Missing
Full time
Part time
Neg. break
Pos. break
At home
Retired
Education

om

1503), sorted

|

1503 seq. (n:
1135 307 479 651 823 995 1

20 22 24 26 28 30 32 34 36 38 40 42 44
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Short and long state labels

Cohabitational Occupational

2P Biological father and mother Mi Missing
1P One biological parent FT Full time
PP One biological parent with her/his partner PT Part time
A Alone NB Neg. break
U With partner PB Pos. break
ucC Partner and biological child AH At home
UN Partner and non biological child RE Retired

C Biological child and no partner ED Education
F Friends

O Other
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Events associated to cohabitational state transitions

@ For cohabitational trajectories, we convert states to events by
defining the events associated to the state transitions

2P 1P PP A U uC UN C F 0

2P |l2P|I "1Pl| IIPPII IILH’AII "LH’U" IILH’U’CII |ILH,U,C|I "LH,C" l|LH,AV| "LH’OH

1P |l2P|I "1Pl| IIPPII IILH’A" "LH’U" IILH’U’CII |ILH,U,C|I "LH,C" ||LH,AV| "LH’OH

PP |l2P|I "1Pl| IIPPII IILH’A" "LH’U" IILH’U’CII |ILH,U,C|I "LH,C" ||LH,AV| "LH’OH

A |l2P|l n 1Pl| IIPPII |IA|I |IU|I I|U,C|| IIU’C" |IC|I nn |IU|I

U |l2P|I n 1Pl| IIPPII IIUE’A" |IU|I '|C'| "Cll |IC|I ||UE,AV| "UE’OH

UC |I2P|I n 1Pl| IIPPII HUE,CL,A!I IVCL" I|U,C|| |ICL’C|I "UEI! IIUE’CL’AII |IUE’CL,D|I

UN |I2P|I n 1Pl| IIPPII HUE,CL,A!I IVCL" '|C'| "U’C" "UE’C" IIUE’CL’AII |IUE’CL,D|I

C |l2P|I "1Pl| IIPPII IICL’A" IVCL’U" '|U'| |ICL’C|I |IC|I ||CL,A!| "CL’OH

F |l2P|I n 1Pl| IIPPII nn |IU|I I|U,C|| "U’C" |IC|I IIAII |IU|I

0 |l2P|I n 1Pl| IIPPII |IA|I |IU|I I|U,C|| "U’C" |IC|I IIAII |IU|I
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Creating the event sequences

@ We create the cohabitational event sequence object as follows
using the previous matrix (denoted transition.coh.mat)
R> shpevt.coh <- seqecreate(seqgs.coh, tevent=transition.coh.mat)
@ For occupational trajectories, we define an event for the start
of each spell in a different state

R> shpevt.occ <- seqecreate(segs.occ, tevent="state")

after having merged the ‘At home' a1 and ‘Retired’ r states.
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Rendering cohabitational event sequences
(Biirgin et al., 2012)

Cohabitation
rendered: 47.8%, n = 1503

CL 5

LH
PP

1P

2P

order position
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Rendering occupational event sequences
(Biirgin et al., 2012)

Occupation
rendered: 66.7%, n = 1503

PB |

NB —

AH —

PT

FT

ED —

order position
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Frequent subsequences versus Frequent itemsets - 1

@ Mining of frequent itemsets and association rules has been
popularized in the 90's with the work of Agrawal and Srikant (1994);
Agrawal et al. (1995) and their Apriori algorithm.

o Find out items that customers often buy together
o Symptoms that often occur together before a failure
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Frequent subsequences versus Frequent itemsets - 2

@ Interest on sequences for accounting for the time order of the
buys or symptoms

@ Mining typical event sequences is a specialized case of the
mining of frequent itemsets

e More complicated however

e Must specify a counting method: How should we count multiple
occurrences of a subsequence in a same sequence?

e Which time span should be covered? Maximal gap between two
events? ...

@ Best known algorithms by Bettini et al. (1996), Srikant and Agrawal
(1996), Mannila et al. (1997) and Zaki (2001).

@ Algorithm in TraMineR is adaptation of the tree search
described in Masseglia (2002).
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Events and transitions

o Event sequence: ordered list of transitions.

@ Transition: a set of non ordered events.

Example

(LHome, Union) — (Marriage) — (Childbirth)

o (LHome, Union) and (Marriage) are transitions.

@ “LHome", “Union” et “"Marriage" are events.
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Subsequence

@ A subsequence B of a sequence A is an event sequence such
that

o each event of B is an event of A,
o events of B are in same order as in A.

Example
A (LHome, Union) — (Marriage) — (Childbirth).
B (LHome, Marriage) — (Childbirth).
C (LHome) — (Childbirth).

o C is a subsequence of A and B, since order of events is
respected.

@ B is not a subsequence of A, since we don't know in B whether
“LHome"” occurs before “Marriage”.
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Terminolgy

Frequent and discriminant subsequences

@ Support of a subsequence: number of sequences that contain
the subsequence.
o Frequent subsequence: sequence with support greater than a
minimal support.
o A subsequence is discriminant between groups when its support
varies significantly across groups.
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Terminolgy

Episode structure constraints
Joshi et al. (2001)

For people who leave home within 2 years from their 17, what are
typical events occurring until they get married and have a first
child?

edge constraints
Q"
(0,10, 10)
LH,17 e 7 sparallel
elastic
0
w = 2 w = 1 4
I
‘ event constraints

node constraint
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Terminolgy

Counting methods (Joshi et al., 2001)

U Searching (U,C)
U U C C C min gap= 1, max gap= 2, win size= 2
2‘0 2‘1 2‘2 23 2‘4
— indiv. with episode COBJ =1
— windows with episode CWIN = 3
T min win. with episode CminWIN = 2
-—
—— . distinct occurrences CDIS.o =5
- dist. occ. without overlap  CDIS = 3,
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Frequent cohabitational subsequences
10 most frequent subsequences, min support = 50

o With at least 2 events

Remember that we assigned the state at age 20 as start event

Subsequence Support Count #Transitions #Events
1 (2P) = (LH) 0.621 934 2 2
2 (2P) = (V) 0.582 874 2 2
3 (2P) = (Q) 0.477 717 2 2
4 (LHU) 0.454 682 1 2
5 (U)—(Q) 0.429 645 2 2
6 (2P) — (LH,U) 0.392 589 2 3
7 (LH) = (Q) 0.382 574 2 2
8 (A)—= (V) 0.376 565 2 2
9 (2P)— (LH)—(c) 0.325 489 3 3
10 (cu) 0.291 437 1 2
L]VE‘.ﬁ‘.‘
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Frequent cohabitational subsequences - 2
10 most frequent subsequences, min support 50

o With at least 2 events and 3-year maximum time span

Remember that we assigned the state at age 20 as start event

Subsequence Support Count #Transitions #Events
1 (LHUL) 0.454 682 1 2
2 (cU) 0.291 437 1 2
3 (2P) = (LH) 0.275 414 2 2
4 (U)—(Q) 0.274 412 2 2
5 (ALH) 0.244 367 1 2
6 (CLH) 0.180 270 1 2
7 (CLH\L) 0.175 263 1 3
8 (LH)— (0 0.166 250 2 2
9 (A= (V) 0.158 237 2 2
10 (2P) — (A) 0.148 223 2 2
L]VE‘.s..'
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Frequent occupational subsequences

Most frequent subsequences, min support = 50

o With at least 2 events

Remember that we assigned the state at age 20 as start event

Subsequence Support Count #Transitions #Events
1 (ED) = (FT) 0.283 425 2 2
2 (FT) — (AH) 0.265 398 2 2
3 (FT)— (PT) 0.219 329 2 2
4 (AH) — (PT) 0.130 195 2 2
5 (ED) — (AH) 0.113 170 2 2
6 (ED)— (PT) 0.112 168 2 2
7 (FT) = (FT) 0.112 168 2 2
8 (FT)— (AH)— (PT)  0.105 158 3 3
9 (FT) - (ED) 0.073 109 2 2
10 (ED) — (FT)— (PT)  0.071 107 3 3
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Frequent occupational subsequences - 2

Most frequent subsequences, min support = 50

o With at least 2 events and 3-year maximum time span

Remember that we assigned the state at age 20 as start event

Subsequence Support Count #Transitions #Events
1 (ED) — (FT) 0.185 288 2 2
2 (FT)— (AH) 0.067 100 2 2
3 (ED) — (AH) 0.042 73 2 2
4  (PT)— (FT) 0.036 56 2 2
5 (PT)— (AH) 0.034 53 2 2
6 (ED) — (PT) 0.031 52 2 2
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Frequent subsequences easily extends to multichannel

@ Here we have cohabitational and occupational trajectories
o Merging the two series of time stamped events
o we get mixed cohabitational /occupational event sequences

uuuuuuuuuu
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Merged cohabitational and occupational sequences
12 most frequent subsequences, min support 150

Subsequence Support Count #Transitions #Events
1 (FT) = (U) 0.695 1045 2 2
2 (2P) = (LH) 0.621 934 2 2
3 (FT) = (Q) 0.583 876 2 2
4  (2P) = (V) 0.582 874 2 2
5 (FT) = (LH) 0.555 834 2 2
6 (2P) = (Q) 0.477 717 2 2
7 (LH,\U) 0.454 682 1 2
8 (U)—(Q) 0.429 645 2 2
9 (2P) — (LH,U) 0.392 589 2 3
10 (LH) = (Q) 0.382 574 2 2
11 (2PFT) 0.378 568 1 2
12 (A) = (V) 0.376 565 2 2
LIVE‘.ﬁ..'
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Differentiating between sexes

Cohabitational subsequences that best discriminate sex

Remember that we observe only since age 20!

Subsequence Chi-2 Support Freq. Men Freq. Women Diff
1 (LH) 383 0.72 0.795 0.651 0.144
2 (2P) = (U) 22.4  0.58 0.642 0.521 0.122
3 (LH) — (V) 19.0 0.27 0.316 0.216 0.101
4 (LH) — (C) 18.3 0.38 0.436 0.328 0.109
5 (2P) — (LH) 183  0.62 0.676 0.567 0.108
6 (2P) — (A) = (U) 17,5 0.21 0.253 0.164 0.089
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Differentiating between sexes

Cohabitational subsequences that discriminate sex
at the 1% level

Man Woman

00 01 02 03 04 05 06
00 01 02 03 04 05 06

4 T = 4
E3 e
T ~ F L = F &
e I o F
1% & ¥ reE¥ 1
T T L L T £ ¥ X
= = I ~
€] .ﬁigiset
J — — .

Color by sign and significance of Pearson’s residual

W Negative 0.01 @ Negative 0.05 O neutral @ Positive 0.05 @ Positive 0.01
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Differentiating between sexes

Occupational subsequences that best discriminate sex

Subsequence Chi-2 Support Freq. Men Freq. Women  Diff
1 (FT)— (AH) 3227 0.26 0.060 0.470 -0.410
2 (AH) 3175 041 0.181 0.634 -0.453
3 (PT) 269.7 0.28 0.088 0.469 -0.381
4 (FT) — (PT) 2475 0.22 0.051 0.387 -0.337
5 (AH) — (PT) 1955 0.13 0.008 0.252 -0.244
6 (FT)— (AH) — (PT) 161.5 0.11 0.004 0.206 -0.202
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Occupational subsequences that discriminate sex
at the 0.1% level

Man Woman

HE)-(P-(PT)
EDEE)

HED)-(PT)-(FT)
WF)-ED)-(FT)

B (PT)

00 01 0.2 03 04 05 06
L 1 1 1

BP7)-PT)

1ED-PD-(PT)

HER-(~+)

BFD-(PD-(FT)

WED-(0)-(FT)

00 01 02 03 04 05 06
L 1 1 1 1

MG ) I —

em 7
en

(NG —
[aR=Fn |

[En-ER-GT)

o)

B (PT)-(AH)

[ (<)

[HEDE()-(AH)

WER-(AH)-(PT)

EDE1)-(PT)

[ED-FT}

WED-(AH)-(FT)

Color by sign and significance of Pearson's residual

W Negative 0.01 @ Negative 0.05 O neutral O Positive 0.05 B Positive 0.01
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Mixed events: Subsequences that best discriminate sex

Subsequence Chi-2 Support Freq. Men Freq. Women  Diff
1 (FT) — (AH) 3227 0.26 0.060 0.470 -0.410
2 (AH) 3175 041 0.181 0.634 -0.453
3 (PT) 269.7 0.28 0.088 0.469 -0.381
4 (U) - (PT) 260.4 0.20 0.036 0.373 -0.337
5 (FT) — (PT) 2475 0.22 0.051 0.387 -0.337
6 (FT)— (U)— (AH) 228.2 0.16 0.016 0.302 -0.286
7 (U) = (AH) 226.0 0.20 0.041 0.350 -0.309
8 (AH) — (PT) 1955 0.13 0.008 0.252 -0.244
9 (C)— (PT) 193.3 0.15 0.019 0.273 -0.254
10 (FT) — (U) — (PT) 192.7 0.16 0.027 0.289 -0.262
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Mixed events: Subsequences that best discriminate sex
at the 0.1% level

Man Woman
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Color by sign and significance of Pearson's residual

W Negative 0.01 @ Negative 0.05 O neutral @ Positive 0.05 @ Positive 0.01
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Discriminant subsequences
Differentiating among birth cohorts

Birth cohort distribution

- . I

1910-1924

1925-1945

1946-1957
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Mixed events: Subsequences that best discriminate
birth cohorts

Subsequence Chi-2 Support 1910-25 1926-45 1946-57
1 (P7) 64.5 0.28 0.042 0.205 0.362
2 (U)—(PT) 63.0 0.20 0.014 0.135 0.281
3 (FT)— (PT) 56.1 0.22 0.014 0.156 0.291
4 (A) = (PT) 46.3 0.11 0.028 0.055 0.160
5 (FT)— (U)— (PT) 38.5 0.16 0.000 0.114 0.210
6 (ED)— (PT) 36.8 0.11 0.028 0.065 0.159
7 (LH) = (PT) 35.9 0.15 0.014 0.109 0.204
8 (U)—(Q) 34.2 0.43 0.239 0.370 0.497
9 (C)—(PT) 34.0 0.15 0.014 0.103 0.194
10 (2P) — (PT) 32.7 0.17 0.014 0.126 0.215
LIVEsaie O B
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Mixed events: Subsequences that best discriminate
birth cohorts

1910-1924

1925-1945 1946-1957

g
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Cluster analysis

Pairwise dissimilarities

@ Optimal matching distance for event sequences (Studer et al., 2010;
Moen, 2000)

o the insertion/deletion of an event;
e a change in the time stamp of a given event;

@ Costs: indel = 1 and unit time displacement = 0.1
@ Normalized distance

2dome(X7)/)
X) + Q(Y) + dome(X7}/)

dN,ome(Xv)/) - Q(

where dome(x,y) is the OME dissimilarity between the time-stamped event

sequences x and y, and (x) the total cost for inserting all the events of x.
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Cluster analysis

Four cohabitational types (PAM solution)

Man Woman Overall
(2P) Z (ALH) > (U) 5 () %% 0208 0216  0.257
(2P) % (C,LH,U) 2% 0.266 0.245  0.255
(2P) % (LH,U) & () 28 0249 0242  0.246
OEIOEYORES 0.138 0234  0.186
(2P) % 0.049 0063  0.056

1910-1924 1925-1945 1946-1957 Overall

5 3 16

(2P) 2 (ALH) 3 (U) 5 (O %5 0.183 0.235 0.282
(2P) & (C,LH,U) 2% 0.380 0.310 0.198
(2P) & (LH,U) & () B 0.211 0.211 0.278
EYOENGRES 0.113 0.164 0.212
(2P) 2, 0.113 0.080 0.030

0.257
0.255
0.246
0.186
0.056
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Cluster of cohabitational trajectories

(2P)-2-(ALH)-5-(U)-3-(C)-16 (2P)-6-(C,LH,U)-20 (2P)-4-(LH,U)-4-(C)-18
group = 1, rendered: 54.9%, n =386  group = 2, rendered: 50.8%, n =384  group = 3, rendered: 74.8%, n = 369

cL cL - ™ cL -
UE UE 4 A\ UE 4
cH c AVITAY c
0 0 N\ 0
u u J u
A A A
LH LH LH
PP [ [

(A)-4-(U)-3-(C)-19 (2P)-26
group = 4, rendered: 61.4%, n = 280 group = 5, rendered: 83.3%, n = 84
CL o CL
UE UE -
c 4 J \ c
0 \/ \J X 0
u AR U
A A4
L LH
PP - PP -
1P 1P o \J
2P o 2 o
\\\\\\\\\\\\
1 2 3 4 5 6 7 8 1 2 3 4 5 6 7 8
rder positior rder positiol
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Cluster analysis Cluster analysis
Occupational trajectory types (PAM solution) Clusters of occupational trajectories
Man Woman OveraII group =1 ren(g;géfgo% n =582 group =2 r(;é—:r-e(gugsz%% n=290 group=3 r(eEr?c)i;lr;(c'l:TA)t_zzsz% n=275
(FT) 2 0.488 0286  0.387 n . .
(FT) & (AH) 2% 0.041  0.345  0.193 w4
(ep) L (FT) % 0.185 0.181  0.183 M7\ N " /\ "

(AH) 2 0.100 0.140  0.120 ) 2
(ED) & (FT) 2 0.186 0.048  0.117 I A S A S A
1910-1924 1925-1945 1946-1957 Overall group = 4, rencg:r;:iz'6733% n=180 group:Sr(eEr?;;?;Tt)s_sz%% n=176

(FT) % 0338 0.404 0378 0387 L 8 ' R
(FT) S (AH) 2 0.141 0.209 0.184 0.193 A
(ED) L (FT) 2 0.127 0.155 0.212 0.183 Ly
(AH) 25 0.239 0.135 009  0.120 AV KA 4
(ED) & (FT) & 0.155 0.097 0.131 0.117 T T
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Conclusion

Conclusion

@ Three approaches for event sequences
o frequent episodes
o discriminant episodes
o cluster analysis
o Complementary insights
e most common characteristics
o salient distinctions between groups
o identify types of trajectories
o Easy to extend to other types of analyses (representative
sequences, discrepancy analyses, ...)
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Conclusion 2

@ Work continues ...

@ There are often too many frequent subsequences!

@ How can we structure those subsequences?

o Eliminate redundant subsequences, i.e., when you experience
one subsequence you also experiment all its subsequences.

o Count only maximal frequent subsequences
o For (FT) — (AH) — (PT) we would not count the occurrence
of (FT) — (AH), (FT) — (PT) or (AH) — (PT)
o Group together sequences shared by same individuals.

o Clustering frequent subsequences

LIVES aallr
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Thank You!
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