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ABSTRACT This study con trib utes to the lit er a ture on union dis so lu tion by adopting 
a machine learn ing (ML) approach, spe cif  cally Random Survival Forests (RSF). We 
used RSF to ana lyze data on 2,038 mar ried or cohabiting cou ples who par tic i pated in 
the Ger man Socio-Economic Panel Survey, and found that RSF had con sid er ably bet ter 
pre dic tive accu racy than con ven tional regres sion mod els. The man’s and the woman’s 
life sat is fac tion and the woman’s per cent age of house work were the most impor tant 
pre dic tors of union dis so lu tion; sev eral other var i ables (e.g., woman’s work ing hours, 
being mar ried) also showed sub stan tial pre dic tive power. RSF was  able to detect com-
plex pat terns of asso ci a tion, and some pre dic tors exam ined in pre vi ous stud ies showed 
mar ginal or null pre dic tive power. Finally, while we found that some per son al ity traits 
were strongly pre dic tive of union dis so lu tion, no inter ac tions between those traits were 
evi dent, pos si bly reflecting assortative mat ing by per son al ity traits. From a meth od o-
log i cal point of view, the study dem on strates the poten tial ben e fts of ML tech niques for 
the anal y sis of union dis so lu tion and for demo graphic research in gen eral. Key fea tures 
of ML include the abil ity to han dle a large num ber of pre dic tors, the auto matic detec-
tion of nonlinearities and nonadditivities between pre dic tors and the out come, gen er ally 
supe rior pre dic tive accu racy, and robust ness against multicollinearity.

KEYWORDS Union dis so lu tion • Machine learn ing • Random Survival Forests •  
Germany • Socio-Economic Panel Study

Introduction

The lit er a ture on union dis so lu tion in Western countries is exten sive, and reviews 
(e.g., Lyngstad and Jalovaara 2010; Mortelmans 2020) high light how knowl edge of 
the pre dic tors of union dis so lu tion has increased con sid er ably in recent decades. This 
deep en ing under stand ing is con sis tent with the broader dif fu sion of the phe nom e non 
itself, but is also due to the emer gence of high-qual ity sur vey data.

This arti cle offers three con tri bu tions to the lit er a ture. First, we iden tify pre dic tors 
of union dis so lu tion in Germany using a machine learn ing (ML) approach (Hastie 
et al. 2009; Molina and Garip 2019)—spe cif  cally, Random Survival Forests (RSF). 
This approach, which does not impose any sharp lim its on the num ber of var i ables 
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that can be included, allows us to account simul ta neously for the numer ous pre dic-
tors of union dis so lu tion high lighted by pre vi ous stud ies while, at the same time, 
per mit ting the explo ra tion of nonlinearities and nonadditivities in the links between 
these pre dic tors and union dis so lu tion. Second, we focus on the role of both part ners’ 
per son al ity traits (PTs) in union dis so lu tion. Previous stud ies have not con sid ered the 
PTs of both part ners at the same time, nor the inter ac tions of PTs with each other and 
with other pre dic tors. Implementing this kind of anal y sis would be com pli cated with 
a stan dard regres sion-based approach; we show that ML offers a dif fer ent approach 
that can han dle a high num ber of PT items (fve per part ner) and poten tial inter ac tions 
among them. More spe cif  cally, we exam ine the impor tance of PTs rel a tive to other 
var i ables in predicting union dis so lu tion and whether pairwise com bi na tions of PTs 
(within or between part ners) are asso ci ated with union sur vival prob a bil i ties. Third, 
we assess pre dic tive accu racy, which typ i cally has been overlooked in pre vi ous stud-
ies on union dis so lu tion. ML is a use ful approach here. For instance, con ven tional 
regres sion mod els appear to have lower out-of-sam ple pre dic tive accu racy than RSF 
and other algo rith mic approaches. This is an impor tant advan tage of ML approaches 
because, as Hofman et al. (2017) argue, pre dic tion, like expla na tion, is cru cial for 
the ory build ing and val i da tion. We also show that insights from ML algo rithms can 
be used to bet ter spec ify stan dard regres sion mod els.

Our study focuses on Germany and uses data from the Ger man Socio-Economic 
Panel Study (SOEP) to exam ine union dis so lu tion among indi vid u als who mar ried 
or began cohabiting between 1984 and 2015. SOEP is par tic u larly use ful for the pur-
poses of our study because it includes most of the var i ables that pre vi ous stud ies 
employed to pre dict union dis so lu tion.

In addi tion to offer ing abun dant sur vey data, Germany pro vi des an inter est ing 
set ting for this anal y sis. Divorce has long been com mon place in Germany; the cur-
rent dura tion-spe cifc divorce rate sug gests that more than 40% of mar riages dis solve 
(Vignoli et al. 2018). However, the divorce rate, after decades of increases (Wagner 
et al. 2015), declined from 329 per 1,000 peo ple in 2003 to about 218 per 1,000 in 
2018, according to the Ger man Statistical Offce. The dis so lu tion rate for cohabiting 
indi vid u als has been esti mated to be more than dou ble that for mar ried indi vid u als 
(Andersson 2003; Hiekel and Wagner 2020).

From a meth od o log i cal point of view, our ana ly ses show the rel e vance of ML 
tech niques in the study of union dis so lu tion and in demo graphic research more gen-
er ally. We show that RSF is  able to auto mat i cally detect non lin ear links between 
union dis so lu tion and its pre dic tors. We also dem on strate that the method allows the 
exam i na tion of inter ac tions among a large num ber of inde pen dent var i ables, thus 
per mit ting the explo ra tion of com plex pat terns within rel a tively small, sur vey-based 
data sets. One of the pri mary advan tages of ML meth ods is that they do not require 
the researcher to make assump tions about para met ric dis tri bu tions (Molina and Garip 
2019). These advan tages are crit i cal, as regres sion-based results in social sci ence 
research can be influ enced by model spec i f ca tion choices (Young 2009) or the par-
tic u lar link func tion for the lin ear pre dic tor (Young and Holsteen 2017). Moreover, 
some demog ra phers may have been reluc tant to use ML approaches because of the 
meth ods’ black-box nature. Our ana ly ses show how to “open the box”—that is, how 
to gain sub stan tive insights from the RSF algo rithm.
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163A Machine Learning Analysis of Union Dissolution in Germany

Previous Studies on Union Dissolution

Union dis so lu tion occurs world wide, but with great het ero ge ne ity within and across 
countries (Emery 2013; Mortelmans 2020; Wagner and Weiß 2006). With the decline 
in the prev a lence of legal mar riage and the spread of cohab i ta tion as a sta ble form of 
union, the term “union dis so lu tion” has become an umbrella term for all  uncoupling 
pro cesses, irrespective of legal bond (Mortelmans 2020).

The Euro pean research tra di tion in union dis so lu tion came long after U.S.-cen tered 
stud ies and found het ero ge ne ity in dis so lu tion within Europe, cor re spond ing to var i-
a tion in the pace of dif fu sion of the phe nom e non. In par tic u lar, union dis so lu tion has 
occurred along a strong north–south gra di ent; rates have been highest in Scandinavia, 
while unions tend to be more sta ble in south ern Europe, though dis so lu tion rates have 
increased there as well (Kalmijn 2007).

In reviewing the pre vi ous two decades of research on Europe and the United 
States, Lyngstad and Jalovaara (2010) offered a clas si f ca tion of the pre dic tors of 
divorce. Here, in sum ma riz ing these pre dic tors, we refer mainly to Europe and, when 
pos si ble, spe cif  cally to Germany.

The frst group of pre dic tors com prises the per sonal char ac ter is tics of the mem bers 
of the cou ple, the most impor tant being age, age at union for ma tion, union dura tion, 
edu ca tion, per son al ity, and sub jec tive well-being. An indi vid ual’s age is a bet ter pre-
dic tor of union dis so lu tion than age at union for ma tion (Lutz et al. 1991). In gen-
eral, age is neg a tively cor re lated with the prob a bil ity of dis so lu tion (Lyngstad and 
Jalovaara 2010). The effect of edu ca tion is rather com plex (Härkönen and Dronkers 
2006; Lyngstad and Jalovaara 2010; van Damme 2020) and appears to fol low a pat tern 
linked to the so-called Goode (1962) hypoth e sis, which states that edu ca tion’s impact 
varies with the prev a lence of union dis so lu tion in the coun try. Consistent with this 
hypoth e sis, the effect of edu ca tion on union dis so lu tion is neg a tive in areas with high 
union dis so lu tion, such as the United States and Scandinavia, but pos i tive in countries 
such as Italy, where the prev a lence of union dis so lu tion, though grow ing, is rel a tively 
low (e.g., Härkönen and Dronkers 2006; Matysiak et al. 2014; Salvini and Vignoli 
2011; Vignoli and Ferro 2009). Several stud ies have high lighted the impor tance of 
the inter ac tion between part ners’ edu ca tion lev els. Homogamy tends to pro tect unions 
from break ing up (e.g., Kalmijn 1998; Kalmijn 2003; Mäenpää and Jalovaara 2014), 
although in Germany, Kraft and Neimann (2009) suggested that homog amy does not 
increase mar i tal sta bil ity but rather higher edu ca tion per se does, and Blossfeld (2014) 
found that homog a mous mar riages rank sec ond in sta bil ity after women’s edu ca tion-
ally upward mar riages. Moreover, the effect of edu ca tion needs to be sep a rated from 
the effects of part ners’ income and labor mar ket sta tus.

Regarding part ners’ per son al ity, most of the lit er a ture on its influ ence on union 
dis so lu tion relies on the “big fve” traits (agree  able ness, con sci en tious ness, extra-
ver sion, neu rot i cism, and open ness). In recent stud ies, asso ci a tions between PTs and 
union dis so lu tion have been sim i lar in the United Kingdom, Flanders, and Germany. 
In par tic u lar, a low level of con sci en tious ness and a high level of open ness are sig-
nif  cant risk fac tors, although the rela tion ship between open ness and dis so lu tion has 
weak ened as the lat ter becomes more com mon and less costly socially and eco nom i-
cally (Boertien and Mortelmans 2018; Boertien et al. 2015).
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Most of the lit er a ture on sub jec tive well-being has inves ti gated how hap pi ness, or 
over all life sat is fac tion, dif fers by mar i tal sta tus (e.g., Oswald 1997) and is influ enced 
by union dis so lu tion (e.g., Gardner and Oswald 2006). To the best of our knowl edge, 
no stud ies have explic itly assessed the role of part ners’ over all life sat is fac tion as a 
pre dic tor of union dis so lu tion. Past research, how ever, has found that dis sat is fac-
tion with the rela tion ship is an impor tant ante ced ent of union dis so lu tion, espe cially 
among women (e.g., Røsand et al. 2014).

A sec ond group of pre dic tors of union dis so lu tion con sists of the part ners’ eco nomic 
sta tus and their divi sion of paid and unpaid labor. Empirical evi dence across the lat ter 
part of the past cen tury indi cates that, in many countries, employed mar ried women were 
more likely to divorce than those who were not employed (e.g., Blossfeld and Müller 
2002; Chan and Halpin 2002; Cooke 2004, 2006;  De Rose 1992; Lyngstad and Jalovaara 
2010; Ozcan and Breen 2012; Poortman 2005a, 2005b; see Vignoli et al. 2018 spe cif-
i cally for Germany). This gave rise to the idea of the so-called “inde pen dence effect” 
(Cooke et al. 2013), in which a mar ried woman’s work ing full-time leads to a higher 
like li hood of divorce, a phe nom e non that appears to dom i nate the income effect—that 
is, the pos i tive effect on union sta bil ity from the fact that the wife’s resources also add to 
the total resources of the fam ily. However, a new strand of stud ies sug gests, instead, that 
women’s employ ment does not have a neg a tive effect per se, and that women’s paid work 
becomes det ri men tal to union sta bil ity only if men’s con tri bu tion to unpaid work within 
the house hold is lim ited (e.g., Mencarini and Vignoli 2017). In light of this, gen der equal-
ity within cou ples in the shar ing of domes tic chores becomes an impor tant pos i tive pre-
dic tor of union sta bil ity (e.g., Cooke et al. 2013; Frisco and Williams 2003; Oláh 2001; 
Oláh and Gahler 2014; Sigle-Rushton 2010; and, spe cif  cally for Germany, Bellani and 
Esping-Andersen 2020; Bellani et al. 2018). Similar effects are found in terms of earning 
equal ity, espe cially for cohabiting cou ples and for youn ger mar ried cou ples (Ishizuka 
2018; Jalovaara 2003; Kalmijn et al. 2007).

A third group of pre dic tors includes the cou ple’s char ac ter is tics, such as whether 
they are mar ried (as opposed to cohabiting), their num ber of chil dren, and union 
dura tion. Rates of union dis so lu tion are gen er ally higher for cohabiting than for mar-
ried cou ples, a pat tern that appears to be inde pen dent of the pres ence of chil dren (e.g., 
Andersson 2002; Berrington and Diamond 1999; Liefbroer and Dourleijn 2006). 
However, the dif fer ence seems to be explained (at least in part) by self-selec tion into 
cohab i ta tion or mar riage (e.g., Svarer 2004). Furthermore, whether a cou ple cohab-
ited prior to mar riage seems to have mixed effects on union sta bil ity (Lyngstad and 
Jalovaara 2010). The risk of dis so lu tion among cou ples who marry after cohabiting 
is gen er ally lower among those with chil dren, and is espe cially low dur ing the period 
fol low ing the birth of the frst child. However, this lower risk appears to be par tially 
driven by selec tion, whereby part ners who have lit tle trust in the con ti nu ity of their 
union are less likely to have chil dren (Lyngstad and Jalovaara 2010). Finally, union 
dura tion is neg a tively cor re lated with the prob a bil ity of dis so lu tion (Lyngstad and 
Jalovaara 2010).

A last impor tant var i able, which is spe cifc to Germany and included in our anal y-
sis, refers to the East–West divide. East Ger mans, other fac tors being equal, are more 
likely than West Ger mans to divorce (e.g., Boertien and Mortelmans 2018).

The fac tors listed in the fore go ing are the pre dic tors most com monly con sid ered 
in union dis so lu tion stud ies. However, spe cifc stud ies, using par tic u lar sur veys, have 
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165A Machine Learning Analysis of Union Dissolution in Germany

found other impor tant char ac ter is tics linked to union dis so lu tion, such as bio log i cal 
and genetic char ac ter is tics, migra tion and minor ity sta tus, val ues and reli gi os ity, and 
whether the part ners’ own par ents divorced.

Despite the many stud ies on union dis so lu tion in Europe (includ ing Germany), the 
lit er a ture cer tainly pres ents some gaps. First, the rea sons behind the often mixed and 
het ero ge neous results are not well set tled and may have been driven by model spec-
i f ca tion issues (i.e., dif fer ent para met ric spec i f ca tions). As an exam ple of non lin ear 
effects, Cooke and Gash (2010) used a cat e gor i cal mea sure of wives’ employ ment 
hours and admit ted that if they coded this mea sure as con tin u ous they would have 
needed dif fer ent model func tional forms for each coun try con sid ered: namely, lin ear 
for West Germany, qua dratic for Great Britain, and third-order poly no mial for the 
United States. Another exam ple, quoted in Lyngstad and Jalovaara’s (2010) review, 
regards the wife’s income, which often dis plays a non lin ear rela tion ship with union 
dis so lu tion.

Second, stud ies have tested inter ac tions between spe cifc inde pen dent var i ables. 
For exam ple, Cooke and Gash (2010) found evi dence of non ad di tive effects (i.e., 
inter ac tions) between chil dren’s age and women’s employ ment, and Mencarini and 
Vignoli (2017) reported an inter ac tion between women’s employ ment and men’s con-
tri bu tion to house work. However, pre vi ous stud ies using para met ric mod els could 
not con sider all  (not even many) inter ac tions between inde pen dent var i ables simul ta-
neously. A clear-cut exam ple of the poten tial dif f cul ties of con sid er ing all  var i ables 
and their pos si ble inter ac tions con cerns per son al ity traits: to account for both part-
ners’ PTs (10 var i ables) and all  their two-way inter ac tions (25 var i ables), one would 
need to include 35 inde pen dent var i ables, which would be very prob lem atic in a 
regres sion model. Thus, despite our increas ing under stand ing of union dis so lu tion, 
there is still a strong need for in-depth stud ies to dis en tan gle inter wo ven and mat ted 
complexities.

Third, pre vi ous stud ies have focused on explaining fnd ings but have overlooked 
the impor tance of out come pre dic tive accu racy. Addressing these gaps demands that 
we account for a large set of union dis so lu tion pre dic tors and their inter ac tions, and 
this may not be fea si ble with con ven tional event-his tory regres sion mod els. It is bet-
ter accom plished using an ML-based approach.

Methods

Our study relies on an ML tech nique, RSF, because of the advan tages it offers, which 
are outlined below. However, given that RSF is an uncon ven tional approach in the 
union dis so lu tion lit er a ture, we also pres ent results from stan dard dis crete-time event-
his tory logit mod els (“DT mod els” hence forth). Our goal is not to directly com pare 
the results from two fun da men tally dif fer ent approaches, but to bring out the dif fer-
ent implementation and infor ma tion con tent of the new approach. In this regard, it 
is worth stressing that the con ven tional DT model and the RSF are com pletely dif-
fer ent approaches by nature. DT mod els and RSF belong to what Breiman (2001a) 
refers to, respec tively, as data mod el ing cul ture and algo rith mic mod el ing cul ture. 
Data mod el ing cul ture is based on a “rep re sen ta tion of the mech a nisms by which 
nature works,” while algo rith mic mod el ing cul ture “is concerned solely with linking 
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166 B. Arpino et al.

inputs to out puts” (Berk 2016:327). RSF, like sim i lar algo rithms, can be treated as a 
form of regres sion anal y sis (Berk 2016). However, there is a key dif fer ence between 
them and con ven tional para met ric regres sion mod els: algo rithms do not require for 
a model of nature to be stated, and the esti ma tion tar get can be con sid ered the best 
approx i ma tion to the true response sur face, from which the researcher can get use ful 
infor ma tion about how the out come is related to its pre dic tors.

The two sta tis ti cal cul tures have devel oped largely in par al lel. Data anal y sis cul ture 
has focused almost exclu sively on expla na tion and has overlooked the impor tance of 
pre dic tive accu racy, while algo rith mic approaches have tended to focus on pre dic tion 
(for fur ther dis cus sion, see Berk 2016; Hofman et al. 2017). Recently, a rap idly grow-
ing move ment hybrid iz ing the two cul tures has emerged, and has asserted the need to 
com bine expla na tion and pre dic tion (Hofman et al. 2017) and suggested meth ods for 
improv ing the inter pre ta tion of fnd ings from algo rith mic approaches (e.g., Zhao and 
Hastie 2021). We fol low these devel op ments by rec og niz ing the impor tance of pre dic-
tion in sub stan tive stud ies. Thus, although our main goal is to exam ine the pos si bly 
com plex way in which a large set of pre dic tors may be related to union dis so lu tion, 
we use an ML tech nique also to improve the pre dic tive accu racy of union dis so lu tion.

Statistical infer ence with RSF, as with most ML tech niques, is an unsolved prob-
lem because of these meth ods’ induc tive nature and their use of data snooping (see 
Berk 2016 for a dis cus sion of this issue and for ref er ences to recent approaches to 
sta tis ti cal infer ence with ran dom for ests). This is another key dif fer ence between 
algo rith mic and model-based research, as the lat ter typ i cally relies on con sid er ations 
of sta tis ti cal sig nif  cance.

In the fol low ing sec tions, we will frst briefly dis cuss some issues concerning con-
ven tional DT mod els used to ana lyze union dis so lu tion and then focus on RSF. Note 
again that the inclu sion of both approaches is not done with the aim of directly com-
par ing their results. Instead, reporting results from a con ven tional DT model serves to 
clar ify the advan tages offered by RSF in the study of union dis so lu tion.

DT Models: Issues in the Analysis of Union Dissolution

Previous stud ies on union dis so lu tion have often relied on DT mod els, which model 
the prob a bil ity of expe ri enc ing union dis so lu tion dur ing a given inter val as a func tion 
of a set of inde pen dent var i ables and of time spent in the risk set (dura tion). Applying 
para met ric mod els, such as DT mod els, may prove dif f cult for our research goals for 
sev eral rea sons. First, as the pre ced ing lit er a ture review sug gests, our reanalysis of 
the pre dic tors of union dis so lu tion has to account for a large num ber of inde pen dent 
var i ables. For instance, PTs alone account for 10 inde pen dent var i ables (fve for each 
part ner). Second, we are inter ested in under stand ing whether char ac ter is tics of the 
same indi vid ual or of the part ner inter act in influ enc ing union dis so lu tion. Several 
stud ies have iden ti fed impor tant non lin ear and non ad di tive effects of pre dic tors of 
union dis so lu tion that should be con sid ered when spec i fy ing the model. This implies 
that an intrac ta ble num ber of inter ac tions should be included in a regres sion model. 
Third, sev eral ante ced ents of union dis so lu tion are cor re lated (e.g., part ners’ edu ca-
tion, income, and work ing hours) and con se quently their inclu sion may give rise to 
multicollinearity.
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167A Machine Learning Analysis of Union Dissolution in Germany

Another lim i ta tion of pre vi ous stud ies based on DT mod els con cerns the way 
model ft is com monly assessed, espe cially with respect to dif fer ent choices for 
the dura tion, which results in mod els that dif fer in their base line haz ard func tion. 
Demographers typ i cally choose the best spec i f ca tion of the base line haz ard func tion 
according to mea sures of model ft, like the Akaike infor ma tion cri te rion (AIC), for 
which lower val ues denote a bet ter ft. Model ft is eval u ated using the same sam-
ple (in-sam ple) from which the model is esti mated, giv ing rise to pos si ble issues of 
overfitting, mean ing that pre dic tion qual ity can be very good in the spe cifc work ing 
sam ple, but not in oth ers (out-of-sam ple). This, of course, lim its exter nal validity (i.e., 
gen er al iz abil ity to other data sets) (Hofman et al. 2017). We fol low the com mon prac-
tice in ML of sep a rat ing esti ma tion from the eval u a tion of pre dic tive accu racy (see 
Berk 2006); that is, DT mod els will be esti mated on a ran domly drawn sub sam ple 
(train ing set), and pre dic tive accu racy will be assessed on the remaining part of the 
ini tial sam ple (test ing set).

The pre dic tive accu racy of DT mod els will also be assessed on the basis of the 
area under the curve (AUC). In the con text of sur vival ana ly ses, time-depen dent AUC 
mea sures can be cal cu lated for assessing how pre dic tive accu racy varies at dif fer ent 
time points. An AUC of .5 is not bet ter than ran dom guessing, while an AUC of 1 
indi cates per fect pre dic tive accu racy. Because AUC does not dis tin guish between 
false pos i tives and false neg a tives, we assume that the costs of incor rect pre dic tions 
of union sur vival are the same as those for incor rect pre dic tions of union dis so lu tion.

Random Survival Forests

RSF belongs to the cat e gory of super vised ML (SML) tech niques.1 Generally speak-
ing, ML algo rithms can be defned as pro ce dures that give com put ers the abil ity to 
learn with out being explic itly programmed (Sam uel 1959). SML tech niques are a 
sub group of ML tech niques that con sist of iter a tive algo rithms and are focused pri-
mar ily on pre dic tion prob lems.

RSF is a mod i f ca tion of ran dom for ests for sur vival data, which in turn is an 
ensem ble of sin gle clas si f ca tion trees (Breiman 1996; Breiman et al. 1984). A clas si-
f ca tion tree (usu ally known as a regres sion tree in the case of a con tin u ous out come) 
uses a recur sive algo rithm to describe the rela tion ship between a set of inde pen dent 
var i ables and a given out come. At each step, the algo rithm splits the data into sub sets. 
Splits can occur between any two sub sets of the observed val ues of any of the pre dic-
tors. Among all  pos si ble splits, the algo rithm selects the one that min i mizes the pre-
dic tion error (for more details, see James et al. 2013; Shu 2020). A clas si f ca tion tree 
cap tures nonlinearities in covariates by auto mat i cally split ting them into dif fer ent 
inter vals. Another gen eral fea ture of trees is the auto matic detec tion of inter ac tions. 
In this con text, a two-way inter ac tion between two var i ables is found if a split in one 
var i able makes a split in the other either sys tem at i cally less likely or more likely.

1 More for mal and detailed dis cus sions of ML tech niques are avail  able in the books by Berk (2016), Hastie 
et al. (2009), and James et al. (2013). These offer com pre hen sive and acces si ble accounts of the main ML 
tech niques.
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168 B. Arpino et al.

Random for ests are among the most pop u lar and best-performing SML tech niques 
(Breiman 1996, 2001b; Cannas and Arpino 2019; Glaeser et al. 2016). Random 
for ests are “ensem ble” algo rithms based on many mul ti ple trees (Berk 2006). The 
pre dic tion obtained with ran dom for ests is constructed on the basis of hun dreds or 
thou sands of dis tinct trees that dif fer from one another because each tree is ft on 
dif fer ent data obtained as boot strap sam ples of the orig i nal data. Additionally, each 
tree is grown using a ran dom sub set of var i ables at each split. A sin gle pre dic tion is 
obtained by major ity vote across all  trees: the class predicted by each tree is recorded, 
and the over all pre dic tion is the most com monly occur ring class (James et al. 2013). 
By rely ing on a mul ti tude of trees, ran dom for ests reduce prob lems of overftting and 
usu ally show bet ter pre dic tion qual ity than sin gle trees (Athey and Imbens 2017). 
However, while some rare exam ples of demo graphic stud ies using sin gle trees exist 
(Billari et al. 2006; De Rose and Pallara 1997), we are not aware of any implemen-
tation of ensem ble SML tech niques in demo graphic ana ly ses, with the excep tion of 
stud ies on mor tal ity (e.g., Bitew et al. 2020).

We use a mod i f ca tion of ran dom for ests, the RSF, which is an ensem ble tree–
based method for the anal y sis of right-cen sored sur vival data (Hothorn et al. 2006; 
Hothorn et al. 2004; Ishwaran et al. 2008). More spe cif  cally, we use the algo rithm 
implemented in the pack age randomForestSRC in the open-source envi ron ment R 
(Ishwaran and Kogalur 2014), which builds an ensem ble of haz ard func tions using 
the log-rank sta tis tic as the default split ting rule.

Like other tree-based approaches, RSF has sev eral advan tages (James et al. 2013). 
It can han dle auto mat i cally (i.e., with out need for recoding, group ing, etc.) con tin u-
ous, nom i nal, and ordi nal inde pen dent var i ables, and can auto mat i cally cap ture non-
lin ear effects and inter ac tions. Another impor tant attri bute of RSF is its abil ity to use 
a large num ber of pre dic tors, even if most of them are cor re lated.

To assess the per for mance of the algo rithm in predicting sur vival, we frst look at 
the out-of-bag (OOB) error rate. RSF does not need an inde pen dent val i da tion data 
set to get an unbi ased esti mate of the test set error, as this is esti mated inter nally dur-
ing the run of the algo rithm. More spe cif  cally, each tree in the for est is constructed 
by bootstrapping a sam ple from the orig i nal data. Sampling with replace ment implies 
that for each tree, a ran dom sam ple of about a third of the obser va tions are excluded 
from the cal cu la tions—OOB obser va tions—giv ing rise to an imme di ate source of 
test data (Berk 2016:192). Then, each OOB obser va tion in the con struc tion of the kth 
tree is dropped down the tree, and the algo rithm esti ma tes the per cent age of times 
that the class assigned to OOB obser va tions is not equal to the true class. Finally, the 
total OOB error is obtained as the aver age of these esti ma tes across all  the trees in 
the for est. As with the DT mod els, we assess the pre dic tive accu racy of RSF by also 
esti mat ing AUCs at dif fer ent time points.

A dis ad van tage of RSF (as with all  ensem ble meth ods) is that by com bin ing mul-
ti ple trees, it does not offer a sin gle tree to visu al ize and inter pret: that is, it is dif f-
cult to under stand how inputs are related to the out put. However, sev eral mea sures 
can be cal cu lated to ease inter pre ta tion. First, it is pos si ble to obtain a mea sure of 
var i able impor tance (Zhao and Hastie 2021). We focus on mea sur ing the impor tance 
of a var i able by its con tri bu tion to pre dic tive accu racy. More spe cif  cally, the var i-
able impor tance mea sure (VIMP) that we cal cu late for var i able X is the dif fer ence 
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169A Machine Learning Analysis of Union Dissolution in Germany

between the pre dic tion error when noise in the orig i nal var i able X is added by per-
mut ing its val ues ran domly and the pre dic tion error under the orig i nal pre dic tor 
(Breiman 2001b; Ishwaran 2007; Ishwaran et al. 2008). Large VIMP val ues are 
linked to var i ables with some pre dic tive power (since induc ing noise in these var-
i ables increases pre dic tion errors), whereas zero or neg a tive VIMP val ues iden tify 
var i ables that are not pre dic tive of the out come. Setting thresh olds to sep a rate highly 
pre dic tive var i ables from oth ers using VIMP is dif f cult (Ishwaran et al. 2011), and 
distinguishing var i ables according to their pre dic tive abil ity is usu ally done rather 
arbi trarily by rank ing var i ables based on their VIMP and con sid er ing thresh olds 
where there is a large decrease in VIMP val ues. We com ple ment the rank ing of var-
i ables based on VIMP with the inspec tion of par tial dependence plots.

Second, to reveal how each pre dic tor is related to the out come, one use ful solu-
tion is to pro duce par tial depen dence plots (Friedman 2001; Hastie et al. 2009) that 
show the rela tion ship between a given pre dic tor and the response aver aged over the 
joint val ues of the other pre dic tors as they are represented in a tree struc ture. Sim-
ilarly, par tial depen dence co-plots rep re sent how the predicted out comes vary as a 
func tion of the joint dis tri bu tion of two or three pre dic tors, thus mak ing it pos si ble 
to visu al ize poten tial inter ac tions. Results from RSF can be used to auto mat i cally 
detect the pres ence of inde pen dent var i ables whose pairwise inter ac tion may be 
bet ter inves ti gated using par tial depen dence co-plots. The approach involves cal cu-
lat ing joint VIMPs for all  pairs of pre dic tors and has two steps. First, two var i ables 
X and Z are paired, and their paired VIMP is cal cu lated, as men tioned ear lier, for a 
sin gle var i able. Second, the sep a rated VIMPs for X and Z are also cal cu lated and 
their val ues are added up. Then, con di tional to a rel a tively large uni var i ate VIMP 
for both X and Z, the larger the abso lute dif fer ence between the paired VIMP and 
the addi tive VIMP, the more poten tially inter est ing the inter ac tion between the two 
var i ables is.

Data and Variables

We used data from SOEP, a nation ally rep re sen ta tive ongo ing lon gi tu di nal study 
started in 1984. SOEP is well suited for the study of union dis so lu tion for two rea-
sons. First, the length of the study allows us to fol low indi vid u als over a long period. 
Second, it includes infor ma tion on union dis so lu tion and the main pre dic tors that 
were iden ti fed in past stud ies.

In order to have infor ma tion on both part ners, we selected, from the orig i nal data-
base, women whose part ners were also sur veyed. In par tic u lar, we included women 
aged 65 years or youn ger who started their rela tion ship dur ing the obser va tion period 
(1984 to 2015). The fnal sam ple consisted of 18,613 obser va tions, cor re spond ing to 
2,038 cou ples, mar ried or in a cohabiting union, who were observed, on aver age, for 
12 years.

For the depen dent var i able, we constructed a dummy var i able that mea sured union 
dis so lu tion and that was equal to 1 when we observed a change in a woman’s part ner 
from year t – 1 to t, and to 0 oth er wise. After union dis so lu tion, we stopped fol low ing 
both mem bers of the cou ple, which means that our sam ple included no more than one 
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170 B. Arpino et al.

Table 1 Summary sta tis tics for the inde pen dent var i ables

Variable Mean SD Minimum Maximum

Personal Characteristics
 Age (woman) 36 9 17 65
 Age (man) 39 9 17 65
 Age homog amya 0.1
 Older womana 0.2
 Tertiary edu ca tion (woman)a 0.2
 Tertiary edu ca tion (man)a 0.2
 Education homog amya 0.7
 More edu cated womana 0.1
 Life sat is fac tion (woman) 7.2 1.6 0 10
 Life sat is fac tion (man) 7.1 1.6 0 10
 Health (woman) 2.4 0.8 1 5
 Health (man) 2.4 0.8 1 5
 Agreeableness (woman) 5.5 0.9 1 7
 Conscientiousness (woman) 6.1 0.9 1 7
 Extraversion (woman) 5.0 1.2 1 7
 Neuroticism (woman) 3.8 1.2 1 7
 Openness (woman) 4.6 1.3 1 7
 Agreeableness (man) 5.3 1.0 2 7
 Conscientiousness (man) 5.9 0.9 1 7
 Extraversion (man) 4.8 1.2 1 7
 Neuroticism (man) 4.3 1.2 1 7
 Openness (man) 4.4 1.2 1 7
Economic Situation
 Labor income (woman) 5.6 2.8 1 10
 Labor income (man) 6.0 2.6 1 10
 Labor income homog amya 0.1
 Richer womana 0.4
 Percentage of labor income (woman) 34 25 0 100
 Unemployment (woman)a 0.1
 Unemployment (man)a 0.1
 Working hours (woman) 24 18 0 80
 Working hours (man) 40 16 0 80
Couples Characteristics
 Marrieda 0.7
 Percentage of house work (woman) 72 22 0 100
 No. of chil dren 1.3 1.1 0 7
 West Germanya 0.8

Note: Summaries are cal cu lated for the 18,613 obser va tions included in the base line sam ple.
a For dummy var i ables (all  coded 0/1), we report only the mean (pro por tion).

union dis so lu tion per indi vid ual. During the obser va tion period, 914 cou ples (45%) 
split up.

On the basis of the lit er a ture review, we con sid ered 28 pre dic tors of union dis so lu tion 
mea sured for both mem bers of the cou ple or at the cou ple level. Table 1 lists all  these 
var i ables and pro vi des sum mary sta tis tics. A descrip tion of the operationalization of 
each var i able is given in the online Appendix A, while Appendix B pro vi des the reader 
with the R code for rep li cat ing the results of the anal y sis intro duced in the next sec tion.
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171A Machine Learning Analysis of Union Dissolution in Germany

Results

Discrete-Time Event-History Models

We con sid ered fve dif fer ent spec i f ca tions for dura tion in the DT mod els: lin ear, qua-
dratic, cubic, step func tion (dummy var i ables for each year), and b-spline. For each 
of these model spec i f ca tions, Table 2 pres ents the AIC and AUC at dif fer ent sur vival 
times (one, fve, 15, and 25 years), both in-sam ple and out-of-sam ple. The for mer 
was obtained by using the entire sam ple of cou ples; for the lat ter, we ran domly split 
the orig i nal sam ple into two parts of equal size, which were then sep a rately used as 
train ing and test sets, and cal cu lated the mea sures of pre dic tive per for mance using 
the test set. Table 2 shows very clearly that while all  mod els were fairly good at mak-
ing in-sam ple pre dic tions, they performed very poorly at out-of-sam ple pre dic tions. 
In almost all  cases, mod els were only slightly bet ter than a sim ple ran dom guess (i.e., 
AUC = .50).

Estimates and the sta tis ti cal sig nif  cance of all  coef f cients were very sim i lar 
across all  the DT mod els. Thus, in Table 3, we focused on esti ma tes from model 
DT3, which shows the best pre dic tive accu racy. In this model, only six var i ables 
had coef f cients that were sta tis ti cally sig nif  cant. This model indi cates that higher 
life sat is fac tion for both part ners, as well as older age for women, was sig nif  cantly 
asso ci ated with a lower prob a bil ity of union dis so lu tion. On the other hand, older 
age among men, higher open ness scores among men, and higher num ber of work ing 
hours among women were asso ci ated with a greater risk of dis so lu tion. That only 
six inde pen dent var i ables were asso ci ated with union dis so lu tion is per haps due to 
multicollinearity, which may inflate stan dard errors. We checked for multicollinear-
ity in model DT3 using sev eral diag nos tics avail  able in the R pack age mctest (see 
Imdadullah et al. 2016 for details on the diag nos tics). Results are given in Tables A.2 

Table 2 In-sam ple and out-of-sam ple Akaike infor ma tion cri te rion (AIC) and area under the curve 
(AUC) for fve dis crete-time event-his tory mod els

Measure

Linear Quadratic Cubic Dummy Variables Splines

(DT1) (DT2) (DT3) (DT4) (DT5)

In-Sample
 AIC 6,912.805 6,890.300 6,879.962 6,913.825 6,885.830
 AUC, year 1 .879 .908 .881 .921 .926
 AUC, year 5 .853 .870 .875 .871 .874
 AUC, year 15 .758 .781 .785 .778 .784
 AUC, year 25 .570 .715 .680 .767 .684
Out-of-Sample
 AIC 3,547.659 3,536.851 3,533.052 3,565.267 3,538.321
 AUC, year 1 .512 .516 .517 .518 .515
 AUC, year 5 .512 .509 .512 .514 .512
 AUC, year 15 .490 .497 .496 .489 .496
 AUC, year 25 .566 .578 .576 .570 .571

Notes: DT1 through DT5 are dis crete-time event-his tory mod els that dif fer for the spec i f ca tion of the 
base line haz ard. To deter mine out-of-sam ple pre dic tions, the orig i nal sam ple was ran domly split into two 
parts of the same size, with one used as a train ing data set and the other as a test ing data set.
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172 B. Arpino et al.

Table 3 Estimates of a dis crete-time haz ard model with a cubic spec i f ca tion for the dura tion

Variable Estimate SE z Value p Value

Agreeableness (woman) −0.048 0.054 −0.885 .376
Conscientiousness (woman) −0.024 0.057 −0.419 .675
Extraversion (woman) 0.001 0.046 0.012 .990
Neuroticism (woman) −0.028 0.042 −0.669 .503
Openness (woman) −0.052 0.044 −1.196 .232
Agreeableness (man) 0.030 0.053 0.557 .578
Conscientiousness (man) −0.040 0.057 −0.712 .476
Extraversion (man) 0.054 0.046 1.177 .239
Neuroticism (man) 0.042 0.044 0.957 .339
Openness (man) 0.106 0.047 2.284 .022*
Tertiary Education (woman) −0.143 0.191 −0.746 .456
Tertiary Education (man) −0.176 0.192 −0.917 .359
More Educated Woman 0.208 0.257 0.807 .420
Education Homogamy −0.039 0.164 −0.238 .812
No. of Children 0.082 0.054 1.525 .127
Age (woman) −0.027 0.013 −1.981 .048*
Age (man) 0.043 0.012 3.507 .000**
Older Woman 0.226 0.166 1.355 .175
Age Homogamy 0.149 0.179 0.830 .407
Working Hours (woman) 0.008 0.004 1.843 .065†

Working Hours (man) −0.004 0.004 −1.062 .288
Percentage of Housework (woman) −0.003 0.002 −1.182 .237
Life Satisfaction (man) −0.118 0.034 −3.431 .001**
Life Satisfaction (woman) −0.073 0.035 −2.095 .036*
Unemployment (woman) −0.147 0.255 −0.578 .563
Unemployment (man) −0.230 0.258 −0.892 .373
Labor Income (woman) −0.029 0.041 −0.700 .484
Labor Income (man) −0.005 0.038 −0.121 .904
Richer Woman 0.127 0.214 0.595 .552
Labor Income Homogamy 0.053 0.198 0.266 .790
Percentage of Labor Income (woman) −0.001 0.004 −0.237 .813
Health (man) 0.058 0.065 0.901 .368
Health (woman) −0.017 0.064 −0.271 .786
Married −0.126 0.115 −1.097 .273
West Germany 0.142 0.130 1.093 .274

Notes: Coeffcients for dura tion coef f cients are not shown, but are avail  able upon request. Estimates are 
obtained by run ning the regres sion on the test sam ple.
†p < .10; *p < .05; **p < 0.01

and A.3 of the online Appendix C. We frst con sid ered six tests of over all multicol-
linearity. Four of these tests detected multicollinearity issues (Table A.2). Then we 
con sid ered seven tests for indi vid ual multicollinearity for each of the inde pen dent 
var i ables (Table A.3); three of these tests detected multicollinearity issues for each of 
the inde pen dent var i ables.

The DT mod els presented here can be made more flex i ble by includ ing spe cifc 
inter ac tions and non lin ear terms, usu ally intro duced to test spe cifc hypoth e ses. In 
the fol low ing anal y sis, we took a dif fer ent approach by implementing an RSF. We 
asked the algo rithm to auto mat i cally detect poten tially rel e vant inter ac tions and 
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173A Machine Learning Analysis of Union Dissolution in Germany

nonlinearities. This approach does not suf fer from the multicollinearity issues that, 
in our data set, were likely to have affected the sta tis ti cal sig nif  cance of coef f cients 
in model DT3.

RSF Algorithms

The RSF is based on a mul ti tude of trees. Each tree is based on an iter a tive algo rithm 
illus trated in Figure A.1 in the online Appendix C. This illus tra tive tree dem on strates 
how clas si f ca tion pro ceeds at each node.

Assessing the Algorithm’s Performance

Before the RSF algo rithm is run, three impor tant param e ters have to be set: the 
size of the ter mi nal nodes, the num ber of var i ables to be ran domly selected at each 
split, and the num ber of trees to be grown in the for est. For the frst two param e ters, 
we implemented the algo rithm devel oped by Ishwaran and Kogalur (2014), which 
searches for the com bi na tion of param e ters that min i mizes the OOB error rate. The 
con tour plot in Figure A.2 graph i cally rep re sents the anal y sis gen er ated through the 
algo rithm. This shows that the OOB error rate was min i mized when the size of ter-
mi nal nodes was set to one and the num ber of var i ables ran domly selected at each 
split was four.2 After set ting the val ues for the frst two param e ters, we fne-tuned 
the third (num ber of trees grown in the for est). Again, the num ber of trees that are 
grown can be deter mined by choos ing the value that min i mizes the OOB error rate. 
In our case, the OOB error rate sta bi lized around 35% when at least 500 trees were 
employed (see Figure A.3 in the online Appendix C). We chose to use 1,000 trees, 
which yielded a fnal OOB error rate of 34%. Note that although it increases com pu-
ta tional time, choos ing a high num ber of trees does not cre ate prob lems in terms of 
overftting (Breiman 2001b).

In Table 4 we report the AUC cal cu lated at one, fve, 15, and 25 years. The pre dic-
tive accu racy of the algo rithm fell with dura tion: it was highest at one year and low est 
at 25 years. We note that the pre dic tive accu racy (out-of-sam ple) of RSF was con-
sid er ably supe rior to that of DT, con sis tent with the usual fnd ing that SML improves 

2 The algo rithm grows a for est of 50 trees for each pair of param e ters, and then cal cu lates the OOB error 
rate asso ci ated with that for est. The con tour plot graph i cally shows the level of OOB obtained from each 
of these cal cu la tions.

Table 4 Area under the curve (AUC) for Random Survival Forests at dif fer ent dura tions

Year AUC

Year 1 .711
Year 5 .657
Year 15 .630
Year 25 .588 D
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174 B. Arpino et al.

pre dic tion. Nonetheless, the pre dic tive accu racy of RSF was lim ited despite the use, 
as input var i ables, of all  the most impor tant pre dic tors of union dis so lu tion iden ti fed 
in the lit er a ture.

Variable Importance

Figure 1 shows the VIMP of each var i able used in the RSF. Among the var i ables with 
the greatest pre dic tive abil ity, we fnd the life sat is fac tion of both part ners, wom-
an’s per cent age of house work, mar i tal sta tus (i.e., mar ried vs. cohabiting), woman’s 
work ing hours, woman’s level of open ness, and man’s level of extra ver sion. Vari-
ables with the low est pre dic tive abil ity include man’s and woman’s labor income, 
woman’s per cent age of labor income, if woman is richer than man, and woman’s 
level of extra ver sion. Note that the sign of VIMP is not infor ma tive of the sign of the 

Life satisfaction (M)
Perc. housework (W)
Life satisfaction (W)

Married
Working hours (W)

Openness (W)
Extraversion (M)

Conscientiousness (M)
Conscientiousness (W)

Health (W)
Neuroticism (W)

More educated (W)
Health (M)

Age (M)
Agreeableness (M)

Age (W)
Tertiary education (M)
Tertiary education (W)
Education homogamy

Working hours (M)
Neuroticism (M)
West Germany

Unemployment (M)
Openness (M)
No. of children

Agreeableness (W)
Labor inc. homogamy

Unemployment (W)
Older (W)

Age homogamy
Extraversion (W)

Labor income (W)
Richer (W)

Perc. labor income (W)
Labor income (M)

−5e−04 0e+00 5e−04 1e−03
VIMP

Fig. 1 Variable importance (VIMP) measures for all 35 independent variables included as predictors in the 
Random Survival Forests

D
ow

nloaded from
 http://read.dukeupress.edu/dem

ography/article-pdf/59/1/161/1479292/161arpino.pdf by U
N

IV BO
C

C
O

N
I user on 23 M

arch 2022



175A Machine Learning Analysis of Union Dissolution in Germany

asso ci a tion between the pre dic tor and the out come, and its value is not infor ma tive 
of the strength of the asso ci a tion between a pre dic tor and the out come.

Interpreting the Relationship Between Independent Variables and Union Dissolution

To gain insight into how each inde pen dent var i able is related to union dis so lu tion, we 
cre ated par tial depen dence plots cal cu lated at one and fve years for all  con tin u ous 
(Figure 2) and cat e gor i cal (Figure 3) pre dic tors, ordered by their VIMP. Each point 
in both fg ures rep re sents the aver age per cent age of votes for the “yes” class (union 

Fig. 2 Partial dependence plots of all continuous independent variables at one and fve years. The x-axis 
shows the distribution of the predictor within our sample, while the y-axis shows the predicted survival 
associated with each value of the predictor. Conscientious. = conscientiousness.
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176 B. Arpino et al.

dis so lu tion) across all  obser va tions, given a fxed level of the pre dic tor. Conceptually, 
this type of plot is sim i lar to a graph i cal rep re sen ta tion of the predicted sur vival prob-
a bil i ties as a func tion of a given var i able.

Figure 2 illus trates the type and strength of rela tion ship existing between each pre-
dic tor and union sur vival prob a bil i ties. We found that both part ners’ lev els of over all 
life sat is fac tion pos i tively predicted sur vival: the higher the sat is fac tion, the higher 
the sur vival prob a bil ity. The var i a tion in sur vival prob a bil i ties, as a func tion of life 
sat is fac tion, was much stron ger for cou ples whose union remained intact after fve 
years. We also note a slight non lin e ar ity, as sur vival prob a bil i ties peaked when life 
sat is fac tion was at eight points and then declined.

Fig. 3 Partial dependence plots of all categorical independent variables at one and fve years. The x-axis 
shows the distribution of the predictor within our sample, while the y-axis shows the predicted survival 
associated with each value of the predictor.
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From Figure 2 we rec og nize an impor tant fea ture of tree-based approaches: their 
abil ity to auto mat i cally detect com plex rela tion ships. For exam ple, sur vival prob-
a bil i ties var ied with both the man’s level of extra ver sion and his age according to 
non lin ear pat terns that might be dif f cult to prop erly model with a para met ric model. 
For exam ple, a qua dratic spec i f ca tion may only approx i mate the pat terns displayed.

Figure 2 is also infor ma tive about how strong the var i a tion in predicted sur vival 
prob a bil i ties was for dif fer ent val ues of a given inde pen dent var i able. We note a rather 
strong var i a tion for some var i ables, such as woman’s life sat is fac tion. In this case, 
we observe a var i a tion in sur vival prob a bil i ties at fve years of about four per cent age 
points if we com pare cou ples in which the woman reported the low est as opposed to 
medium-high level of over all life sat is fac tion (i.e., of eight points).

Figure 3 shows the predicted sur vival prob a bil i ties for each value of each cat e gor-
i cal var i able, high light ing that RSF does not require group ing categories for this type 
of var i able. We note that sur vival prob a bil i ties var ied only slightly for the cat e gor i cal 
pre dic tors, with the excep tion of mar riage sta tus, edu ca tion, and health of both part-
ners. Married cou ples had sub stan tively higher sur vival prob a bil i ties than cohabiting 
cou ples, at both one and fve years. In con trast, after fve years, cou ples in which the 
woman was more edu cated than the man were less likely to sur vive com pared with 
other part ners’ edu ca tional pairings. Finally, sur vival prob a bil i ties, espe cially at fve 
years’ dura tion, seem to vary nonlinearly for part ners’ health, with the highest val ues 
reported for medium lev els of health.

To inves ti gate pos si ble inter ac tions among pre dic tors, we cal cu lated joint VIMP val-
ues starting from the seven most impor tant pre dic tors (according to the sim ple VIMP 
mea sure presented in Figure 1). The joint VIMP val ues are reported in Table A.1 in 
the online Appendix C. Among the inter ac tions worth explor ing was that between the 
woman’s and the man’s life sat is fac tion, which had both the highest dif fer ence between 
paired VIMP and addi tive VIMP and two of the highest uni var i ate VIMP val ues.

We inves ti gated the pairwise inter ac tions between var i ables using par tial depen-
dence co-plots. In par tic u lar, Figures 4, 5, and 6 show the par tial depen dence co-plots 
with respect to the cou ple’s sur vival prob a bil ity at fve years. Figure 4 shows how 
cou ples’ sur vival prob a bil i ties var ied as a func tion of life sat is fac tion of both the 
female and male part ners. A com plex non lin ear inter ac tion pat tern emerged. When 
man’s life sat is fac tion was high, higher woman’s life sat is fac tion (almost) mono ton-
i cally increased the union’s chances of sur viv ing. But when man’s life sat is fac tion 
was low, the asso ci a tion between woman’s life sat is fac tion and union sur vival was 
neg a tive after a given thresh old (about 7.5).

According to the last col umn of Table A.1 in Appendix C, the inter ac tion between 
woman’s per cent age of house work and her work ing hours was also of poten tial inter est. 
Figure 5 shows how woman’s per cent age of house work and her work ing hours inter-
acted in predicting union sur vival. The rela tion ship between a woman’s per cent age of 
house work and the cou ple’s sur vival prob a bil ity is almost lin ear and pos i tive for low 
lev els of work ing hours, while it was non lin ear for higher lev els of the lat ter. Unlike in 
Figure 4, here the dis tance between the curves varies more along the value of the pre dic-
tor on the x-axis (i.e., woman’s per cent age of house work). This sug gests the pres ence of 
a sub stan tial com bined effect (inter ac tion) of the two var i ables on union sur vival.

Figure 6 shows that the man’s level of life sat is fac tion did slightly inter act with 
woman’s work ing hours in predicting the like li hood of union dis so lu tion. The sur vival 
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prob a bil ity for both women who worked up to 36 hours and those who worked more 
than 36 hours was nonlinearly related to man’s life sat is fac tion. The dis tance between 
the two curves tended to widen slightly as the man’s life sat is fac tion increased, sig-
nal ing that the lat ter may strengthen the neg a tive asso ci a tion between num ber of 
hours women worked and the union’s sur vival prob a bil ity. Finally, we notice from 
Table A.3, as well as from addi tional par tial depen dence co-plots (avail  able upon 
request), that none of the inter ac tions between PTs of the same or dif fer ent mem bers 
of the cou ple appeared to be of sub stan tial impor tance.

Revising the DT Model Using Insights From the RSF

The DT mod els esti mated in the “Assessing the Algorithm’s Performance” sec tion 
could be mod i fed in sev eral ways. The mod els were not nec es sar ily sim i lar to those 
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Fig. 4 Partial dependence co-plot: survival probabilities at fve years of union duration as a function of a 
woman’s and a man’s life satisfaction. The x-axis shows the distribution of a woman’s level of life satis-
faction, while the y-axis shows, for each level of a man’s life satisfaction, the predicted survival associated 
with each value of a woman’s life satisfaction.
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that would be com monly used in the frame work of a tra di tional demo graphic study, 
in which the goal usu ally is to esti mate the effects of spe cifc inde pen dent var i ables to 
test a the ory, net of a set of con trols. Thus, we could select a smaller num ber of inde-
pen dent var i ables, which might reduce multicollinearity, though this is not an issue if 
pre dic tion is the goal of the study. Also, the mod els might be made more flex i ble by 
allowing, for exam ple, for spe cifc nonlinearities. Finally, to improve accu racy, some 
var i able selec tion approaches could be adopted. In the pre vi ous sec tion we showed 
that RSF is  able to pur sue the goal of exam in ing the com plex pat tern of links between 
a large set of pre dic tors and union dis so lu tion, while at the same time attaining a 
higher accu racy.

Here we con sider a pos si ble approach to improve the ref er ence DT model shown 
in Table 3 (i.e., DT3) by leverag ing insights from the RSF anal y sis. First, we excluded 
the var i ables show ing a neg a tive VIMP in Figure 1 (i.e., labor income of both part ners, 
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Fig. 5 Partial dependence co-plot: survival probabilities at fve years of union duration as a function of a 
woman’s percentage of housework and working hours. The x-axis shows the distribution of a woman’s 
percentage of housework, while the y-axis shows, for each level of a woman’s working hours, the predicted 
survival associated with each value of a woman’s percentage of housework.
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woman’s per cent age of labor income, labor income homog amy, woman’s unem ploy-
ment sta tus, woman’s extra ver sion and agree  able ness, man’s open ness, num ber of chil-
dren, and the dummy var i ables for age homog amy and for the woman being either older 
or richer than the man).

Second, we added a non lin ear term. Specifcally, we added a square term for 
man’s extra ver sion, which was among the seven most impor tant var i ables, and whose 
impact on cou ple sur vival showed a gen eral nonmonotonic non lin e ar ity (Figure 2). In 
par tic u lar, when man’s level of extra ver sion was low but increas ing, the prob a bil ity 
that the cou ple broke up increased too, while the oppo site was true at a medium-to-
high level of man’s extra ver sion.

The results of this revised ver sion of model DT3 are presented in Tables A.4 and 
A.5 of the online appen dix. We notice a gen eral improve ment of the model in terms 
of AIC (3,519), which is lower than in the orig i nal model (3,533). Additionally, the 
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Fig. 6 Partial dependence co-plot: survival probabilities at fve years of union duration as a function of a 
man’s life satisfaction and a woman’s working hours. The x-axis shows the distribution of a man’s level of 
life satisfaction, while the y-axis shows, for each level of a woman’s working hours, the predicted survival 
associated with each value of a man’s life satisfaction
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coef f cient of the new qua dratic term for man’s extra ver sion was sta tis ti cally sig-
nif  cant, sig nal ing the impor tance of con sid er ing nonlinearities for such a pre dic tor. 
Of course, other non lin ear terms suggested by the par tial depen dence co-plot could 
also be added. Finally, the pre dic tive power (out-of-sam ple) of the model slightly 
improved for all  pos si ble sur vival times, although it remained smaller than that of 
the RSF.

Discussion and Conclusion

The aim of this arti cle was to con trib ute to the lit er a ture on union dis so lu tion using 
an ML tech nique, and in par tic u lar RSF applied to lon gi tu di nal SOEP data from 
Germany.

Results from RSF indi cate that the most impor tant pre dic tors of union dis so lu-
tion are both part ners’ life sat is fac tion. Previous stud ies on union dis so lu tion have 
con sid ered spe cifc dimen sions of life sat is fac tion, such as sat is fac tion with rela tion-
ship qual ity. Our study points to the poten tial role of over all life sat is fac tion as a 
prox i mate deter mi nant of union dis so lu tion. Although RSF can not gen er ally iden tify 
causal effects, our fnd ings sug gest that future stud ies on union dis so lu tion could ben-
e ft from devot ing more atten tion to gen eral life sat is fac tion, or to sat is fac tion with 
more domains.

Relatedly, RSF also detected an inter est ing and com plex non lin ear inter ac tion 
between part ners’ life sat is fac tion, such that woman’s life sat is fac tion was pos i tively 
asso ci ated with union sur vival when the male part ner’s well-being was high. How-
ever, when the male part ner’s life sat is fac tion was low, a high level of woman’s life 
sat is fac tion was neg a tively asso ci ated with union sur vival. As with fnd ings on fer-
til ity behav iors (Aassve et al. 2016), this result points to the need to con sider both 
part ners’ sub jec tive well-being in study ing union sur vival.

Our ana ly ses based on RSF were  able to account for both part ners’ PTs and to 
explore their inter ac tions. Interestingly, we found that, despite the impor tance of 
some spe cifc PTs, none of the inter ac tions between part ner’s PTs were rel e vant for 
predicting union sur vival. This fnd ing should be ana lyzed in more depth in future 
stud ies, to assess, for exam ple, the extent to which indi vid u als form unions by match-
ing spe cifc com bi na tions of PTs and whether assortative mat ing based on PTs might 
explain the lack of inter ac tions.

As for the role of spe cifc PTs, we found that the male part ner’s extra ver sion had 
an impact on pre dic tive accu racy and sub stan tial asso ci a tions with union sur vival 
prob a bil i ties. This is in line with the few stud ies on union dis so lu tion that accounted 
for PTs (Bortien et al. 2015; Bortien and Mortelmans 2018). Additionally, we found 
that the impact of the man’s extra ver sion on union sur vival prob a bil ity showed a 
nonmonotonic non lin e ar ity, which sub stan tially affected the predicted prob a bil ity of 
union dis so lu tion.

From a meth od o log i cal point of view, our ana ly ses also showed that tra di tional 
dis crete-time event-his tory mod els have very poor out-of-sam ple pre dic tive accu racy, 
not sub stan tially dif fer ent from ran dom guessing, while the con ven tional in-sam ple 
val ues were con sid er ably higher. This indi cates that pre vi ous stud ies may have suf-
fered from overftting. ML may suf fer from overftting as well; how ever, apart from 
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sep a rat ing esti ma tion from the eval u a tion of pre dic tive accu racy, our ana ly ses used 
RSF, which, being based on a mul ti tude of trees, reduce risks of overftting.

The RSF offered bet ter pre dic tive accu racy than DT mod els, confrming past 
research indi cat ing that algo rith mic approaches typ i cally show bet ter per for mance in 
this task. This is an impor tant advan tage of ML approaches because, as Hofman et al. 
(2017) argue, pre dic tive accu racy is cru cial for the ory build ing and val i da tion. How-
ever, the pre dic tive accu racy of RSF remained lim ited, a fnd ing that is in line with 
the results of a mass sci en tifc col lab o ra tion that found low pre dict abil ity in life out-
comes (Salganik et al. 2020). In other words, union dis so lu tion may be, in part, intrin-
si cally “ran dom” (Hofman et al. 2017), and thus, as in other social sci ence con texts, 
we have to accept that a por tion of phe nom ena might not be pre dict able. Additionally, 
stud ies have found that selec tion of var i ables based on the ory or expert judg ments 
does not nec es sar ily improve pre dic tive per for mance (Filippova et al. 2019). We used 
a large set of pre dic tors iden ti fed in pre vi ous stud ies, but other fac tors that have not 
yet been stud ied might con trib ute to predicting union dis so lu tion. Future appli ca tions 
of ML tech niques could help iden tify these new pre dic tors.

In con clu sion, our results using RSF point to a com plex inter ac tion among part-
ners’ life sat is fac tion, and to the absence of inter ac tions among part ner’s PTs, in pre-
dicting union dis so lu tion. They also dem on strated which indi vid u als’ and cou ples’ 
char ac ter is tics are highly pre dic tive of union dis so lu tion and which, instead, have 
weak or null pre dic tive power.

A meth od o log i cal con tri bu tion of this study has been to dem on strate the poten tial 
of ML tech niques for the anal y sis of union dis so lu tion and for demo graphic research 
more gen er ally. We have shown that RSF are  able to han dle a large set of pre dic tors, 
which proved very use ful in the study of union dis so lu tion. We also illus trated how 
RSF per mit ted explor ing nonlinearities and nonadditivities in the links between pre-
dic tors and union dis so lu tion. Moreover, we found that RSF outperformed stan dard 
DT mod els in terms of out-of-sam ple pre dic tive accu racy. Finally, we have dem on-
strated how insights from ML tech niques can be inte grated into more stan dard regres-
sion ana ly ses.

Our implementation of RSF can be eas ily applied to dif fer ent data and top ics 
in demog ra phy by adapting the R code we pro vide. Cesare et al. (2018) noted that 
demog ra phers have used some ML tech niques in the anal y sis of dig i tal trace data, 
such as for the (semi)auto matic cod ing of tweets (Karamshuk et al. 2017). We showed 
how demog ra phers might fnd ML tech niques use ful in the con text of more “tra di-
tional” sur vey data too. Despite the prom ise of ML, how ever, our ana ly ses dem on-
strate that arti f cial intel li gence can not replace human judg ment entirely (Berk 2006; 
Lichtenthaler 2018). Machine learn ing is not a purely data-driven approach, just as 
regres sion-based research is not purely the ory-driven (for fur ther dis cus sion, see Shu 
2020). The use of ML tech niques is not, as some have suggested, the “end of the ory” 
(Anderson 2008). Key aspects of the def  ni tion, the mea sure ment, and the selec tion 
of the var i ables to be ana lyzed remain with the researcher. Similarly, the inter pre ta-
tion of empir i cal results, and their contextualization within the broader lit er a ture and 
with respect to the study set ting and the his tor i cal period, neces si tate deci sive human 
inputs. By com bin ing sub ject-mat ter exper tise with auto matic and semi au to matic 
com pu ta tional meth ods (see, e.g., Blei and Smyth 2017), demog ra phers will be  able 
to lever age the ben e fts of both the human and the machine.
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