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Chair of the Supervisory Committee:
Associate Professor Betty M. Repacholi

Psychology

This work examined the Strange Situation codingesysutilizing Latent Class Analysis (LCA)
to assess the number of latent categories undgrliia measurement. In addition, the four
behavioral dimensions of attachment behavior engalag Strange Situation coding (proximity
& contact seeking (PCS), contact maintaining (Cdpidance, and resistance) were evaluated
with the LCA methodology to determine if simplificans (dichotomous vs. multi-level coding)
or modifications (continuous vs. nominal/ordinatlow) were achievable. Participants were
1,191 children from the NICHD Study of Early Ch@ihre and Youth Development (SECCYD)
who were assessed using the Strange Situationcaumeeonducted at 15-months of age.
Analysis 1 of the current work treated PCS and GM-#evel nominal variables, and avoidance

and resistance as 2-level variables (e.g., nongovse avoidance). Analysis 2 was identical to



Analysis 1, except participants classified as Ussifeable (U) or Disorganized/Unclassifiable
(DU) were excluded for comparison purposes. Anslgdreated PCS and CM as continuous,
while avoidance and resistance remained dichotomAusalysis 4 returned PCS and CM to
their original 7-level state and freed the avoidaand resistance variables to vary by making
them 3-level. None of the analyses yielded a aleadel of best fit, although both Analysis 1
and 4 returned multiple potentially suitable modedsmalysis 3 returned no acceptable models,
calling into question the common practice of tregitihe four behavioral dimensions as
continuous variables. No definitive answer wagihed as to whether binary coding offered
similar discrimination to 3-level coding. The &ss model of each analysis contained latent
classes displaying A- (insecure-avoidant) and Beyse) type behavior, with participants
showing classic C behavior seemingly included enBhclass. This is counter to the typical
secure vs. insecure comparison conducted in muttreadttachment literature. The 3-class
model of each analysis contained classes resenthén§trange Situation A and B groups, and
the B2 subgroup, which diverges from the expeatatiforeplicating the ABC coding system.
Taken together, these findings begin to call intesiion the classic Strange Situation
classification system, although further work isaegkto address the many issues encountered

with these analyses.
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CHAPTER 1
INTRODUCTION
It could be argued that the theory of attachmeduding its measurement, correlates,
and developmental outcomes, is one of the mostlygladied areas in the field of
developmental psychology. Closely following theatron of John Bowlby’s (1958)
groundbreaking control-systems theory of attachgrtéetsearch for accurate methods of
measuring this construct began. The most widedy @d well-known of these measurements is
Mary D. S. Ainsworth’s Strange Situation. This m@@ was extensively validated by
Ainsworth and her colleagues (1978), relying ndy@m observations made in the laboratory
setting, but also on assessments of maternal sélysihade in the home environment. Based on
its extensive validation and its history of outcantieat correlate with predicted variables (e.g.,
Matas, Arend, and Sroufe, 1978; Renken et al., 1B88Iin, Hagekull and Rydell, 2000), the
Strange Situation has become somewhat of a “Galddard” measure for the theory of
attachment. Because of this status, many, if rastpof the subsequent measures of attachment
that have been created have been validated agiaeStrange Situation.
While the Strange Situation has arguably been waditlated, one might point out that
this validation has been done in the context adghand only three, attachment styles existing.
In fact, all of the efforts made by Ainsworth aralleagues (1978) to validate this measure were
predicated on the well-founded assumption thatwlais the case. Given this major assumption,
it only makes sense that it might be necessargki®e & step back and actually test if there are in
fact three, and only three, attachment styleszurng new statistical techniques that can explore

this situation further.



One of these techniques that is relatively nevinéoarea of psychology is Latent Class
Analysis (LCA). This analysis seeks to assessittuerlying structure of a set of data utilizing
nominal, ordinal, or continuous indicators. In therent study, LCA is used to examine the
classification system used in the Strange Situatian attempt to evaluate the number of latent
categories that underlie this assessment of attactinBeyond this, the four dimensions of
attachment behavior (proximity & contact seekingptact maintaining, avoidance, and
resistance) that are currently used in categongm@asent in the Strange Situation coding are
examined in an effort to make suggestions for Ritading and potentially simplify the coding

process.

Bowlby’'s Theory of Attachment

John Bowlby first began to set forth his theornattachment in 1958 with the publication
of an article examining the mother-child relatioipshin subsequent years, he refined this theory
and ultimately expanded it to the point of creatinpree volume work entitled “Attachment and
Loss”. The first edition of this trilogy, publistien 1969, sparked a major shift in the way the
relationship between mother and child was viewigdtil this point in time, most researchers
believed that any connection between the motherchitd was due to the child getting his
needs met in some way by the mother. Which ofelmegds was primary in the formation of the
relationship, whether it be a need for food, phaistontact, or some other basic necessity, was
hotly debated. Of particular popularity at thedimas the idea that the mother-child connection
resulted from the mother’s provision of food to teld. A mother, being the sole figure with

the ability to breastfeed her child, was the pe¢réandidate for the formation of a unique bond

! Throughout this manuscript the child’s gender Wélreferred to as male to aid in the ease ofngjstshing
between references to mother and references . chil



with her infant because of her ability to meet teed for sustenance. Bowlby’s theory
challenged this idea, and the larger idea thatrtbther-child bond was based on a child’s needs
being met. Relying on evidence from research animaman primates, Bowlby was able to
stand on firm ground in his assertion that the metthild bond was not in fact due to the mother
being the child’s source of nourishment (Bowlby32p

The crucial piece of evidence presented by Bowlhis line of defense was the work
of Harlow (1958) on infant macaque monkeys. Hark®parated a group of macaques from
their mothers at birth and raised them with theadichother substitutes. Each monkey was
given 24 hour access to two “mothers”. The firgitimer was created out of a tube of wire mesh,
generally the size of an adult female macaque antbbject roughly resembling a head at the
top of the tube. The second mother was identicalae and shape to the first mother, but this
mother was covered in soft cloth. Half of the @péd monkeys received nourishment from a
nipple protruding out of the wire mother, and thieeo half drank from the cloth mother. In
looking at the amount of time the monkeys spemointact with each mother, both groups
showed a clear preference for the cloth mothefadty even when a fear inducing stimulus was
introduced into the cage, whether or not a motles the source of food had no bearing on the
macaques’ preference — the monkeys plainly predetre cloth mother, even if she had not
provided nourishment. Harlow called this the cqua# “contact comfort”, indicating that
monkeys were not solely reliant on a mother figorprovide them food, but looked to a
preferred mother figure to offer tactile comforttimes of stress. This clearly showed that in
non-human primates, a close relative of humandyoinel between a mother and child was not

dependent on the feeding relationship.



Bowlby took Harlow’s work as evidence againstithea that the human bond between
mother and child was based on the mother providmgishment, and ultimately suggested an
ethological theory of human attachment. He asdenat the primary function of attachment
behavior was survival of the species. A child tieaains in proximity to his mother, or even on
his mother’s person, is more likely to be protedtedh any threats the environment might hold.
In our evolutionary history as humans, these tisreatild include predators that might threaten a
child’s life, and therefore threaten the chancthaf child’s genes being passed to the next
generation. It was in the child’s best interestegieally, and for that matter the mother’s best
interest as well, to remain close to the mothearrder to ensure survival. According to Charles
Darwin’s (1911) theory of evolution, this behavadrseeking proximity to mother, especially in
threatening situations, would surely be maintaiaecbrding to the process of natural selection.
Even in today’s world, where wild animals are miless of a threat than they were for our
ancient ancestors, a child’s survival is still degeent on maintaining proximity to a caregiver
who will protect and care for that child (Bowlby982).

Bowlby suggested multiple behaviors that couldéen as contributing to the child’s
maintaining proximity to the mother, including smg, crying, babbling, approaching,
following, clinging, and sucking. It was suggestedit, just as the child put forth effort in these
behaviors, the mother herself would also encousagh actions, playing her own part in
promoting proximity. Over time, Bowlby believedatithese behaviors would go through the
process of “monotropy” in which the child would gie out the mother as the primary recipient
of these bids for proximity. In this way, proximio mother became the set-goal of what

Bowlby came to call his control theory of attachmieehavior (Bowlby, 1982).



After much expansion and refinement of his thesrgttachment between 1958 and
1969, Bowlby came to base his theory of attachrmoardontrol systems theory. According to
control systems theory, a machine would have arpromed goal, and this goal would be
attained by taking action, and then constantlynrefj this action based on environmental
feedback to bring the machine closer to the gdak classic example of such a system, offered
by Bowlby (1982), is that of a thermostat. Therthestat’s goal is to maintain a pre-set
temperature, and the machine responds to changles environmental temperature by taking
action (e.g. triggering a heating system to intedmore heat into the area). Bowlby felt that
the attachment relationship could be viewed inciv@ext of this type of control system. A child
has a set-goal of maintaining proximity to his nestfand responds to changes in the
environment (e.g., mother leaving the room, mogheking him up, etc.) by refining his
behavioral strategy (e.g., crawling after mothénging to mother, etc.) in order to bring him
closer to his goal. At the same time, the chilohisrested in exploring the environment around
him, so he must strike some balance between mainggproximity and exploration. Bowlby
termed the process of refining one’s actions totrtteeneeds of the current environmental
situation “goal-corrected behavior”. He believhdtt early on, a child might make a bid for
proximity, for example by crying, but this actianot goal-corrected because the child himself
has no means of maintaining proximity to his mothée simply must wait for his mother’s
response. As the child’s repertoire of behavicqsaads, however, he will begin to have the
means for true goal-corrected behavior, changisgin actions in response to his mother’s
actions.

With the type of control systems theory of attaehithat Bowlby (1982) depicted, the

set-goal of every child would be consistent (pragrno mother), while the techniques and



behaviors used for actually attaining this goal lddae flexible and varied, both among children
and within an individual child. Even though, basedthis, it would be impossible for Bowlby to
describe a set behavioral sequence that every prolgressed through over the course of
development, he was able to outline a sequencauofgeneral phases of attachment the he
believed children followed. The phases as Bowdbeled them were:

Phase 1: Orientation and Signals with Limited Dmation of Figure

Phase 2: Orientation and Signals Directed towarts ©r More) Discriminated

Figure(s)
Phase 3: Maintenance of Proximity to a Discrimiddtegure by means of Locomotion as
well as Signals

Phase 4: Formation of a Goal-corrected Partnership
In the first phase, lasting from birth to aroundvii@eks of age, the baby is responsive to people
in the environment, but has difficulty discriminagiamong these people. In the second phase,
ranging from 12 weeks to around 6 months, the lb@zpmes better at discrimination and begins
to focus more positive attention on the mothere Trird phase sees the baby gaining new skills
in the ability to maintain proximity to his mothevjth the mother maintaining primary
importance to the child and some signs of straaggrety heightening the difference between
mother and other. In addition, children are seesh@wing some goal-corrected behavior in this
phase, more flexibly adjusting their actions tocretheir set-goal. Bowlby felt children were in
this third phase from around 6 months until attiéasir second birthday. During the fourth and
final phase of attachment development, a more cexmalationship develops. A child begins to

understand that his mother has her own set-gaadsisaable to anticipate them and adjust his



own actions accordingly. This partnership, as Bxyvdaw it, could be seen at the earliest in
children around 2 ¥z years of age.

It is important to note that children are so prhte form this attachment bond that they
will follow this progression, even if the mothettiaely works counter to the forming of this
relationship. A mother’s behavior in responsedod¢hild and his bids for proximity can vary
immensely, from responsive and sensitive caregjwmgomplete rejection. It is clear, based on
the fact that attachment is a relationship, thattiother’s behavior would also have a bearing on
the nature of the mother-child bond. For this oea# is known that not all attachment
relationships are created equal (Bowlby, 1982).

Unfortunately, even though it is clear that attaent relationships differ, it is impossible
to arrange those relationships on a continuumtehsity. The problem lies in the fact that the
behaviors and strategies that lead to the setajqabximity are so incredibly varied. Even
within a given child, the methods he might useetach his set-goal will change based on the
environment. There is no way to indicate if onbdaor is “better” than another, because
supreme importance is given to attaining the guoatl the exact method of attainment. Because
of this, it was clear to Bowlby that seeking toateea scaled measure of the intensity of an
attachment relationship was not a feasible goalven a worthy goal. The only possibility
would be to look at the quality of the attachmestationship, seeking patterns and profiles that
could give researchers insight into the motherecrelationship. Mary D. Salter Ainsworth,
colleague and mentee of Bowlby’s, developed a mreabkat sought to do just that (Bowlby,

1982).



Ainsworth’s Strange Situation Assessment

The foundations of the measure created by Aingwaame from the work she conducted
in Uganda, where she sought to learn about the betwleen mother and child, specifically
looking at the child’s response to separation. eflam this work, Ainsworth (1964) proceeded
to create a catalog of behaviors that she beliexarée indicative of attachment. These behaviors
sparked an interest in further exploration of ttiadment phenomenon, and were used in
Ainsworth’s subsequent work, ultimately helpingcteate a new measure of attachment.

In the years that followed her time in Uganda,s&orth was involved in the collection
of data on four samples of a total of 106 motheldgbairs in the Baltimore area. The children
in these samples were all approximately one yeagef Much information that was later useful
for validation of her new measure was collected,dbyprimary importance was the fact that
Ainsworth and colleagues tested all of these methéd pairs with a new measurement
procedure called the “Strange Situation”. The®&jeaSituation consisted of a series of 8
episodes that the mother and child participatedith the ultimate goal of creating a mildly
stressful situation for the child that might actezéhe display of attachment behavior (Ainsworth
etal., 1978). (Table 1 presents a descriptiosasch episode and its’ participants, but they will
also be described further presently.)

In the first episode of the Strange Situation,rtfaher and child were introduced to the
testing room. In the middle of one end of the romas a pile of toys attractive to children of
this age. On the opposite wall from the pile gfstsat two chairs, one at either end of the wall.
The purpose of this episode was simply to introdteepair to the room.

The second episode consisted of the mother atdlalne in the room for three

minutes, with the mother sitting on a chair andahid playing with the toys. The mother was



instructed to read a magazine and not to initiaieraction with the child, but to relate normally
if the child were the one to initiate interactionhis phase was intended to allow the child to
become comfortable in the room and explore the &gdable.

After three minutes, the third episode began irctvilan adult female stranger entered the
room. For the first minute of this episode, thamsger sat in the chair opposite the mother and
remained silent, not interacting with the mothecloitd. After this first minute, the stranger
proceeded to engage the mother in pleasant cotver$ar one minute. Finally, the stranger
addressed the child, spending a third minute aftieignjpo interact with the child and engage him
in playing with the toys. At the end of this thra&ute episode, the mother discreetly left the
room.

The fourth episode consisted of the stranger and r,emaining in the room, constituting
the first episode involving a separation of chioihh mother. The stranger continued to interact
with the child as before, gradually reducing tineraction with the goal of moving to the chair
and allowing the child to explore on his own. Hétchild grew upset upon recognizing his
mother’s absence, the stranger attempted to comhi@ithild. This episode lasted three minutes,
unless the child grew extremely distressed, in Wis&se this fourth episode was terminated
early and the fifth episode began.

The fifth episode involved the first reunion, witke mother returning to the room and the
stranger unobtrusively leaving. The mother wasdgsk greet her child as she normally would,
and then to seek to re-engage the child with tie. t@ his episode lasted three minutes, allowing
the mother a chance to calm the child if necesaadyfor the researchers to observe reunion
behavior. At the end of this three minute episdde mother said, “bye-bye” to the child and

then left the room again.
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After the mother had exited the room, the sixtisege began in which the child was left
alone in the room. This second separation epitsded for three minutes. If the child was
extremely distressed, however, this episode wasinated and testing proceeded to the seventh
episode.

The seventh episode began with the stranger ratuta the room. The stranger
responded to the child as necessary, attemptingrtdort the child if he were distressed. The
goal of the stranger was the same as in the feyifode — to gradually reduce interaction and
encourage the child to engage with the toys omwis. If, however, the child remained highly
distressed, this episode was terminated befotggtsal three minute duration was over and the
eighth episode was initiated.

The eighth and final episode involved the motle¢uning to the room and the stranger
discreetly exiting. For this second reunion, thetmer was asked to enter the room, greet the
baby, and then proceed to pick him up, regardlébssactions at the time. The mother was
then free to respond to her child as she normatiyld; and their reunion behavior was
observed. At the end of this three minute epigdbddesting was completed and the pair was
finished with the Strange Situation testing (Ainsthieet. al., 1978).

During the entire Strange Situation, two observeathed the interactions in the testing
room through a one-way mirror. They each narratedccount of the behavior they witnessed,
which was later transcribed and divided into 15sédntervals of narration for coding
purposes. These sessions were not videotapedddaek of equipment being available) but
some still photographs were taken.

Without a specific coding agenda in mind, Ainswaaathd colleagues (1978) began by

attempting to classify children according to similaof behaviors. As a preliminary step in this
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process, they looked at the first 13 mother-chdaspthat had been tested with the Strange
Situation assessment. They assumed that the ehitdievel of distress upon separation would
be useful in delineating different groups, and wadske to identify three groups looking at these
separation episodes. To be clear that they weragsigning levels or values to these groups,
they labeled them A, B, and C.

After they had collected a total of 23 mother-diphirs, they attempted to separate these
participants into groups based on a broader spaatfibehavior, examining all episodes instead
of simply the separation episodes. In so doingy tdentified seven different sets of children
that were demonstrating similar behavioral pattéhnsughout the assessment procedure. From
there, the researchers compared these sets oferhifdan attempt to group them more broadly.
They found three larger groups that they againlémbA, B, and C, even though these three
groups differed in many ways from the previouslfirtkrl groups that were based solely on
separation episodes. Even after identifying thiesze larger groups, however, they retained the
original seven sets of children and called thengsulgps of the overall ABC classifications. In
this way, they identified group A, which had twdgwups, group B with three subgroups, and
group C with two subgroupgAinsworth et. al., 1978).

After defining these three groups, Ainsworth antleagues (1978) set out to develop
criteria that could be used to assign childrerh&sé groups. They realized that the behaviors
that were most indicative of group membership Weuad in the reunion episodes, not in the
separation episodes as they had originally hypabds For this reason, they focused their
coding efforts on the reunion episodes. Withirsthceunion episodes, four dimensions of

behavior were identified that appeared to cleaelyneate the three groups. These dimensions

2 Bell (1970) later discovered an additional subgrougroup B that was included into the final cagystem
(Ainsworth et. al., 1978)
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were: proximity & contact seeking (PCS), contactntaning (CM), resistance, and avoidance.
After identifying these dimensions, Ainsworth aret keam proceeded to write out a description
of any behavior they had witnessed in their fi&tfarticipants that seemed to relate to one of
these four dimensions. These descriptions weredlhanged on a 7-point continuum for each
dimension in an effort to create scales based trablbehaviors that had been witnessed. The
intention was not that these exemplars be exhaydiivt provide a detailed example of how a
researcher might classify children along each eséfour dimensions. From these dimensions,
classification into the A, B, and C groups couldrtteasily be performed.

Tying all of these behaviors and dimensions togyetidd to the formation of profiles of
each of the three groups. The A group was mosgrazable for their avoidance of the mother
in the reunion episodes. When mother returnedeadom, the typical response was for the
baby not to greet her or even for him to activelgid interaction with her. While group A
babies did not show much resistance toward the engtiiey also did not actively seek proximity
to or contact with her. These babies are oftereddihsecure-avoidant”. In contrast, the
children in group B were active in greeting thewthrers upon her return, and typically sought
proximity to and contact with her. They showetditesistance and avoidance behavior directed
toward the mother. If they were upset by mothabsence, they seemed to be easily soothed by
her upon her return. Group B children are typicedtmed “secure”. Finally, the babies in
group C were conspicuous for their resistance bhehadirected toward the mother.
Interestingly, these children often sought proxynaihd contact with mother, but would then
show acts of resistance — pushing the mother awkicking at her. They rarely showed any
avoidance, but were actively engaged in a struggleveen contact and resistance. Children in

group C are often called “insecure-ambivalent” @wworth et. al., 1978).
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The discovery of these individual differencestimehment behavior led Ainsworth and
colleagues (1978) to conduct a Multiple DiscriminBanction Analysis (MDFA) in order to
further analyze the reliability of their three qgdey system. There were two main objectives for
this analysis. The first was to see if the thragegories that the researchers discovered were in
fact statistically disparate. The second was tmere the dimensions of behavior that were
being used in classification to see if they wererttost useful behaviors for identifying these
disparities. The MDFA was performed on the dadanfthe four samples of Strange Situation
data previously mention&d

Ainsworth and colleagues (1978) found two highyngiicant discriminant functions that
separated the data into the three groups that éaal freviously defined. In this way, the
Strange Situation classification system was suppldoy the MDFA. In addition, they looked at
22 different types of behavior that had provenistiaally to distinguish one group from another
in the ABC system. By looking at a variety of ioes, including the correlation of each behavior
with the discriminant functions, the researchersavable to determine which variables were
offering the “best” discrimination among the thggeups. These variables would, in turn, be
important measures to include in any future usdgkeoStrange Situation. The variables that
seemed to be best at discrimination were what Aomgwand colleagues termed the “interactive
behaviors” with the mother: proximity & contact &e®, contact maintaining, avoidance, and
resistance, all in the reunion episodes. The rekees’ earlier hypothesis that these four
dimensions of behavior would be most indicativgmup membership was statistically

supported by the MDFA.

% Only 105 participants were included in the MDFARe subject was dropped due to equipment failuielwled
to an incomplete record for this child.
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With the information from the MDFA, Ainsworth amglleagues (1978) were able to
confidently put forth the final version of the Stgge Situation assessment. This assessment
required trained coders to rate participants orfadbhedimensions of interactive behavior
witnessed in the two reunion episodes. Thesegaiivere then utilized to assign an overall
category to each child. With this finalized versif the assessment, the researchers were
prepared to pursue further inquiries using the neasure and to encourage others to do the
same.

Of importance to Ainsworth and colleagues (197%pke widely endorsing this new
measure, however, was ensuring that the behavigptagled by infants in the Strange Situation
procedure were not unique to the laboratory enwemt, but represented a child’s typical
behavioral pattern. In order to assess this,@ékearchers examined the data from the original 23
infants that had participated in the Strange Sitagbrocedure. These infants had also
participated in a year-long examination of theihdaor in the home environment, focused in
particular on mother-infant interaction, in whiah abserver visited the home once every three
weeks for the entire first year of life. Ainswodhd colleagues were able to examine the
behavior of both the infant and the mother in thenl, focusing on the first and fourth quarters
of the first year, in order to look for connecticarsd correlations with the child’s later behavior
in the Strange Situation assessment. Of particolarest was looking for group differences
based on the infant’s assignment to the A, B, gratip.

What Ainsworth and colleagues (1978) discovered avalear connection between group
assignment in the Strange Situation and both irdadtmaternal behavior in the home. In terms
of infant behavior, babies that were assigned ssflaation of B in the Strange Situation tended

to cry less in the home and be less distresseddiymothers leaving the room. They also
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tended to have a positive reaction to being helchbther. In contrast, the A infants were more
distressed by separation in the home than B infaittsough C infants showed the highest level
of distress. Interestingly, given their Strangei&ion behavior, infants in the A category
displayed the most anger at home. Ainsworth afidagues suggested that the A infants
appeared to be displaying an approach-avoidandéatan which they showed clear signs of
distress at separation from the mother in the hdiumeat the same time avoided close bodily
contact, in some ways displaying signs of feahefrmother. While the behaviors of each group
of infants in the home might not identically matble behaviors seen in the laboratory setting of
the Strange Situation, clear group differencesdasethe Strange Situation classifications were
seen, lending credence to these distinctions.

Potentially even more important than the infannkedehaviors that were observed were
the maternal home behaviors. Mothers differedrdilyy based on their child’s Strange
Situation classification, not only in the fourthagter of the first year, but also as early as st f
quarter of the infant’s first year of life. Ainswth and colleagues (1978) found that the most
clear and overarching way in which the mothersefthree groups of infants differed was in the
mother’s sensitive responsiveness. Mothers off@is were quick to respond to their infants’
signals and showed affection while holding theibiba. Mothers of C infants clearly showed
the opposite pattern, with longer delays beforpagding to their infants and a lack of affection
in holding situations. Mothers of A infants showaibtle but clear signs of aversion to having
close physical contact with their babies. Whileren@search needed to be conducted in order to
make suggestions about a causal relationship betmegernal sensitivity and Strange Situation
classification, this was the first piece of evidesctiggesting maternal sensitive responsiveness as

an important factor in the individual difference®n in attachment statuses.
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In the years that have followed the formulationilef Strange Situation assessment, this
technique has been used in countless studies.aRRbses have delved further into the individual
groups, continuing to speculate on what aspediseofmother-child relationship might have led
to the individual differences found in the Strai@iation. For example, in a review of work
that had been done on the insecure-ambivalentr@pgof children, Cassidy and Berlin (1994)
suggested that mothers of children in the C groapevinconsistently available for caregiving.

In this way, these mothers encouraged (consciarsiyconsciously) their children to engage in
heightened attachment behavior and discouragedm®tign of the environment. In contrast,
Main and Weston (1982) found that the insecuredati (A) group had mothers that
consistently rejected physical contact. These srstlwhen examining multiple samples, also
proved to show lower levels of affect across midtgituations. These simple correlations
between mother’s behavior and Strange Situatiossifieation led to further work in the area,
and the propositions suggested by Cassidy andrBariid Main and Weston are still held to be
true today.

Another line of research that has been taken @prasult of the Strange Situation
assessment is the link between attachment claasoiicand various outcome variables. This
was a logical next step, given the fact that Bow{l882) suggested that, through the process of
developing through the phases of attachment wghrather, a child would form a sort of
internal working model of close relationships. §hmodel would then serve as a model for all
future relationships. In this way, the child’sstiattachment relationship with his mother would
have far-reaching effects, clearly justifying amplexation of the link between attachment status

with the mother and later development.
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A host of outcome variables has been examinedtbeeyears following the
development of the Strange Situation. Matas, Arand Sroufe (1978) found that children that
had been classified as secure (B) at 18 monthgeoEagaged in more symbolic play in a free-
play task at 24 months than did children that heehlclassified as A or C at 18 months. In
addition, the B children were more compliant wiglquests made by mother in a problem-
solving task.

Shifting focus to the insecure groups (A and Chikea and colleagues (1989) found
strong links between attachment classification8atnbnths of age and teacher ratings of
behavior in first through third grade, althoughsthink was only significant for their male
participants. They found that a larger than avegaation of the boys that were rated as
aggressive by their teachers had been classifiag@dant (A) as toddlers. On the other hand, a
larger than average portion of the boys showingss@f passive-withdrawal in elementary
school had been classified as resistant (C) atd@&ms of age. These significant findings
highlighted the particular problem of long-lastiitiks between early insecure attachment and
later school adjustment.

More recently, Bohlin, Hagekull and Rydell (2000uhd links between early attachment
classification and popularity. Children that hasgkb classified as securely attached at 15 months
of age were rated as more popular when asses8eahat9 years of age. The preceding
examples are merely a few of the multitude of gtadhat have investigated the links between
early attachment status and later outcomes. $natt@a, the Strange Situation assessment has
certainly opened the door for a thriving body cfearch.

In addition to investigating the links between 8ga Situation attachment classification

and various precursors and outcomes, researchezsattampted to create new measures of



18

attachment. One of the more popular methods i&ttashment Q-Sort developed by Waters
and Deane (1985). This method involves a codéingpa set of 100 cards that each have a
description of a specific attachment-related betrawito a set normal distribution. Based on
careful observation of the child in the home, thder creates this distribution that spans from
behaviors that are most characteristic of the doiléast characteristic of the child. This
distribution that is representative of a specihdatcan then be compared to criterion sorts
which have been created to represent a prototypisature, resistant, or avoidant child, for
example. One of the main differences betweennt@thod and the Strange Situation is that the
Q-sort is conducted in the home, avoiding the uiifanty of the laboratory environment. In
addition, the attachment Q-sort is appropriatecfoldren from 1 to 5 years old, offering a
substantially wider range of participant ages ttienStrange Situation, (Posada et. al., 1995). In
these ways, the Q-sort method not only offers terrative method of assessing the attachment
relationship, but it also includes major differemdée®m the Strange Situation assessment that
could be considered advantageous in certain tsti

As researchers have attempted to develop new nathigydfor assessing attachment,
there has also been a push to create laboratoeglmasasures that have the ability to test
children that are older than the one-year-old agamfor which the Strange Situation was
originally created. Moss and colleagues (2004napted to validate a measure of attachment
called The Preschool Attachment Classification &ps{PACS) for children 3 to 5 years old,
which was created by Cassidy and Marvin with theM#ur Working Group on Attachment.
This assessment consisted of a series of four @gsssimilar to those in the Strange Situation in

that they consisted of a series of separationgeunions between mother and childn the

* Solomon and George (2008) note that it is alseptable to the authors of this system to use ttiseehepisode
procedure from the Strange Situation assessment.
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PACS, however, the separations were longer (upnhinbites) and the separations always
involved the child being alone. While the coding this system differed from that of the
Strange Situation because the researchers wermadpfak behaviors that would be indicative of
attachment in children at this particular age,dreih were ultimately assigned to the same
categories utilized in the Strange Situation assess It could easily be suggested that the
PACS system is the adjustment most closely sinldne Strange Situation, modified only
slightly to be appropriate for children of this etcage.

Patricia Crittenden, on the other hand, designggstem called the Preschool
Assessment of Attachment (PAA) that included varreg in coding as compared to the Strange
Situation. Not only did she conceptualize the gothat were comparable to the original
Strange Situation classifications differently, bbe also included additional categories that are
not found in Ainsworth’s original system. In fa€ittenden specifically predicted that
developmental change would affect the categorimatfcchildren, and that it is entirely possible,
if not likely, that a child’s attachment status mtighange over time. While the PAA
significantly diverges theoretically from the PAGSd the Strange Situation), it is entirely the
same methodologically. The PAA is aimed at chidages 2 to 4, and the coding is based on
the child’s behavior in either the original epissax the Strange Situation, or the modified four
episode version used in the PACS. While this assest is more disparate from the original
work of Ainsworth, it is clearly rooted in this ttdion stemming from the Strange Situation
(Solomon and George, 1999 & 2008).

As should be clearly evident, the Strange Situadisgessment has spurred an enormous
body of work. Researchers have explored counflessursors to Strange Situation attachment

classifications and outcome variables that areetated with attachment categories. In addition,
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many new attachment assessment techniques havel®esnped in an attempt to classify
children similarly to the Strange Situation usirgywimethodologies and demographics. The
majority of these new assessments have been \adidging the Strange Situation, further
indicating Ainsworth and colleagues’ assessmeateqgly as the root of this vast body of work.
Clearly, in the short span of only a few decadas Strange Situation has become a major
instigator in terms of research on attachmentfadt, this measure appears to be regarded as
something of a “gold standard” in the assessmeattathment. Solely based on the plethora of
research that is linked to this measure, and thethat most new measures of attachment are
based on or validated against the Strange Sityahagold standard label appears to be
accurate.

There are many difficulties, however, with this @@ being relied upon as the gold
standard. Main and Solomon (1986) suggestedhieat icould easily be more groups than the
three classifications discovered by Ainsworth aaleagues (1978). While Main and Solomon
reported that they did not discover a new categsryguch, they did find a group of children that
were demonstrating what they termed disorganizetismriented behavior (D behavior). The
most striking characteristic of this group of chdd was that they appeared to lack a coherent or
organized strategy to deal with the stressors ptedan the Strange Situation procedure. They
speculated that this group of infants had expeedriear associated with an attachment figure
and, for this reason, experienced a conflict inagibns that induced attachment behavior. When
the attachment system was aroused, the child wmmilitawn to move toward the attachment
figure for safety and comfort, but because thedcai$o associated fear with this figure, the child
was left in an irresolvable conflict. These chaldrdid not show a singular distinct pattern in

terms of the four dimensions of behavior utilizgdtle Strange Situation to classify children,
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but they did all demonstrate some form of disorgesiibehavior that Main and Solomon (1990)
were able to convert into a distinct scale of Daabr. While the researchers did not find a new
classification based on the Strange Situation dgwees of behavior, the discovery of this group
of children showing distinct behaviors that were ceptured by the original Strange Situation
coding system should certainly give us pause,iasatbne might suggest that there is the
potential for other groups to exist that are naotently addressed by the Strange Situation
coding in its present form.

Another potential issue with the Strange Situabeing considered a gold standard
measure is that it has not been confirmed usinduithextent of our current statistical
knowledge. Ainsworth and colleagues (1978) utdisatistical procedures, namely MDFA, that
were well-known and popular at the time they weeating the Strange Situation. Statistical
knowledge has advanced since then, however, ananmatirods have become accessible to the
point that new research can be conducted on “olelisures, such as the Strange Situation. It
should be noted that the implication here is nat the Strange Situation should not be
considered a gold standard measure, but that iharaple reason to review the treatment of this

single assessment to ensure that, as a fieldjustdied to continue in this vein.

Latent Class Analysis

In recent years, Latent Class Analysis (LCA) hasobee increasingly popular in social
science research. This analysis can be usedvaniety of purposes, one of which is assessing
the underlying structure of data (in this case, tiweor not there are three underlying
attachment styles). Using nominal, ordinal, ortoarous indicators, or a mixture of these three,

LCA looks for latent classes in the data withthe requirement of the data being previously
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classified (unlike MDFA). In the particular casetlee Strange Situation, LCA could be utilized
in two specific ways. One would be to use the fdinrensions of behavior that are assessed in
the Strange Situation (proximity & contact seekiogntact maintaining, avoidance, and
resistance) as indicators in an analysis of latlr#ses. Multiple models could be compared to
assess how many latent groups were suggested begshditting model. If the best model
indicated three latent classes, this would mostyikupport the current ABC classification
scheme used in the Strange Situatiolfithe best model indicated a number other thase
classes, the profiles of these classes would reebd explored to assess their theoretical validity
and make suggestions for future measurement.

An additional way that LCA could be utilized woudé in assessing the four dimensions
previously mentioned. Because a variety of indicatpes (nominal, ordinal, or continuous) can
be used with this type of analysis, the data cacdoed in different ways in order to facilitate
important comparisons. For example, it is commmothe field of attachment to treat the four
dimensions of behavior as continuous variablesn ¢éveugh they are truly based on an ordinal
scale. Given that LCA can handle both continuous@dinal indicator variables, it allows the
possibility of running separate analyses, codimgitidicator variables in each of these two ways,
and comparing the results. If the results weratidal, then this would indicate that the field is
somewhat justified in treating these dimensiondinaously, but if the results were widely
different, a further evaluation of current practiceuld be suggested. In addition, it might even
be the case that the full 7-level ordinal scale ihased for each dimension of behavior is not

necessary. There is a possibility that one or mbthe dimensions of behavior used as indicator

® It is not necessarily true that a 3-class modalldanatch Ainsworth’s model and not some other detety
different model that happened to have three classegrder to confirm that a 3-class model aligyih
Ainsworth’s, one must examine the conditional resgoprobabilities (described in detail later) difigee class
model in order to compare them to Ainsworth’s ABGfies.
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variables in these analyses could be reduced frésteael ordinal scale down to a dichotomous
variable (e.g., no avoidance behavior vs. any arad behavior). If this were the case, then
suggestions could be made to simplify future codifigrts. Again, LCA is ideal for handling
this type of question in that it allows the datd&coded in these two different ways and for the
analyses to be compared in order to draw conclsasidiese applications of LCA (both
examining the number of attachment categories ptes®l evaluating the dimensions of
behavior used in the Strange Situation) could nzakebstantial contribution to the confidence
we have in the Strange Situation as it is curreuiljzed.

Using LCA is very different from the way in whichi@sworth and her colleagues (1978)
used MDFA, even though these two analyses mighgapie be producing similar results. In
the case of MDFA, Ainsworth used a variety of défiet dimensions of behavior that had been
measured to determine if combinations of these dgie&s might create discriminant functions
that would discriminate among the three categgie®, and C) that she had discovered. She
then went on to determine which of the aforememtbdimensions of behavior was most
strongly correlated with these discriminant funeipindicating which dimensions were best at
making the discriminations among categories.

An LCA would be approaching the problem from aeliéint angle. It would not be
looking to find ways to discriminate among the thseiggested categories, but would be
comparing models in an attempt to test if thesedlwategories did in fact exist, or even if there
are more categories that the field is not curremasuring. Along with this, an LCA would not
be trying to determine which dimensions of behawi@r best at discriminating pre-assigned
category membership, but would be assessing ffoilnedimensions in their current forms (or in

the current way that they are utilized in the fjedde “accurate” in making such distinctions.
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While the differences might appear subtle, theyaataally remarkable, and make the
application of LCA to the measurement of attachnaewbrthwhile and important step for the
field.

One of the most important reasons that LCA hagratiously been utilized in the area
of attachment research, beyond its fairly recepeapance in the field, is the fact that application
of this method requires a large number of partitipa Attachment studies utilizing the Strange
Situation method are notoriously small, and evemsiorth and her colleagues (1978) only had
105 participants with which to implement MDFA (attis number was only reached by
combining multiple samples). Finding a suitablyg&asource of Strange Situation data that was
consistently collected has proven to be dauntingd,umtil this point, the application of LCA to

the measurement of attachment has never been sedges

NICHD Study of Early Child Care and Youth Developtne

In 1989, a project was initiated by the NICHD nwestigate the role that various forms
of child care play in developmental outcomes irdren. Data collection began in 1991 for
what is now called the NICHD’s Study of Early Chicire and Youth Development (SECCYD).
In the first phase of data collection, which folleavthe children from 0-3 years of age, 1,364
children and their families were participants, gagd from 10 sites across the United States.
While the focus of this project was on child cardyost of variables was investigated that could
be studied in their own right. One such measuretiva Strange Situation, which was
administered to all children at 15 months of aGaven that this is one of the largest samples of

Strange Situation data in existence, and thatstisstantially larger than Ainsworth and
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colleagues’ (1978) original validation sample, tiisgabase provides the perfect sample for

applying the techniques of LCA.

Categorical vs. Dimensional

It must be acknowledged before proceeding any duttinat there is still a debate in the
field over whether attachment is truly categoritiak the measurement of the Strange Situation
suggests, or if a dimensional model actually unelethis concept. This must be mentioned
because LCA would be treating attachment pattesrcategories, as is done in the Strange
Situation. Fraley and Spieker (2003a) argueddtitathment styles were in fact continuously
distributed. They used a taxometric analysis (Wimwolves examining conditional covariances
to determine if a construct — for example secuity in fact a discrete group or “taxon”) to
support their point that the categorical systen giasworth proposed did not fit the data from
the Strange Situation as well as a dimensional ineitle two latent dimensions. A convivial
debate ensued, with top researchers in the fieddtathment commenting on this position.
There are many points, some of them stemming flosndebate, that support conducting a
confirmatory analysis of Ainsworth’s categoricasigmment of attachment patterns, even when
Fraley and Spieker have presented evidence of ffaarns possibly being continuous.

First and foremost, it was suggested that abandahm categorical system in favor of a
dimensional approach is not warranted on the lmdige single study (Cassidy, 2003; Waters &
Beauchaine, 2003). Although Fraley and Spieke®320b) did not appear to advocate
eliminating the use of the categorical system &iftiogr, they made many arguments in support of
moving toward a dimensional model. While theseiargnts were quite strong, more work in a

similar vein needs to be completed before treatwegcategorical attachment patterns as relics of
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the past. This is especially true given that aetisional model was simply suggested by their
findings and not in any way definitively provem fhct, it was suggested by Cummings (2003),
and seemingly supported by Fraley and Spiekeeégat luntil a dimensional approach was
perfected), that using both a categorical and adsional approach might be best in individual
research endeavors. If this is true, then theagnigle reason to continue perfecting the
categorical measurement of the Strange Situatitining new statistical techniques.

Fraley and Spieker (2003a) suggested that if reeees were to create a measurement
system based on their dimensional model that wlshstill be capable of representing the ABC
attachment patterns created by Ainsworth and agliea (1978). In fact, they demonstrated how
the two dimensions that they discovered could leel ig create a 2-dimensional space that
effectively differentiated among these three catiego If this is the case, and if a new
dimensional system is going to be so closely tedihsworth’s model, then it is imperative that
Ainsworth’s three category model is evaluated agrdgeted to the best of our statistical ability.

Finally, as Cassidy (2003) pointed out, a varidtgther measures have been created for
assessing attachment based on Ainsworth’s origetaigorical system. If the field is to continue
creating and perfecting such measures, and possikely move them toward a dimensional
approach, then the original measure that they Wwased upon needs to be strengthened in any
way possible. Research must be conducted to deteifthe categories used in the original

system are actually comprehensive in assessingdssciittachment pattern.

General Aims and Hypotheses
The overarching goal of the current research exemine the category system of the

Strange Situation in order to assess the numblaterit categories underlying this measurement.
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It is important to note that, while the Strangeu&iton is under examination in the current work,
Bowlby’s theory of attachment will be acceptedtastands, allowing for the Strange Situation
measure to be evaluated for its usefulness in duaugt the concept of attachment as put forth
by Bowlby. It is hypothesized that a three catggystem that lines up with Ainsworth’s three
categories will be confirmed, based on the extensegearch and validation process undergone
by Ainsworth and colleagues (1978). If a more choaped model with a larger number of
categories is the best-fitting model, it is hypailaed that these categories will appear similar to
the sub-categories suggested in Ainsworth’s orlgamak, and that truly new categories will not
emerge.

Another goal of the current research will be toreiee the four dimensions of behavior
used as indicators in this model (proximity & camtseeking, contact maintaining, avoidance,
and resistance). The goal of this process witlbbmake suggestions for potentially making the
data coding process simpler and more efficient,tarealuate the way in which these indicators
are currently utilized in attachment related researt is hypothesized that one or more
dimensions might potentially be reduced to binasiables to aid in the ease of data coding
(e.g., no resistance behavior vs. some resistagttavinr). Potential candidates for this binary
reduction include avoidance in episodes 5 and @ resistance in episodes 5 and 8. Itis also
hypothesized that a continuous treatment of theatdr variables, as is commonly applied in
current literature, might not be an appropriatézatiion of these scales, and that treating them as

7-level ordinal variables may be more appropriate.
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CHAPTER 2
METHODS
Participants

Participants were 1,191 children from the NICHDCEEYD for whom classification
information was available for the Strange Situatimeasure. Eight of these participants did not
participate in episode 8 of the Strange Situatoon were included in the sample because enough
data was collected to assign each of them a Str@itgation classification. Of these eight
children, six were classified in the C group whie were classified in the B group. Given the
behavioral profile of a child receiving a classfiion of C, it is not surprising that the C’s are
overrepresented in this small group that did nohglete testing.

Age at Strange Situation testing was 15 monthstidfznts were 50.5% male£602)
and 49.5% femalen€589). In terms of ethnicity, mothers reportedrtichildren to be American
Indian, Eskimo, Aleut (.4%); Asian or Pacific Isthar (1.6%); Black or Afro-American (11.7%);
White (81.7%); or Other (4.6%). In addition, 5.9¥participants identified as Hispanic, while
94.1% are non-Hispanic. At the time of testing2% of included families were below the
poverty line, while 82.9% were above the poventy [{information was not available for .9% of
the sample). (For further information on recruitmprocedures and overall sample

characteristics, the reader is referred to FriedarahBoyle, 2008.)

Measures
The measure of interest in this study will be $teange Situation. In the SECCYD, the
Strange Situation was conducted in the same mamiéwas used by Ainsworth and colleagues

(1978), its creator. In this laboratory based tasghild and his or her mother participate in a
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series of eight episodes, the ultimate goal of Wisdo create a mildly stressful situation for the
child in order to activate the attachment systénthart of these episodes and their duration can
be found in Table 1.

Trained coders watch a videotaped record of eas$fi@n, paying particular attention to
Episodes 5 and 8, where reunions occur betweechitteand mother. For each reunion
episode, coders assigned a score on a scale af fbteeach of the following dimensions of
behavior: proximity & contact seeking, contact naining, resistance, and avoidance. Itis on
the basis of these scores that coders went orsignasach child to a category of A, B,or C. Ifa
child was unable to be classified according to $iygtem, they received a classification of
Unclassifiable or U, or if they displayed a higkideof disorganized/disoriented behavior
(discussed in detail later) then they were assignedmary category of D. For this five
category system of ABCDU, coder pairs had 86% ages¢ pre-conferencing,= .70
(Friedman & Boyle, 2008). For each subject thas assigned a classification of D or U, a
secondary forced-choice classification of A, BCowas also made. A list of the number of
children assigned each category, and the forcetelotassifications for the D and U children is
found in Table 2. (For a detailed account of tkece scales used and the behavioral examples
associated with them, the reader is referred toedix Il of Ainsworth and colleagues’ (1978)
Patterns of AttachmentWhat follows is a condensed summary of theskesga

Before further explaining the behavioral dimensiosed in the Strange Situation coding,
it should first be noted that four things were tak&o consideration when creating these scales
and their anchoring points. Ainsworth and collezgy(1978) noted, “(1) the degree of activity
and initiative of the behavior; (2) promptnesste behavior; (3) frequency of the behavior; and

(4) duration of the behavior.” These consideratibalped them to determine what made a
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behavior stronger or weaker than another behaarat,how to go about assigning scores to these
behaviors. For example, a child that clung to @utdor the entire three minute episode would
receive a higher score on contact maintaining thehild that clung for only a minute before
returning to play. Another example would be thah#d that demonstrated repeated acts of
resistance toward the adult would receive a higbsistance score than a child that showed one
clear act of resistance of a similar intensity.

In addition, for each of these scales the coders @rected to code the behavior of the
child, but they must also take into account thealver of the adult as well. For example, a child
whose mother picks him up immediately, even thauglis showing no signs of a bid for
proximity, would receive a lower score than a chilab reaches out toward his mother until she
picks him up, even though the end result (i.e.xjpndy to the mother) is the same.
Understanding these general rules of the codingsys imperative for understanding the
following individual scales and their anchoring st

Proximity and contact seeking refers to behavioegluced by the child in an effort to be
near to, or in physical contact with, another perséhese can include active locomotion on the
part of the child to approach the adult, or bidgh®ychild for the adult to draw near to the child.
Examples include, moving to the adult, raising betims to reach for the adult, or partial
approaches with some intervening behavior thatnmpés a complete or successful approach. A
score of 7 on this scale indicates that a childdmasvn, “Very active effort and initiative in
achieving physical contact.” The middle value ohdicates a child that shows, “Obvious desire
to achieve physical contact, but with ineffectiviod or lack of initiative OR Active effort to
gain proximity without persisting toward contac’ child that receives a score of 1 has shown,

“No effort to achieve physical contact or proximipAinsworth et. al., 1978).
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Contact maintaining implies that contact has alydaeen made between the child and
adult and refers to the lengths the child goeand,the measures used, in order to remain in
contact with the adult. This behavior might inw@lslinging to the adult, returning to the adult
for more contact upon being set down, or the dhmidlihg his face in the adult. A child scoring at
the highest end of this scale would show, “Veryvacand persistent effort to maintain physical
contact.” A middle score of 4 indicates, “Obvialesire to maintain physical contact but
relatively little active effort to do so.” At tHewest end of this scale are children exhibiting,
“Either no physical contact or no effort to mainté’ (Ainsworth et. al., 1978).

Resistant behavior is typified by a child demaaistg resistance toward the adult, or an
object that the adult has offered. Anger is trepminant emotion associated with high levels
of resistance. A child might kick, hit, push, gugm away from the adult, demonstrating active
lashing out in frustration or anger. At lower l&syea child might simply appear cranky or fussy.
A score of 7 is reserved for children showing, “Yartense and persistent resistance.” At a
medium level of 4 a child demonstrates, “Isolatatdefinite instances of resistance in the
absence of a pervasive angry mood.” A child atéeend of this scale with a score of 1
demonstrates no resistant behavior (Ainsworthlgt1878).

Avoidant behavior is displayed through a childdiug either proximity to the adult, or
even basic interaction with the adult. An avoidamtd might actively ignore the adult, avoid
eye contact with her, or make efforts to increagedistance between himself and the adult. In
terms of visible affect, the child tends to dispéagool neutrality toward the adult. One of the
most important instances in the Strange Situatorcdders to focus on avoidance is when the
mother first returns to the room after the separagipisodes. In these instances, a highly

avoidant child will completely ignore the motherompher return, even if the mother goes so far
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as to initiate contact with the child. This belmawvould fall into the category of, “Very marked
and persistent avoidance,” and would receive aesgb¥ on the avoidance scale. A middle
score of 4 is associated with, “Brief but clear-aubidance OR Persistent low-keyed
avoidance.” Similar to the resistance scale, aesebl on the avoidance scale indicates no
avoidant behavior (Ainsworth et. al., 1978).

It must be noted that coders of the SECCYD dawmbéso assigned scores for children
on their distress (specifically crying) in episode$, and 7. It was decided that these scores
would not be included in the current analyses faltiple reasons. In their original MDFA,
Ainsworth and colleagues (1978) found that cryimghiese episodes was not reliably related to
group membership. When correlating the individirging variables from each episode with
each of their two discriminant functions, they fdunixed results. With discriminant function 1,
Ainsworth and colleagues suggested that cryinghdidbffer much information above and
beyond the information obtained from the 4 typitiahensions of behavior measured in each of
the reunion episodes. Beyond this, crying in epesd displayed the opposite pattern as would
be expected. When examining discriminant funcBparying in episodes 2 and 6 appeared
significantly correlated to this function, but tliscriminant coefficient for episode 6 was quite
small. With such mixed results, it is difficult juostify including distress scores.

More recently, Richters, Waters, and Vaughan (1@88mpted to use a variety of coded
indicators of behavior to statistically assign apants to attachment categories. In their
system, they used crying scores, but only fromfeereunion episodes (5 and 8). This was
because they found that the crying scores frorataélr episodes were not aiding in
classification. With evidence from both the oridineeator of the Strange Situation assessment

and subsequent researchers that crying scoressiodes 4, 6, and 7 do not seem to be
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overwhelmingly helpful in terms of classificatiahdoes not seem necessary to include these
variables in the current analyses, even thoughdneyeadily available. Depending on the
results of these analyses, crying variables coatdrgially be considered for future research, but
do not appear justified for this early work in trea.

In addition, each child received a score for disnized/disoriented behavior on the D
behavior rating scale (Main and Solomon, 1990)is Titcludes behaviors in the reunion
episodes such as the infant freezing with a fageideof affect, moving distinctly away from the
parent upon her return after being distressed byabsence, the child displaying stereotypies
when held by the parent, or showing clear signeaf or distress directed toward the parent.
This score will not, however, be included in thereat research. This scale is traditionally
treated somewhat separately from the four dimessadtehavior thawill be included in this
project, given that the D score is not used tarajgtimary A, B, or C classification. In fact, a
child that receives a classification of D is stiisigned a forced choice A, B, or C classification,
which is often used in analyses, keeping the Desfeaily separate from the overall Strange
Situation coding scheme. For simplicity in thisfiforay into Latent Class Analysis for the field
of attachment, the current research only aims &uate the original Strange Situation coding
scheme, not including D behavior. If in the courféhese analyses a class emerges that seems
to be highly influenced by what appears to be Dabair, then suggestions can be made for
future research to include this rating scale (Sa@d 2 for the number of participants in the

SECCYD assigned a classification of D and theicédrchoice ABC classifications).
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Profiles Under the Strange Situation Coding Scheme

The latent class profiles that are obtained in eactel will be compared to the existing
Strange Situation coding scheme to check for opgdad in some cases to compare for
theoretical soundness). For this reason, it iomant to detail the coding that would be done to
assign children to categories and subcategorieg idbove scales were utilized under the
Ainsworth coding scheme. These assignments arablain the SECCYD database, but are
not utilized as variables in the current analysHse typical profiles however, outlined in what
follows, will be crucial for comparison to the olsted latent class profiles for each model.

Based on these four scales (proximity & contackisgg contact maintaining, avoidance,
and resistance), attending to the child’s behawaward the mother in the reunion episodes,
coders ultimately assign each child to a categb#y, ®, or C. Children assigned to group A are
most noticeable because of their high levels ofdard behavior. They tend to receive low
scores on all three of the remaining scales, inigahat they do not appear interested in
proximity or contact, they make little effort to mtain contact if it is achieved, and they rarely
demonstrate any resistant behavior. Due to thehiat avoidance is the hallmark of this group,
children in group A are often labeled “insecureidaat” (Ainsworth et. al., 1978).

The profile of a child assigned to group B iskstrgly different from that of a child
assigned to group A. A child in group B tendsdors at the higher end of the proximity &
contact seeking scale, demonstrating a clear diesiproximity to the mother in the reunion
episodes. He also tends to have higher scoreofiact maintaining, although it would not be
out of the question for a B child to recover quyc&hd return to playing without persistent
contact with the mother. Importantly, a child lmstB category has very low scores on both the

avoidance and resistance scales. He seems te desiiact with his mother, but also to be easily
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soothed by her. For these reasons, the B groaigsasreferred to as the “secure” group
(Ainsworth et. al., 1978).

Children assigned to group C are also uniqueligaiht from groups A and B. The
hallmark of a child in group C is his high levefsresistant behavior. Somewhat paradoxically,
a child in this group also tends to score at thedheito high range on both the proximity &
contact seeking, and the contact maintaining scdfethis way, there is an intricate push and
pull of behavior directed toward the mother, whle thild seeking proximity and then pushing
away once contact is gained. Children in this grdemonstrate almost no avoidant behavior.
This unique pattern involving such seemingly canifig feelings and behaviors has served to
earn children in this group the label of “insecarabivalent” (Ainsworth et. al., 1978).

These three patterns represent the prototypicalpgthat Ainsworth and colleagues
(1978) defined in their early work in the field €S€able 2 for a chart of the group assignments
made to the children in the SECCYD database usiagtrange Situation coding scheme).
Beyond this, they further delineated 8 subgroupswere apparent in their early studies which
distinguished children even further. In the curmeark, it was considered a distinct possibility
that an LCA might “discover” some or all of thesdgroups as opposed to simply the three
main classes, so it is important to become somefahatiar with the distinct characteristics of
each of these groups. (The reader is directedrisworth and colleagues (1978atterns of
Attachmentor a table of means and standard deviationistores on each of the four
dimensions of behavior for each of the eight subgsp based on their original samples, to
supplement the subgroup descriptions that follow.)

Ainsworth and colleagues (1978) found that thedase-avoidant (A) group could be

divided into two subgroups: A1 and A2. A hallmafikthe Al subgroup is a stronger display of
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true avoidant behavior — not greeting or approagkiie mother upon reunion, avoiding contact
with the mother, etc. While the A2 subgroup alady shows avoidant behaviors that are
apparent on the scale measuring the dimensionaiflance, these children show more frequent
displays of mixed feelings — showing some intereshother and then avoiding her or seeking
and then quickly avoiding contact or proximity. Wéhthese displays of mixed feelings are
enough to place the child in the A2 subgroup aeeg to the Al group, it is clear that the
predominant behavior is avoidance, indicating akedudifference from a child showing mixed
feelings that earns him placement in the insecorbhaalent (C) category.

The secure (B) group of children can be divided four distinct subgroups: B1, B2, B3,
and B4. Children in the B1 subgroup tend to be teggoing in their responses to reuniting with
mother. They will greet her, but not make any¢aefforts to move closer to her or maintain any
contact she has initiated. Children in this subgrmight even display higher scores on the
avoidance scale than their fellow secure childreother subgroups, but clearly have lower
levels of avoidance than children assigned a st#tussecure-avoidant. Children in the B2
subgroup show many similar behaviors to B1 childben they tend to show more proximity &
contact seeking behavior and contact maintainifgber, especially during the second reunion
with mother. In fact, a unique feature of the BBgroup is that their behavior in the two
reunion episodes is often quite different. Infih& reunion, B2 children show higher levels of
avoidance than others that are securely classafieldmight even appear to belong to the A2
subgroup. Behavior in the second reunion, howeheyws much lower levels of avoidance and
high levels of proximity & contact seeking and awitmaintaining. This clear morphing of
behavior places a child firmly within the B2 subgpo A child in the B3 subgroup, in contrast to

the B1 or B2 groups, shows high levels of proxinditgontact seeking and contact maintaining
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in both reunion episodes of the Strange Situatibmey display much lower levels of avoidance
in both reunions and very low levels of resistankeshort, the characteristics of this subgroup
line up the most clearly with the overarching dggtimn of the B group as a whole. Finally,
children in the B4 subgroup are similar to thostheB3 subgroup, but they show higher levels
of distress throughout the Strange Situation. Tdreyhighly upset by mother leaving and
immediately want contact with her upon her retu@n average, they show higher levels of
resistance behavior than the other three B subgrdayt certainly not enough to classify them in
the insecure-ambivalent category.

Finally, Ainsworth and her colleagues (1978) dedited two subgroups within the
insecure-ambivalent (C) category: C1 and C2. Thebgroup displays many of the typical
“C” behaviors already discussed — strong proxirfityontact seeking and contact maintaining
behaviors, while at the same time showing distaats of resistance, giving a marked impression
of mixed emotions and often anger toward the moth&hile the C2 subgroup displays these
same patterns of behavior, they are much moreye#sioughout the Strange Situation, making
them distinctly less emotional than the C1 subgroup

The Strange Situation behavior of a small perggntd children in any given sample will
understandably not fit into any of the subgroupsv@n major categories listed above. Main and
Weston (1981) were the first to propose that tloedleren should not be forced into one of the
existing categories, but could be labeled as “Ussifeaable”, forming a new classification of “U”
(although in many studies, these children are atstgned a forced choice classification of A, B,
or C). These children do not show a clearly défi@gattern of behavior according to the
original classification scheme of Ainsworth and belleagues. Behaviorally, Main and Weston

suggested that examples of this Unclassifiable vaehaould include children displaying odd
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combinations of behavior in the Strange Situatmg.(a high level of distress and avoidance
shown by the same child) or even behavior pattéraisseem to be conflicting from one reunion
to the next (e.g. a child appears to fit into theaBegory in the first reunion and the A category
in the second reunion). This U category has canteetused in most current Strange Situation
coding, representing a unique group of children does not seem to fit into any of the
established categories of behavior representeéo$trange Situation coding scheme, but also
not presenting a clear pattern of behavior thatsttrem a classification as a group in its own
rite. Including this U category, which is donele SECCYD database, allows for a fuller
spectrum of behavior to be encompassed than thmakiStrange Situation coding scheme
permitted (See Table 2 for the number of participamthe SECCYD assigned a classification

of U and their forced choice ABC classifications).

Analyses

Researchers in the Social Sciences frequentlgnptteo quantify concepts such as love,
religiosity, attachment, or grief that are trulyalte to be measured directly. Our best efforts
involve measuring concrete behaviors that mighvigieoa window into these underlying
variables. It may be claimed that the actual cphisebeing measured, but at best we are
attempting to describe these latent variableszutdi measures that are merely indicators of the
latent concept. Latent Class Analysis, howevemregresearchers a method of using indicator
variables to clearly define the latent conceptsavgepainstakingly seeking to quantify.

The simplest way to describe this method is tarbbyg imagining a 2x2 matrix on which
a chi-squared test of independence will be perfdinfuppose at this basic level, the two

variables in question (we will call them J and K@ &ound to be not independent of one another
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— they are in some way related. Now suppose d Bhlevel variable (L) is introduced into the
equation. When L is introduced, J and K are nownébto be independent of one another at each
separate level of L. In this way, L is responsiiolethe entire relationship between J and K —
any variance is explained by the overarching véeiab

If each of these three hypothetical variables vdarectly measurable, then this would be
an interesting finding, but the important applioatof this method to quantifying latent variables
comes when L is a latent variable that we are wn@bimeasure directly. Using concrete
indicator variables (J and K) that are hypothesipa@late to a specific latent concept,
researchers can see if a latent variable, L, ethastsaccounts for the relationship between J and
K. Expanding this example to allow L to includeyarumber of levels, each containing different
proportions of the subjects, researchers couldhisenethod to learn many things about the
latent variable (McCutcheon, 1987).

The preceding example can be expanded to fit nouseresearch situations. Multiple
indicator variables can be utilized, each with anynber of levels (Latent Class Analysis),
continuous indicator variables can be used (La®eotile Analysis), or even a mixture of these
types of indicators (Mixture Modeling). In eachtbése cases, the goal remains the same of
discovering a categorical latent variable that aot® for any relationship among the indicator
variables. This leads to the most important assimigand one of the few assumptions) of LCA
— that of conditional independence. This assumptates that there is no relationship among
the indicator variables beyond that which is expdi by the latent variable (McCutcheon, 1987,
Flaherty, 2002).

In the current research, eight indicator variallese utilized (proximity & contact

seeking, contact maintaining, avoidance, and @, in each of the two reunion episodes) in
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an effort to explore the latent variable of attaelim In order to meet the criteria of conditional
independence, these eight variables must havelaoreship beyond that which is related to the
latent variable of attachment. It could be argtied there is the potential for some of these
variables to be related to one another beyondatteghment variable, given that these eight
indicators are actually made up of four separatabkes that are each measured twice — in
episode 5 and again in episode 8. Perhaps cantantaining in episode 5 is related to contact
maintaining in episode 8, beyond the varianceithakplained by the latent variable of
attachment. At the same time, it would not beafuhe realm of normal behavior for a child to
increase, decrease, or remain constant in his té\hls variable across the two episodes, and
for this pattern to not be consistent across alticem in the sample. Based on this final logical
approach to the variables, the current analyses agprroached assuming that the conditional
independence assumption had been met and no fathen was taken to account for
extraneous relationships. If the current analgsesot return clear or interpretable results, it
could be important in future research in this daceaddress the conditional independence
assumption further, but for this first venture intdizing LCA to evaluate the Strange Situation,
the assumption was treated as if it were met.

The latent class model has two different typegashmeters, both of which are
probabilities. The first type of parameter is lent class probabilities. These represent the
probability that any given participant is a memobga specific latent class. Regardless of the
number of latent classes being examined, thesat leliss probabilities will always sum to 1
within a specific model, due to the nature of pitmhiges. The second type of parameter is the
conditional response probabilities. This is thelgability of a particular score on a given scale

or item, conditional on membership in a specifietd class (e.g., the probability of a score of 6
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on the avoidance scale in episode 5, given thgpaigcipant is a member of latent class 1).
Again, given the nature of probabilities, thesedibonal response probabilities will sum to 1 for
the various scores of any one specific scale or wathin one specific latent class (McCutcheon,
1987; Flaherty, 2002). Examining these two typgsanameters for a given model provides an
opportunity to understand the nature of the latéagses within that model. For example, if the
Strange Situation measure as it stands is doirapd b of representing the latent construct,
then we might expect to find a latent class inda3s model that has a high probability of a high
score on both episodes of the resistance scalghalobability of a low score on both episodes
of the avoidance scale, and a high probability ofelium to high score on both episodes of the
proximity & contact seeking and contact maintaingegles. We might also expect that the
probability of a subject falling into this laterass would be around .10. This would clearly
represent a prototypical C classification, with éxpected 10% of participants in American
samples falling into this category (van ljzendo&Kroonenberg, 1988). In this way, it is clear
how the results of an LCA can be examined to pmwad understanding of the meaning behind a
given model.

The preceding discussion of parameters holdsforuan LCA where all of the indicator
variables are discrete. When continuous indicacgautilized (in a Mixture Model or Latent
Profile Analysis), however, it is logically impobge for the model to return conditional response
probabilities, given that the number of possibkpnses is technically infinite. In this case, the
model produces means for each indicator, conditionanembership in a specific class (e.g., the
mean avoidance score in episode 5 for membergesftlalass 2). These means can then be used
in a similar fashion to the conditional responsababilities to interpret each model. In the case

of continuous indicators, the model also includssdual variances.
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In total, a series of four analyses were conduetddee LCAs and one Mixture Model
(MM). Each analysis will be outlined and discusseds corresponding chapter, but there were
several details that remained the same acrossualahalyses. All data were analyzed using the
Mplus 6.11 statistical software (Muthén & Muthéf1R). By default, this program treats
missing data as Missing at Random (MAR), and teisrgy was maintained for all analyses,
allowing the 8 incomplete cases previously disadseeemain included in the data sets.

Given that the goal of the latent class model iddfne a latent variable that maximally
accounts for the relationship between indicatoraldes, it is the parameter value estimates for
this latent variable that are sought to provide thefinition. If some information is known a
priori about these parameters, then a researcbstiteates of the parameter values can be
entered into the analyzing software to provideaatisty point for the iterative process that will
return the best parameter estimates for a giveremdd the current exploratory analyses, there
was no sound reason to suggest one set of paraestiteates as start values over another, so
random starts were utilized to begin the analysiegss for each model. In an attempt to avoid
arriving at a local solution, which can be a lapgeblem in LCA, it was decided that multiple
sets of random start values should be initiateduhly, Asparouhov, & Muthén, 2007). The
default setting for Mplus 6.11 involves initiallgimg 10 sets of start values and then carrying the
2 best results of those to completion. This nundbsets was deemed to be too small to
comfortably assume a non-local solution had beaalred, so for all models 10,000 sets of start
values were initially used with the 1,000 best beiarried to completion. In addition, by
default, Mplus 6.11 allows a maximum of 10 iteraido be completed for the initial sets of start

values. This default setting was altered to allgpato 1,000 iterations for all models tested.
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Utilizing multiple sets of random start values msimnportant step in assessing empirical
identification, which is aiming to determine whatlaeglobal maximum has been reached or if
the best-fitting model in a given analysis is atjua local solution. The number of different
final solutions (or log likelihood values) returnedso known as modes, can be telling of
whether or not identification problems have beetoentered. If only one mode is returned,
then clearly all of the sets of start values leathe same solution. With a large number of
modes, however, there is a higher likelihood thaltiple solutions have been returned that may
have distinctly different parameter estimates fiame another. For this reason, a table with the
number of modes for each model of each analysiseoturrent work is provided (see Table 3)
and is referenced in the Results section of eaalysis as a first step toward assessing empirical
identification.

Beyond exploring the number of modes, empiricahidieation was further assessed by
examining the parameter estimates associated waitbus final solutions. In the current work,
the five highest log likelihood values (or fewethere were fewer than five modes for a given
model) were examined for each model that was censitisubstantively meaningful within an
analysis. The conditional response probabiliteegl(means for the Mixture Model) were
gathered for each latent class of each of thegebi@st solutions, and the five sets of probalslitie
were then compared graphically. If the conditiamsiponse probabilities (and means)
represented the same patterning across all fivgisok, it was considered that they were all
pointing to the same solution and that a globalimarm had most likely been reached.

As an initial starting point, it was decided that €ach analysis, models containing 2
through 9 classes should be examined. Nine latasses was originally selected as the largest

model because, if current attachment coding werarate and there are truly 8 subcategories of
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attachment, then an 8 class model might potentiéltige data and a 9 class model would not
offer any significant improvement in classificatiomesting 9 classes allowed for this

comparison without continuing to test larger modeisecessarily. Because the idea in this set
of analyses was not, however, to assume that tlierdicoding classifications were accurate, it
was never the case that 9 classes was the set omaxiif 9 classes provided a better-fitting
model than the 8 class solution, it was in theaegeplan to continue increasing the number of
classes until the best-fitting model was reachedll analyses, however, the substantive
makeup of the classes had deteriorated beyondenteby the time 9 classes was reached, so it

was never necessary to test a model with moreQtaasses.

Model Selection Criteria

It is clear in the literature that there is no dedinitive method for selecting a best-fitting
model from among many in latent class analysis Ng) Asparouhov, & Muthen, 2007; Tofighi
& Enders, 2008). A broad range of model selectioteria have been suggested, however, each
attempting to inform the decision as to the bdastfi model in a given situation. In fact, new
model selection criteria are continually being tedeaand tested. With so many to choose from,
and each performing differently in unique circumses, the most common approach is to
examine multiple criteria in the hopes that thelf all point the researcher in a similar direction,
making the ultimate model selection decision aarchs possible. For this reason, the current
research will involve examining a number of modséstion criteria, the details of which are

outlined below.



45

Likelihood Ratio Statistic 62 TheGz2likelihood ratio statistic is a test of model fi\t a basic

level, it examines how well the model being testgatesents the observed data. Giealue
which is returned can then be compared to the dsgkfreedom (df) for this test. Because the
goal is to find a model that fits the data welk thesired outcome is that t& test would be
non-significant, and th&2 value would be close to or less than the df, iatilg that the

expected values of the model and the observedadatsimilar. While this test is a good
measure of whether or not the model under exanoimagia good fit for the observed data,
nested model testing is not possible with LCA. sTimeans that, while@2 value can be
compared to the df to gain insight into whethenot the model is a good fiG2 values cannot

be used in nested comparisons (comparing a k gladgl to a k-1 class model) in order to make

decisions about which model is best (Flaherty, 200&utcheon, 1987).

Information Criteria: Information criteria are a group of tests thatev@esigned to find the best-

fitting model from a group of models by seeking thest parsimonious model among them.
This parsimony is achieved by maximizing the likebbd of a model, while penalizing for
increasing numbers of parameters (Muthen & MutRe00). In each case, the information
criterion reaches its lowest value, indicating best-fitting model, when this balance has been
maximally achieved. In the current analyses, timésgmation criteria will be examined. The
first of these is Akaike’s Information Criterion I8), which was introduced by Hirotugu Akaike
(1974) with relatively narrow applications in mirahd then realized to be useful in multiple
model selection settings (Akaike, 1987). The sdderthe Bayesian Information Criterion
(BIC), introduced by Gideon Schwarz (1978) in alorfto provide an alternative to AIC.

Schwarz asserted that AIC and BIC are extremelylainbut that the BIC trends toward
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selecting a model with fewer dimensions (indica@ngfricter penalty for more complicated
models). The final information criteria that wilé examined in the current research is actually a
simple adjustment to one of the information craaralready discussed — that is the Sample Size
Adjusted BIC (BIC*), suggested by Stanley L. Scl¢¥887). Yang (2006) pointed out that this
adjustment is made by simply replacing the sampkeia the original BIC equation with an
adjusted sample size, which ultimately reducegp#malty assigned in the original BIC, leading

to more accurate results in situations involvirggraall sample or a large number of parameters.

Likelihood-Based TestsThere are two main tests that fall into this gatg, one of which will

be examined in the following analysed.o, Mendell, and Rubin (2001) put forward an
adjustment to a likelihood ratio test procedurgioally proposed by Vuong which compares
two given models (one of which is a k class motted,other of which includes k-1 classes).
This test (referred to in this document as the LN&GRKs to see if there is a statistically
significant difference between the larger and senatiodel. If the p-value of this test is
significant, then it is considered that the k clasxlel is a better fit to the data. If the p-valkie
not significant, the k-1 class model is retainedjc¢ating that there is no improvement to model
fit gained by adding another class. The unadjutst] suggested by Vuong, tends to produce
significant p-values for larger models than the LiskRusted test, so the LMR is considered to

be a more conservative approach to model selection.

Log Likelihood Plots: Although not a typical approach, Nylund, Asparouhand Muthén

(2007) suggest looking at plots of the likelihoadues for each number of classes as another

® It was impossible to perform the Bootstrap Likebl Ratio Test (BLRT) on these data as Mplus wablento
converge on a solution.
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helpful indicator of the best-fitting model. Ireiih experience using simulation studies, these
plots tend to level off at the correct number @afssles. While not a convincing argument alone,
these plots could potentially add weight to theeottriteria considered, especially in a situation
where the results are not extremely clear-cut. tRigrreason, these plots will be examined in the

current analyses.

Substantive MeaningBeyond the statistical criteria discussed abdvg,also imperative to

examine the substantive meaning behind each modsldered. For this reason, in the

following analyses, an examination of the lateasslprofiles will be carried out, checking to
make sure that a model that fits well statisticallo makes sense at a theoretical level. Included
in this will be an examination of the final claggportions, ensuring that a model that includes

one or more extremely small classes has a theal@istification.

Much research has been conducted and presentedvasch of the preceding criteria is
best at determining the correct model or shouldiben the most attention when seeking the
best-fitting model. Nylund, Asparouhov, and Mut{gf07) ran a simulation study that
indicated that, overall, AIC did a fairly poor jolb detecting the correct model, and that as a
given sample size increased, the accuracy actdetiieased. When a mistake was made, the
AIC tended to err on the side of choosing a largedel. Their results indicated that both the
BIC and BIC* are more accurate than the AIC at nhed&ection, with the BIC* slightly out-
performing the BIC for categorical latent classlgses. When it did return an incorrect result,

the BIC* also tended to err on the side of a largedel.
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Yang (2006) had found a similar pattern of restdtslylund and colleagues (2007), but
made stronger conclusions based on his simulatihes. In fact, he found AIC to perform so
poorly that he suggested against using it in agpksearch settings. He also found that the
BIC* consistently outperformed the BIC until samplee reached at least 1,000, at which point
both reached a level of almost complete accuradgtaicting the true model in the simulation.
When BIC did make an error, it tended to favor demnahodels. Even though Yang strongly
recommended BIC* as the best of the informatioteda that he tested, he was careful to
stipulate that the accuracy of the BIC* was reducettie case of latent classes containing a
small number of subjects. The BIC* needed at |IBAstubjects per class to maintain its high
levels of accuracy. The other information critesidfered even more, however, when there were
small class sizes to contend with, so ultimatetyBihC* was still considered the best criterion.

Burnham and Anderson (2004) take issue with thgsestof clear-cut suggestions based
on simulation studies when comparing AIC and BIQey suggested that AIC and BIC
performed differently depending on the actual ceinggven by the data being used. They
indicate that one should look at the type of sderexpected in a given data set, compare that to
studies of the performance of the AIC and BIC, ehndose which is best based on that
comparison. In short, they seem to feel that the Was been misrepresented in the literature
and that it actually could be expected to out-penfthe BIC in particular situations. A
researcher must take the time to examine the urmigotext of each data set to make a choice
about which criterion to utilize.

Given that there are differing opinions amongttigeresearchers in this area, the current
research will not take a strong stand and relyrmspecific information criterion while ignoring

the others. If large discrepancies are foundBti&* will be favored over the AIC, but all
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available information criteria will be examinedarder to gain the best chance at choosing the

best-fitting model, keeping in mind which directieach criterion tends to favor when incorrect.
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CHAPTER 3

ANALYSIS 1

(PCS and CM: 7-level; Avoidance and Resistancevell All Subjects Included)

Analysis 1 was designed as a “baseline” analyi$is. the simplest analysis in this work,
allowing further analyses to become gradually ntmmaplicated and be compared back to this
analysis. In this first analysis, all eight indma were utilized. They were not, however, dll le
in their typical 7-level format. As can be seerrigure 1, not all of the indicators are distrilulite
normally, or even equally, among the seven potestiares. In fact, some of the indicators are
highly skewed, and could even suggest a dichotdnayswers. For example, resistance
behavior in episode 5 is highly positively skewadd might be better represented by a binary
variable that included scores of “No ResistanceaB&h” versus “Some Resistance Behavior” (a
score of 1 vs. the combined scores of 2-7). Basktthis idea, the first analysis includes
indicators that were reduced in a data driven manmke set of variables that were reduced to
binary variables consists of avoidance in epis@dasd 8, and resistance in episodes 5 dnd 8
The intention was to use this exercise for comparurposes — if this analysis where the
variables were treated as binary variables perfdrate level similar to an analysis where these
variables were afforded more variability, this @bpbtentially inform future coding efforts.

The remaining four indicators (contact maintainimgpisodes 5 and 8 and proximity &
contact seeking in episodes 5 and 8) were codedwas-level variables. They were not treated
as continuous variables as they frequently arberattachment literature. This is because, as

can be seen in Figure 1, these variables also tappear to be normally distributed. In fact, by

" Contact maintaining in episode 5 does show a airpiittern to the other variables that were redtmdihary
variables. Due to the fact that contact maintgjnimepisode 8 does not show a similar pattermag decided that
the best course of action would be to treat botbogies 5 and 8 consistently in order to furthedanepthis change
from episode 5 to episode 8.
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examining the graphs, it is unclear exactly howr¢at these variables (i.e., continuous vs.
ordinal vs. nominal). For this reason, these fodicators were treated as seven-level nominal
variables so that this first analysis could be usedetermine how these variables should be

treated in future analyses.

Results

As can be seen in Table 4, no clear consensudisated by the fit indices considered in
this analysis. According to tt@&? likelihood ratio statistic, all tested models argood fit for
the data (although this might be somewhat artifigaen the number of empty cells in the
analysis — this will be discussed in detail in @eneral Discussion section). The AIC
technically indicates a 9-class model, althoughethe always the possibility that this index
might have continued to decrease if larger modelevested. A 9-class model did not make
theoretical sense (which will be discussed furtheoyvever, so no further models were tested.
Both the BIC and BIC* suggest a 5-class model, Wisippears to be somewhat supported by the
log likelihood plot for this analysis, found in kige 2. Although it is not a distinct turning pqint
the plot does appear to begin to level out, oeastl decrease in slope, at the 5-class model.
Finally, the LMR points toward a 3-class model,hntite 4-class model being the first that does
not have a significantly better fit than the k-asd model.

The conditional response probabilities that mgkéhe latent class profiles (see the
Appendix) can be examined to begin to determinledfsubstantive meaning behind the classes
gives a better indication of which model is thetigdor these data. The 3-class model,
suggested by the LMR, contains three classes #adt fairly clearly line up with one of

Ainsworth’s categories or subgroups (although thieynoticeably not the A, B, and C groups
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that might be expected). The class labeled LCpgikears to represent a prototypical A group
(i.e., this class has a high probability of loweor®s on CM and PCS for both episodes, of no
resistance, and of some avoidance), while LC #&sgmts a prototypical B group (i.e., this class
has a high probability of a medium to high scoreCdh and PCS for both episodes, and of no
avoidance or resistance), but LC #3 can be bestateby the subgroup B2 (i.e., this class has a
high probability of a low score on CM and PCS, ofrasistance, and of some avoidance, all for
episode 5. For episode 8, there is a high proibabil a medium to high score on CM and PCS,
and of no avoidance or resistance). Each of tbklesses holds a substantial portion of the
subjects, and overall, this 3-class model app@&msanable substantively.

The 5-class model, suggested by the BIC, BIC*, poténtially the log likelihood plot,
also appears to be reasonable according to attathheory. Classes from previous models
have been retained (LC #1 = A, LC #2 = B, LC #32; 8nd LC #4 = C) and each class
continues to hold a strong portion of the subjeétkhough it is somewhat difficult to assign a
subgroup to LC #5 according to the Ainsworth syste@ppears to most closely resemble the
A2 subgroup (i.e., this class shows the somewh=¢dnieelings of the A2 subgroup in that there
is a high probability of medium scores on CM andPR6f higher avoidance, and of no
resistance). Beyond that, even if this class tctearly represented by the Ainsworth coding
system, it appears to be a reasonable profile lodder according to attachment theory in
general, and the intention of this analysis isdbassume the Ainsworth categories will be a
perfect match. For all of these reasons, the &sataodel also appears to be theoretically
reasonable.

The 6-class model is similar to the 5-class madéhat, even if the classes do not clearly

line up with one of Ainsworth and colleagues’ categs or subgroups, they all appear to be
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profiles of behavior that a child might reasonattigplay according to attachment theory. Once
the 7-class model is reached, however, the subgtanmeaning behind the classes begins to
break down. The class labeled LC #5 is difficaltbnceptualize. According to the Ainsworth
system, there is the potential that these childrayit be showing A/C behavior — most closely
matching the A group on the first reunion, but @group on the second reunion. There are still
contradictions within this profile, however, thateomight not expect to see, including fairly high
levels of proximity & contact seeking in episodecémbined with high levels of avoidance in
that same episode. Even if this class could beped as potentially explainable according to
attachment theory, LC #7 seems to be quite divérdgem any behavior pattern a child might be
expected to display in the Strange Situation. Nugaby, this class displays a split on the
indicator variable of contact maintaining in episdgl— close to half of the participants have a
high probability of a score of 2 or 3 on this vate while another half have a high probability of
a score of 5 or 6. In addition, this class seemizetdisplaying medium to high levels of
proximity & contact seeking while also showing higliels of avoidance, which does not make
sense according to typical patterns of behavidris €lass also only contains about 3% of the
participants, making it suspicious as an actuascthat would be consistently found in new data
sets, especially given its odd profile. Combinatigof this information, the 7-class model
appears to be where one begins to see a substhrgaiedown. The class profiles were still
examined for the 8- and 9-class models, but a arpéttern of classes that did not line up with
attachment theory was found. For this reasonnaogel larger than the 6-class model in this
analysis was considered unreasonable substantively.

All of the models that were considered substahtimeeaningful in this analysis were

evaluated for empirical identification (see Tabl®Bthe number of modes returned for each
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model). In all cases, an examination of the patanestimates for each mode indicated that the
same pattern of results was returned for the wgpriiodes in each model. For this reason, these

models were considered identified.

Discussion

While it is fairly common with LCA studies for tH# indices to point to slightly
different solutions, it is an odd predicament tednéit indices that suggest everything from a 3-
class model to a 9-class model. In addition, $hisly is unique in that the goal is to not simply
rely on previous coding theory to make decisiorsualivhich model is best. In fact, the goal is
to do quite the opposite, exploring whether orthese coding categories are actually legitimate
and remaining open to the possibility of new clagssing discovered that line up with overall
attachment theory, but not necessarily the Str&igmation coding system. For all of these
reasons, it was decided that instead of simpljimsgtbn a model based on one fit index and a
reasonable substantive explanation, that thisfitéaty model decision would be postponed until
further analyses were conducted and the possilplaeations for these discrepancies in fit
indices were explored.

This begs the question, why were the fit indicesaried in their recommendations?
With one in particular — the AIC — the answer mightquite simple. In multiple simulation
studies it was found that the AIC often performednly, and when it did return a “wrong”
answer, it often erred on the side of choosing dehthat was too large (Nylund et. al., 2007;
Yang, 2006). The fact that the AIC, in this cameggested a 9-class model that could not be

justified with a substantive explanation suggesés maybe this exact problem is occurring here.



55

The other fit indices that are often found to béejreliable, however, still returned
varying decisions. In these cases, the substamesaning behind the two different suggested
models (3-class and 5-class) was reasonable atidablp in both cases, leaving an impossible
decision between the two. One possible explandtiothis lack of a clear model decision is that
a small group of children with data that do notrftb this coding scheme are skewing the
results. In this first analysis, all children frahe SECCYD database that had been assessed
using the Strange Situation measure were includéus included a small group of children that
did not fit neatly into the ABC or even clearlyarthe D category. Under the Strange Situation
coding guidelines, these children were given asdi@ation of “Unclassifiable” or U (other
children of concern are the DU’s — children whosganclassification was Disorganized, but
had a secondary classification of Unclassifiablé)s possible that including these U and DU
children, that do not seem to fit into the StraBgeation coding scheme, made it impossible for
an LCA to clearly assign classes. They were fethe database for Analysis 1 because the goal
was to not assume that the Strange Situation caisigm was in fact accurate, but there is the
possibility that this led to the model selectioolem of this first analysis. For this reason,
Analysis 2 was conducted, in which the U and DUdrkn were removed from the data set and
the data were reanalyzed.

Another potential problem that could have beeaddiifig the results of this analysis lies
in the way the data were coded. In this first gsial four of the indicators were reduced to
dichotomous variables. This was done for cleaig-daiven reasons, but there is a possibility
that the simple presence versus absence of thbsgibes was not enough information to

distinguish between groups of children. For tkeigson, Analysis 4 was conducted, in which
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these four restricted variables were slightly fre@#gary, allowing comparisons to be made to
address whether or not this restriction was in ¢acising the problems with model selection.

The clear conclusion here is that, it is inappiaiprto select one best-fitting model until
these issues are addressed. After conducting subsequent analyses, it might be possible to
look at this larger set of analyses as a wholedstermine which model seems to be best at
fitting this data set. This will hopefully offelné most accurate answer as to whether or not the
Strange Situation coding system is accurately @girig the patterns found in the actual data, or
if adjustments need to be made.

While this is the clear conclusion in terms of miaskdection, there are still many
interesting results to discuss. For instance, ¢veungh none of the fit indices suggested it as the
best fitting model, it is still extremely interasgi to examine the 2-class model arrived upon in
Analysis 1. When examining the probability prddiier the classes of this model (see the
Appendix), the two classes seem to line up failady with classic insecure-avoidant (A)
behavior and classic secure (B) behavior from then§e Situation coding scheme. If anything,
in this 2 class model, any children that would hagen classified as C seem to be grouped with
the B children (due to the slightly higher levelresistance behavior found in this second group
in episode 8).

This model is of particular interest because of¢ghermous number of studies in the field
of attachment that reduce their data to a 2 groegdrnent, typically analyzing a secure (B)
group versus an insecure (combined A and C) grewup, (Brinich, Drotar, and Brinich, 1989;
Juffer and Rosenboom, 1997; Levendosky et al., R0This dichotomy is utilized by many in
the field of attachment because it often providesdearest results, especially with small data

sets or when there are a very small number of €sifleations (as is very typical). It is also used
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because, theoretically, it seems to make the rggatdl sense — combining children that are
showing some variety of insecure behavior and cemgahem to children exhibiting secure
behavior would seem the natural choice. What is&sesting about the 2-class model in
Analysis 1, however, is that this is not the comabion that occurs. In fact, it seems to represent
either an A vs. B dichotomy, with C not even emtgrihe picture, or an A vs. B and C combined
dichotomy. Although this result is not what woublel expected according to standard practice
and even, to some degree, logic (that the insegnangos would easily combine), this is not
necessarily divergent from what one might expqut@ri if only observing the patterns these
groups represent. Merely examining the patterrizebfivior represented by the eight indicator
variables of the current study, the B and C grajgsear quite similar, only differing greatly on
their levels of resistance in episodes 5 and & Aland C groups, however, would be expected
to be almost opposite on their levels of everyaathr variable. For this reason, one might
expect that an analysis which groups participaaset) on response patterns would return the
result obtained in this analysis. The problem, &eav, is that the standard treatment for these
variables in the field does not line up with thessults. Although this is only the first analysis
this set, if this pattern continues in further gsask, it could have serious implications for how
the field of attachment treats these groups. Atiogrto these latent classes, it would be
inappropriate to combine A and C into one groupcfamparison purposes, because the groups
do not naturally hang together. This would sedipaall into question the overwhelmingly
common practice of analyzing a secure versus imeatiaghotomy.

Another model of interest in this first analysghe 3-class model. The LMR suggested
that this might be the best-fitting model, and ¢lesses did line up with attachment theory.

What one might expect if the Strange Situation tgdiystem were able to detect and assign
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children to their “true” latent classes is thastBiclass model would line up fairly closely with
the A, B, and C groups of the Strange SituationoKing at the probability profiles found in the
Appendix, however, this is clearly not the casavo©f the classes in this 3-class model match
what was seen in the 2-class model — a group tlatgly resembles a prototypical A group (LC
#1) and a prototypical B group (LC #2). So farsthiso lines up with what one might expect to
see in a 3-class model if the Strange Situatiomgpslystem detected latent classes well. The
third group (LC #3), however, is where one finds tlivergence from expectation. This third
group, if compared to the Strange Situation syst&ams to match most clearly the B2
subgroup, and holding around 29% of the casesidlusrtainly not a group to ignore.
Hallmarks of this B2 subgroup, according to Ainstand colleagues (1978) include low levels
of proximity & contact seeking and contact mainitagnin episode 5, giving way to higher levels
in episode 8, but more importantly include highearells of avoidance in episode 5 giving way to
much lower levels in episode 8. The B2 child bedhre Strange Situation appearing aloof or
avoidant, but by the last reunion, the stress Ipaslbecome high enough that this behavior
disappears in favor of more secure attachment befsaveing produced, earning this child a
classification of B2. Interestingly, this B2 grotgmains large and clearly evident in every
model tested in this analysis (in all models of Kee 1 this B2 group is labeled LC #3),
encompassing around 25% of the cases even in thees9model.

There are two points that are important to notesiation to this somewhat surprising
result. One is that the 3-class model in thisysiglbeing so different from the model assumed
by the Strange Situation coding system is certanlyewhat of a concern and something to
explore further. If other analyses continue talfihat the 3-class model does not match the ABC

groups of the Strange Situation, then this woultboaly raise questions about the gold standard
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status of the current system and would warranh@srinvestigation. Along with this, the other
important point to make is that the B2 group setamepresent a large class that the LCA is
clearly indicating is its own group. The fact thiais analysis separated the B2 group from the
rest of the B’s (with whom they are usually groupasl early as the 3-class model could indicate
that the B2 group is truly a category in its owghti By continuing to combine them with the
rest of the secure children, important distinctibatveen these two groups might be missed in
the plentiful research being conducted in the fadldttachment. Again, if this trend of a strong
and separate B2 group continues to be evidentumganalyses, a re-evaluation of the coding
system as it stands may be called for, with spetiahtion being paid to subgroups that might
be better treated as full categories of attachripehavior.

It is apparent that, even though it is necessalgave this analysis for the moment
without a clear decision as to which model is bixgire are many interesting conclusions to be
drawn here. Each of these conclusions pointsrtbduinvestigation, some of which will be
taken up in the next three analyses, and some ichwtill be left for future research. In any
case, the hope is that, even though this moddirgleft fairly open for the moment, the full set
of analyses presented here will combine to paai¢arer picture as to which model might be
best for the data, and what implications this leagHe Strange Situation in particular and the

field of attachment in general.
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CHAPTER 4
ANALYSIS 2
(PCS and CM: 7-level; Avoidance and Resistanceveil U and DU Subjects Excluded)

In this second analysis, all indicator variablesevcoded in the same manner as in
Analysis 1. Any child that received a primary slifisation of Unclassifiable (U) or
Disorganized with a secondary Unclassifiable stéiis) according to the original Strange
Situation coding classifications assigned to pgudicts in the SECCYD database, however, was
excluded from Analysis 2. (DU’s were excluded hgikeen that the D category is not addressed
in the current work, so these children would begaesl a primary classification of U). It could
be speculated that a classification of U in thgioal coding system indicates that the child’s
behavior is not fully captured by the 4 behavialahensions of the Strange Situation coding
system, which are used in the present latent elaglyses as indicator variables. If these
children are truly “unclassifiable” under the cuntrgystem, it could be argued that their data has
the potential to greatly impact any LCA that migletconducted on the overall dataset. In order
to address this concern, Analysis 2 was condueteduding children that received a U or DU
classification in order to enable a comparison malsis 1.

A total of 67 participants that received a clasaifon of U (n=42) or DU (n=25) were
removed from the original sample to create thesarnple of 1124 children utilized in this
analysis. The demographics of this new sub-saamgl@early identical to those of the entire
sample, with 50.7% male (n=570) and 49.3% fema®%4). Mothers reported .4% of
participants to be American Indian, Eskimo, or AJéu7% Asian or Pacific Islander, 11.7%
Black or Afro-American, 81.8% White, and 4.4% Othér addition, 5.6% of participants were

identified as Hispanic, while 94.4% are non-HispariPercentages of participants above and
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below the poverty line were identical to the largample from Analysis 1 (16.2% below, 82.9%

above, .9% information not available).

Results

The fit indices for Analysis 2 (see Table 5) pdmnearly identical conclusions as they
did in Analysis 1. Thé&s2likelihood ratio statistic suggests that all of tested models are a
good fit for the observed data. The AIC suggegsclass model although, again, this might not
be the true minimum of the AIC. Substantively adidown occurred at the same point as in
Analysis 1, so no larger models were tested. @mnhgito Analysis 1, both the BIC and BIC*
indicated the best-fitting model to contain 5 céssslt could be said that the log likelihood graph
(see Figure 2) supported this conclusion, espgdigtause it was fairly similar to the plot from
Analysis 1, but the point where the plot leveletivedis not nearly as distinct. In fact, the plat fo
Analysis 2 shows a fairly gradual and continuoudide in slope, so it is difficult to make any
conclusions or suggestions based on this plot. ofhefit index that supported a conclusion
different from that of Analysis 1 was the LMR, whim this case pointed to a 2-class solution.

Examining the latent class profiles for substamtiveaning and similarity to Analysis 1,
it appears that Analysis 1 and Analysis 2 provixkeeznely similar profiles of each of the classes
in each model up through the 6-class model (se@pipendix). The 2-class model, which in the
current Analysis is suggested by the LMR, linesugli with two of the categories from
Ainsworth’s coding scheme, with LC #1 appearingeipresent the prototypical A category and
LC #2 representing the prototypical B categoryisTfireasonable according to attachment
theory and also matches the profiles found in Asial{. The 5-class model, suggested by the

BIC and BIC* in this Analysis (and also in Analydiscontains class profiles that are nearly
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identical to those in the 5-class model of Analyisiso as before, they appear to be substantively
reasonable.

Interestingly, given that the 7-class model of Keis 1 appeared to be where a
breakdown began in substantive meaning, the 7-ataskel of Analysis 2 is the first point that
the class profiles slightly diverge from those fdun Analysis 1. Even though itisin a
somewhat different manner, a substantive breakddsomseems to begin with the 7-class model
of Analysis 2. The class labeled LC #4 in this elazbntains the odd pairing of behavior of
high levels of proximity & contact seeking with hi¢gevels of avoidance. Although this strange
pattern was a reason for concern with LC #7 inftteéass model of Analysis 1, these two class
profiles are not as similar as might be expectedeeially given that in Analysis 2 this class
contains a much larger proportion of the partictpat 11%. The important point here is that the
substantive breakdown found in Analysis 1 at tredags model is also repeated in Analysis 2 at
the same point, even though the class profileslagetly different and it could be suggested that
this breakdown happens in a slightly different memnThis might not be all that unexpected,
however, given that the suggestion here is thathamy over a 6-class model loses its substantive
value. It may not be as important to know exaltiy this breakdown occurs as it is noteworthy
that it happens at exactly the same point in eaelyais.

Similarly to Analysis 1, an examination was cortédoof the top five modes for each
model that was considered substantively meaningfahalysis 2 in order to assess empirical
identification (see Table 3 for the number of modgarned for each model). In all cases, the
parameter estimates for each mode in a given ntbsiglayed the same pattern of results. This

led to the same conclusion reached in Analysikdt,these models were considered identified.
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Discussion

The main conclusion to be drawn from Analysis that the U and DU subjects do not
appear to be making an appreciable differencedrotticome of the LCA. The overall results of
Analysis 1 and Analysis 2 are nearly identical aredess of whether or not these subjects are
included. Based on this conclusion, and becawsetant of this set of analyses is to examine
the Strange Situation coding scheme without assyithiait its categories and subgroups are
“real” and exclusive, the U and DU subjects willibeluded in all further analyses.

One interesting point to note, however, stems ftloenorigins of the “Unclassifiable”
category. In their 1981 article introducing thasdification of Unclassifiable to the Strange
Situation coding system, Main and Weston made temesting discovery. In their sample there
were 13 children that were classified as U but Wddve received a forced classification of B in
the traditional coding scheme. Of these 13, 10ldvbave been placed in the B2 subgroup.
Based on this large proportion being classifie@2sone might suggest that children in the U
group are actually showing a cohesive pattern baber which lines up most closely with the
B2 profile, instead of being a group that doessimw any consistent pattern of behavior. After
reviewing Analysis 1 of the current work, it mighten appear that this conclusion was
supported, based on the fact that the B2 subgrppeagied so early among the latent classes,
showing up in the 3-class model and remainingangtclass containing a large proportion of the
participants throughout subsequent models. Thitdgootentially mean that many of the U
subjects included in that first database were beialgided in this B2 group. If this pattern were
continued in future studies, this could potentiddigd to the suggestion that many subjects
formerly classified as U should be re-examinede®mi§ B2 is a more appropriate classification.

Upon examination of Analysis 2, however, whereofhe Unclassifiable subjects have been



64

removed, it becomes clear that this is most likedy/the case. The B2 subgroup emerges at the
same point in this analysis as it did in Analysisidd remains a strong presence, containing a

large proportion of the subjects throughout thiglgsis.
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CHAPTER 5

ANALYSIS 3
(PCS and CM: Continuous; Avoidance and Resistaldevel; All Subjects Included)
In this analysis, the four variables that wereussdl to binary variables in Analyses 1 and

2 (resistance in episodes 5 and 8, and avoidanegisodes 5 and 8) remained coded as binary
variables. The four variables that were coded-lev&l nominal variables, however, were now
treated as continuous variables. Given that #ld 6f attachment frequently treats these
measures as continuous, it was important to exathegalidity of this assumption. In Analysis
1, there was no indication upon examination ofdteditional response probabilities that these
variables did not at least adhere to an ordindepatso an analysis with these variables treated
continuously appeared justified. The intent o thinalysis was to then compare it to Analysis 1
to see if this continuous treatment provided sinmésults to the instance where the variables
were maintained as 7-level variables. Participegteiving a primary classification of U or DU
in the original SECCYD database were restoredealtita set for this analysis, returning the

demographics for this analysis to the original dgraphics found in the Methods section.

Results

This analysis provided the most consistent resultearms of the fit indices alone (see
Table 6)® The LMR suggested an 8-class model as the mddieist fit. The remaining fit
indices — AIC, BIC, and BIC* - all pointed to a ¢ass model. Unfortunately with these three, it
is again unclear as to whether a true minimum waslred, or if these indices would suggest

larger models if only they had been tested. Dussabstantial breakdown in the substantive

8 It should be noted that ti@? likelihood ratio statistic cannot be performedanttontinuous indicators are utilized,
and is therefore not reported in Table 6.
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meaning of the classes well before a 9-class mbdelever, no further models were tested. The
log likelihood plot does not seem to shed any lmgithe issue as well. In this case, the plot (see
Figure 2) appears to begin to level off aroundasseés, but then makes a significant increase in
slope, leveling off again at 7 classes, addinguistantial clarity to the portrait painted by tite f
indices.

Unfortunately, the substantive meaning behinddtent class profiles does not in any
way support the conclusions drawn by the fit indicExamining the smaller models that were
tested in this analysis, they appear somewhatainalthose found in Analysis 1. In the 2-class
model there appear to be two classes that linaidy fvell with the Strange Situation A (LC #1)
and B (LC #2) groups (see the Appendix). When mgvo the 3-class model, a group that lines
up with the B2 subgroup appears to be added (LC #Bijs pattern continues until around the 5-
class model of the current analysis, where it betprbecome difficult to assign the class
profiles to categories or subgroups found in thrar§fe Situation. While this is divergent from
the results found in Analysis 1 (where the classesned to fit the Strange Situation coding
scheme with relative ease) this is not necessangason to question the theoretical validity of
the results. The classes may not line up direwitly the Strange Situation coding scheme, but
they still make sense according to attachment thelor the 5-class model there do not appear to
be any odd profiles of behavior that one would bkkely to see. Upon examination of the 6-
class model, however, two major problems appeampthiat toward a substantive breakdown.

The first major problem is that profiles appeattiepresent patterns of behavior that one
might not expect to find given what we know of ekttment. For example, the group labeled LC
#2 in the 6-class model of this analysis showsth pairing of a relatively high level of

proximity & contact seeking in episode 5 with a noead to high level of avoidance found in this
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same episode, and contains around 17% of the ssbj@ééhile this one instance of seemingly
discrepant behavior would not be enough to sigrsaillstantive breakdown, this is the first
instance where this type of conflict appears ilm@asterably large class, and the number of odd
behavior patterns like this only increases in Hrgér models of this analysis.

Of more concern than these seemingly odd behawatberns, however, is the complete
lack of a class that appears to contain classisaityire children when examining the 6-class
model. It could be said that this problem arisesneesarlier, given that many of the smaller
models have a profile that seems to representesetildren, but still contains much higher
levels of resistance than might be expected. @dythy the time a 5- or 6-class model is
reached, however, it is clear that there is ndasscthat lines up with what one might expect to
be a classic B or secure profile. Setting therfgeaSituation coding scheme aside for a moment
and focusing specifically on the idea of attachmemeneral, we would expect to find a large, if
not substantial, group of children that showed l@b®r pattern indicating they had formed a
secure attachment bond with their mothers. In $evfrthe dimensions of behavior examined in
this study, we would expect these children to ggekimity and contact with their mothers after
a mildly stressful separation, and most likely lspaseek to maintain that contact once achieved.
These behaviors might not be extreme, but we wexjct to see them. In terms of avoidance
or resistance of the mother, we would expect td@ger nonexistent levels of these behaviors.
This profile of behavior would appear to represenhild that was fairly classically attached to
his mother, regardless of what label this profiesvgiven. The fact that this profile is seemingly
nonexistent in any of the models of this analyasis] that by the 5- or 6-class model it is

strikingly absent, leads to the conclusion thaséheodels might be untrustworthy.
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Of the models that were considered substantivelgmmgful in Analysis 3, only the 5-
class model returned more than one mode (see Bdblethe number of modes for each model).
The top five modes were examined for this modelssess empirical identification and indicated
that each solution held a similar pattern of pat@mestimates, so this model was considered
identified. Although the 7-, 8-, and 9-class mad#i this analysis were not evaluated, due to the
substantive breakdown that occurred before thegerdanodels, it should be noted that the
Mplus statistical software returned an error mesgagthese three models, indicating that
identification problems were experienced. For thsson, these models, and the tables
representing the parameter estimates for theselmsde the Appendix), should be interpreted

with caution, acknowledging that identification waestainly a problem in these cases.

Discussion

Unfortunately, this analysis in which the indicatariables of proximity & contact
seeking and contact maintaining were treated coatisly, did not lead to any satisfactory
conclusions in terms of a model of best fit. lotfanone of the models were truly acceptable in
terms of substantive meaning, but certainly notldinge models suggested by the fit indices.
Unlike Analysis 1 where there were multiple modékst could be reasonably chosen and the
problem was finding a solid justification for chawg just one, this analysis offered not even one
model that could be rationally selected. Given tha only difference between Analysis 1 and
Analysis 3 is found in the treatment of four of thdicator variables (7-level vs. continuous),
this treatment is what must be examined.

When the coding scales for the indicator variabksd in this study (proximity & contact
seeking, contact maintaining, avoidance, and @asisf) were originally conceptualized,

Ainsworth and colleagues (1978) set out to createrdinal scale of behaviors. They created a
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7-point scale for each that ranged from none ofjilien behavior to a high level of the given
behavior. In creating this scale, they providédrge number of exemplar behaviors for each
point on the scale, realizing that this list of &elors would not be exhaustive but would aid a
coder in placing observed behavior within the coedi of this scale. They never suggested,
however, that this scale could be considered coatig, with equal intervals between each
anchor on the scale. In fact, when examining thgses of behaviors, especially with such clear
examples offered, it would be unreasonable to inipdy a truly continuous scale had been, or
could be, created. For this reason, based onrij@a conceptualization of the Strange
Situation coding scale, it would seem inappropriatieat these dimensions continuously.
Treating the dimensions continuously, howeveexactly what has been done in
countless attachment studies, and the validithigftreatment is rarely, if ever, questioned (e.qg.,
Lyons-Ruth et al., 1987; Bridges, Connell, and Bgl4988; Leerkes, Parade, and Gudmundson,
2011). The nature of the scales, however, andethdts of this analysis begin to seriously call
this practice into question. Not only do the ssalet appear continuous on paper, but strikingly
different results are found in these analyses wheronly difference in practice is the treatment
of the indicator variables. When treated contirslpuhe fit indices suggest a much different
model than when the scales are treated as 7-lavielbles. This result could be blamed on the
analysis itself — LCA studies that include continsandicator variables tend to trend toward
larger models as those of best fit than do analyseisanclude only categorical indicators. The
bigger problem is the substantive breakdown thatiecwhen some of the indicators are treated
continuously. One might expect to find a largemdelavith continuous indicators, but the
meaning behind the class profiles of this model emdller models within the same analysis

should still be valid. Itis quite concerning thiaits is not the case in the current analysis, and
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seems to indicate that the problem lies not inataysis itself but in the treatment of the
variables. Clearly more work needs to be donexmrgne this issue and determine if it is ever
appropriate to treat the dimensions of behavianftbe Strange Situation continuously, or if this
practice should be discontinued in light of the that it might be providing incorrect, or at the
very least different results than what would benfbif the dimensions were simply treated

ordinally as the scales were originally created.
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CHAPTER 6
ANALYSIS 4

(PCS and CM: 7-level; Avoidance and Resistancevell All Subjects Included)

In this analysis, the variables that were treatattinuously in Analysis 3 (contact
maintaining in episodes 5 and 8, and proximity &teat seeking in episodes 5 and 8) were
returned to being treated as 7-level variablet@g were in Analyses 1 and 2. With the
breakdown in theoretically meaningful conclusiomattoccurred in Analysis 3 when these
variables were treated continuously, it becamer ¢hes it was inappropriate to handle these
variables continuously in future analyses. Faos teason, they were returned to their original
state.

The four variables that had been reduced to bicadyng in the previous three analyses
(resistance in episodes 5 and 8, and avoidangeisoaes 5 and 8) were afforded more freedom
to vary in this analysis. Due to the miniscule amicof data available at the extreme high scores
on all four of these variables, it was impossibléréat them as 7-level variables (as they are in
the original coding scheme). There was, quite Bimmot enough information available at these
high scores to make this feasible. For this reagmy were transformed into 3-level variables.
Groupings were created in a data-driven fashiomhgoing ratings of 1 and 2, ratings of 3 and
4, and ratings of 5, 6, and 7. The combinatioa tzrger group of ratings at the upper end of the
scale created a sufficiently large category, ewathé face of such skewed data.

This analysis ultimately allowed for a comparisorbe made to Analysis 1, seeking
information on whether or not the binary reductsil allowed for sufficient discrimination
among the latent classes. If it were found thatedreed to vary, these indicators in Analysis 4
were no better at discrimination than their diclnodoisly coded counterparts, then suggestions

could be made about future coding efforts.
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Results

Of all of the analyses, the fit indices paint thest inconsistent picture in this final
analysis (see Table 7). Tk likelihood ratio statistic in this case is simitarthose in Analyses
1 and 2 in that it suggests that all tested maai®sa good fit for the observed data. The AIC
suggests 9 classes yet, again, it is uncleargfishihe true minimum value. For the first time th
BIC and BIC* point to different models, and in tltigse, they point to vastly different models.
The BIC suggests that the 4-class model is theflvdst the data, while the BIC* indicates a 7-
class model is best. The LMR first becomes noniBagant when comparing a 4-class model to
a 3-class model, indicating that the 3-class mbtethe data best. In examining the log
likelihood plot (see Figure 2), the slope increas@aewhat sharply at first and then at 3 classes
levels out slightly. This could possibly lend sosupport to the LMR indicating that the 3-class
model is best.

Examination of the latent class profiles in thgpApdix does not lead to any clear
conclusions in terms of model selection. The 3sctasdel suggested by the LMR and
potentially by the log likelihood plot appears take sense substantively. In fact it quite clearly
mimics the 3-class model found in Analysis 1, vitib three classes representing the A, B, and
B2 groups of the Strange Situation coding syste@#IL, LC #2, and LC #3, respectively).
Even the distribution of participants in each adb three classes is nearly identical in the 3-
class models of both Analysis 1 and Analysis 4.

The 4-class model, suggested by the BIC, alsoapie make sense substantively.
Although one of the classes (LC #4) does not ¢gleadp onto the Strange Situation coding
system (representing what could potentially beegithe B4 or C2 subgroup), it is a profile of

behavior that is not divergent from what could kpexted according to attachment theory. This
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is slightly different from Analysis 1, in which daof the classes in the 4-class model clearly
aligned with a category or subgroup of the StraBigation coding system, but it does not in
any way discount this model’s substantive meaning.

The 7-class model, suggested by the BIC*, contawasclasses that are difficult to align
with the Strange Situation subgroups: LC #5 and#bC They appear to represent the B1 and
A2 subgroups, respectively, but in this model affcdlt to decisively distinguish in terms of
the Strange Situation coding system. This difficih clearly aligning the classes with
subgroups from the Strange Situation does not, iexyedicate a substantive breakdown. All
of the classes appear reasonable in terms of at&dtheory.

It could be argued that even the 9-class modghjested by the AIC, continues to
include classes that are indicative of behavior wauld not be in any way surprising or unlikely
according to attachment theory. At this point, gnahthe classes are difficult to align with the
Strange Situation coding system, but the goal fseuming that this coding system is
“accurate” must be maintained. The problem thatioewith this large model, however, is that
the practical differences between some classeseoegligible. Statistically, the LCA is
finding classes that are distinct from one anothet the actual applicable value of these
differences becomes almost nonexistent. For #asan, even though the classes of this model
appear reasonable substantively, and the AIC nmghbhave reached a true minimum, it was
decided that the 9-class model would be the lamgestel examined. It was assumed that larger
models would include classes that were either iv@rdent enough substantively from other
classes to justify their inclusion, or that weressamall that replication in other samples would

become a major concern.
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In Analysis 4, all models were assessed for ecgdirdentification. In all cases, an
examination of the parameter estimates for eachemmaicated that the same pattern of results
was returned for the top five modes in each moul¢hile this is true even for the largest models
in this analysis, the fact that these largest neodelirned hundreds of modes (and many sets of
start values did not converge) does indicate thattification may have been an issue (see Table

3 for the number of modes returned for each model).

Discussion

Unfortunately, Analysis 4 presents another sitrain which it is nearly impossible to
select a best-fitting model. The fit statistice aruch too varied to justify making a decision. In
fact, almost any one of the models suggested by #astatistic could be selected and defended
as the best-fitting model, given that substantiesgh appeared reasonable, making a choice
among them impossible.

This analysis does, however, allow for a comparieobe made to Analysis 1 in an effort
to determine if the variables that were reducedidbotomous coding are as effective in
distinguishing among classes as the 3-level codirigese same variables. At a very basic level,
it is clear that allowing these variables more rdomary did not improve the ability to select
one best-fitting model among those tested. In thetincrease in variance led to an analysis in
which the fit statistics were extraordinarily dispi in their recommendations. Given the fact
that it was also difficult to make a decision ash® model of best fit in Analysis 1, however, this
does not necessarily indicate that the dichotonyoemiied variables are best. In fact, because
Analysis 4 included more possible levels for fotithe indicator variables, this greatly increased

the size of the grid of potential responses. Witlazlding any additional participants in this
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analysis, this resulted in the data being spreadmong even more cells than they were in
Analysis 1. This is another reason that the resaflAnalysis 4 might not necessarily indicate
that dichotomously coded variables are best. Al could simply be suffering from the
problem of sparse data.

The greatest difficulty in deciding which codinfjtbe variables was best at
distinguishing among classes lies in the fact &aah coding method led to different strengths
within a given analysis. In Analysis 1, where fofithe variables were reduced to a dichotomy,
the resulting classes of the various models appdarkne up fairly well with the categories and
subgroups of the Strange Situation coding systiat {§, up until the point of the substantive
break-down). This would seem to indicate thatweables that were reduced to “some” of a
behavior versus “none” of a behavior were somewffattive at distinguishing the boundaries
suggested by the Strange Situation coding syst#emalysis 4, on the other hand, in which these
same variables were allowed more variance, had asges that were difficult to match with
categories or subgroups of Ainsworth’s coding systd hey were reasonable according to
attachment theory, but not decisively Strange 8anaroups. In terms of the goals of this
research, this leads to a dilemma, because thesdomremain as impartial as possible, not
assuming that the Strange Situation coding sysseimei best method of classifying these data. It
is unclear which coding of the variables is bes@aose it is unclear if the resulting model should
closely mimic the Strange Situation or if a differgrouping of the data is more accurate. Given
that neither analysis resulted in a clear-cut mgdkdction, it is inappropriate to expect that ¢hes
analyses alone would provide an answer as to wheth®t binary coding is as effective as 3-
level coding with these variables. The fact thathlzoding methods led to successful analyses

in which many reasonable models were presentedevewindicates that this issue has the
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potential to be resolved in future analyses. Jfisgortant suggestions could be made as to how

to treat these data in the future, potentially iegdo a simplification of the data coding process.
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CHAPTER 7
GENERAL DISCUSSION
With the goal of examining the category systerthefStrange Situation in order to
assess the number of latent categories underlgisgrteasurement, the current set of analyses
unfortunately leads to more questions for futuseagch than answers. Nevertheless, several
important discoveries were made that will not anfprm this future research, but hopefully
encourage those in the field of attachment to erarooding practices and systems that have
been taken for granted since their inception. dditgon, the presentation of this research should
encourage the field to explore new approachesdtyzing attachment data, utilizing methods
that have been hitherto ignored, in the hopeshttadening research horizons in this manner

will lead to a general strengthening of the field.

Examination of the Combined Set of Analyses

Given the fact that none of the individual anatysethis set of work arrived at a clearly
suggested model of best fit, the implications ef tbmbined set of analyses do not shed any
more light on the subject. In fact, Analysis 1 eaged to have the narrowest suggestion for a
model of best fit, most likely implying that thedtenodel would include somewhere between
three and five classes. The hope was that subsegnalyses would narrow this even further to
one specific model, but this was not the case. lysma2 seemed to echo the conclusions of
Analysis 1, although it did indicate that a twosdanodel could be a possible contender.
Analysis 3 did not aid in the decision making pisxgiven the substantial breakdown in
substantive meaning that occurred, effectively ilating Analysis 3 from any discussions of

the overall implications of these analyses. Findlnalysis 4 had the unexpected effect of
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broadening the list of potential models of besa§itopposed to narrowing the field, most likely
due to the issue of sparse data. Looking at #tisfsanalyses as a whole seems to lead to the
conclusion that Analysis 1 was actually the besnapt toward finding a model of best fit, and
the conclusions drawn from this analysis are absidtrong as is possible with this set of
analyses. This begs a reexamination of the coiocisslrawn from Analysis 1, given that the
hope was that subsequent analyses would allow d¢teaaer decision to be made and that this
result did not occur. Unfortunately, one is leftmthe same conclusion as before — that
Analysis 1 suggests either a 3-class or a 5-claskemand that there is no clear evidence to
recommend one over the other. Given that the §ér&ituation coding system is so clearly
based around a 3-class model, it would be easyggest that this lends support toward the 3-
class model being selected as that of best fittHmugoal of the current research was to not
assume that the Strange Situation coding systenae@sate (not to mention the fact that the 3-
class model from Analysis 1 did not mirror the 8sd model that might be expected according
to the Strange Situation coding scheme). The gasfdes of the 3-class and 5-class models are
easily justifiable according to attachment theanyg so neither should be given more weight
based on the coding system that is under evalualith this set of analyses alone, it is
impossible to clearly assess the exact numbetefhti@ategories underlying this measurement.
An important step has been taken in the right dmachowever, given that future research
efforts in this area might be able to focus onrttwelels including between three and five latent
classes, and will hopefully lead to stronger cosidos in this area.

The fact that none of the analyses conductedisnatbrk pointed to a clear model of best
fit warrants an examination of why this result ated. There are many potential answers to this

guestion, and the remedy might even lie in a coatlon of several of these possibilities. One
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source of this problem, that has already been d#gm) is the issue of sparse data. Even though
the number of participants included in the cursreatk is enormous compared to the typical
Strange Situation study, the sample was actuallly femall in LCA terms. These models

require incredibly large samples, especially astibelels become more complicated. To
illustrate this point, in Analysis 1, the simple$the current work, there were a total of 38,416
possible response patterns. The participantsdedin this analysis represented only 825
different response patterns, meaning there wengstirals of empty cells in this data table. This
indicates that even in this simplest analysis oféhincluded in this work, sparse data was an
issue, and the problem only compounded as the samlyecame more complicated and therefore
included more potential response patterns.

This might present a particular problem when examgitheGz2 likelihood ratio statistic,
which is compared to the df for that test in orteassess if the tested model is a good fit for the
observed data. If the statistic is close to orlEenthan the df, this indicates that the model is
good fit. The df for this test is calculated bypsacting the number of parameters plus one from
the number of possible response patterns. Withawy of these response patterns not
representing any actual responses from participdredf for these tests were most likely
artificially inflated. For this reason, tit&? likelihood ratio statistic might have indicatectlhe
models were all a good fit for the data, but tlnald be inaccurate because the statistic is being
compared to an artificially large df. This problevith theGz2 likelihood ratio statistic represents
just one of the many issues related to sparse dattaure efforts in this area should strive to
obtain larger samples for use with LCA. This coddvery difficult, owing to the labor and

resource intensive process of collecting Strangea8on data, so creative solutions including
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combining multiple samples from various data selilsmost likely need to be utilized in order to
obtain a suitably large sample.

Another potential problem could be assuming comaiti independence in this data set.
The point was raised that there could be relatipsshetween indicator variables, above and
beyond what is explained by the latent variablpeemlly between the sets of indicators that
represent the same dimension of behavior beingumedsn each of two different episodes.
While the results (or lack of clear results) do syeecifically indicate that the conditional
independence assumption has been violated, thid cettainly be contributing to the issues
found in this set of analyses. The best way taesidthis concern would be to repeat these
analyses, introducing residual dependencies tdf ee quality of the results improved. If so,
this would indicate that relationships betweendatbr variables might have played a role in the
problems found in this set of analyses.

One final possible explanation for the lack ofacleesults could be related to the D
category of disorganized/disoriented behavior ted not included in this research. Inclusion of
the D behavior rating scale would have vastly iasegl the complexity of this work, and it was
deemed too complicated for this first attempt dizing LCA with Strange Situation data. This
decision must be examined, however, in light ofrésilts that were obtained. Main and
Solomon (1990), in creating the D behavior scaldicated that they did not find distinct
patterns on the Strange Situation’s four dimensadrizehavior that encompassed children that
they had identified as belonging to the D groupfakt, one of the reasons for creating the D
scale was to create a method that could be usgidttoguish a child that was displaying a
disorganized pattern of attachment, because therdiions of behavior from the Strange

Situation were not differentiating these childrendgstinct from children displaying organized
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patterns. Included in this D behavior scale thaytcreated, Main and Solomon delineated
seven main groupings of disorganized/disorientdthbier. Two of these groupings were
“Sequential Display of Contradictory Behavior Pat&® and “Simultaneous Display of
Contradictory Behavior Patterns.” These involvesplaying contradictory behaviors such as
strong proximity seeking followed by strong avoidaror even stilling within one reunion
episode (sequential), or approaching the pareit matd averted or by walking backward
toward the parent (simultaneous). Even thoughetiaes only two of the seven major groupings
of D behavior, in light of the results of the curtstudy, they are noteworthy. Perhaps some of
the latent classes that were dismissed in the muresearch as “odd” in terms of attachment
theory, and were taken as indications of substarireakdown in the analyses, were actually
groups of children that would have been classified using the D behavior scale. The fact that
these “odd” groups often involved high scores ot lproximity seeking and avoidance in the
same episode seems to support this conclusionn teeeigh, as a whole, children given a D
classification cannot be distinguished based orsthenge Situation’s four dimensions of
behavior alone, perhaps there are subgroups @ taegory that can be differentiated using
only these four dimensions, and perhaps these supgmwere appearing as distinct latent classes
in the current analyses.

It is not a new idea to suggest that there masubgroups of D behavior. Lyons-Ruth
and colleagues (1991) found that the D group cbeldivided into two subgroups based on the
forced choice ABC class assignment given to theégddren: D forced-secure and D forced-
insecure. They found that these two subgroupsraiff significantly in terms of their mothers’
histories. Children who had a mother that had B&peed loss of one of her own parents were

more likely than other children to be classifiedlaorganized/disoriented, but specifically in the
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D forced-secure subgroup. On the other hand, fihayd that the severity of a mother’s
psychosocial problems was positively associated @igroup assignment, but only for the D
forced-insecure subgroup. In addition, they fothrat the forced-secure subgroup was
associated with lower maternal involvement, while torced-insecure subgroup was associated
with higher maternal involvement and hostility. dng-Ruth, Bronfman, and Parsons (1999)
furthered this research, finding that mothers dbfzed-insecure infants displayed more atypical
behaviors, including role confusion and negativedisive behaviors, while mothers of D forced-
secure infants displayed higher levels of fearfséni@ relation to their infants. Their most
intriguing finding in relation to the current woik that infants in the D forced-insecure subgroup
of their sample were recognizable for their comitig behaviors, often displayed in the form of
distress, followed by avoidance or resistancewtio®. This might suggest that the analyses of
the current work, even without the D score inclydeere distinguishing latent classes made up
of children that would typically be assigned a gatg of D, and further, might best fit into the D
forced-insecure subgroup. At the very least, tbekwletailed here on D subgroups suggests that
the D category might be divided into subgroups #ratmeaningfully related to maternal
behavior, and potentially child outcomes. Thisrapthe door to the possibility that an LCA
performed on Strange Situation data, even if tlee@le is not included, might include classes
that represent what is typically considered D catgtpehavior, albeit at a subgroup level, not
including all types of D classifications. In thédre, it could be telling to re-examine the classe
of the current work that at first appeared “odd’atypical in terms of attachment theory. One
could look at a given class in which the infantpegred to be displaying conflicting behavior
patterns and examine the classification that waigiasd to each of these infants under the

Strange Situation coding scheme, including the tegmay for these purposes. This process
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could be extremely informative, especially if itn@ghe case that the majority of these infants
were classified as D, and even more interestitigeif forced choice assignment was A or C.
While the exploration of D subgroups was an unetgeeand potentially fruitful area of
research to come out of the current work, it stilist be acknowledged that not including the D
behavior scale might have resulted in, or contatub, the problem of not finding a clear model
of best fit in these analyses. It might be theedhsat, even though the Strange Situation’s four
dimensions of behavior appear to potentially bé&msishing a subgroup or subgroups of D
behavior, that these four dimensions are simplysaéficient to classify all children that should
be given a D classification. This was the condnsnade previously, and the reason that it was
assumed that latent classes representing a D grognoups would not be found, but there is a
chance that infants that should be assigned afitas®n of D do differ from typical A, B, or C
children in subtle ways on the Strange Situatidois dimensions of behavior. If this were true,
and the differences were only subtle, then an LGghirhave difficulty producing a model that
fits the data well without the inclusion of a direeeasure of D behavior. There is a chance that
if the D behavior scale were included, this mighntcibute to classification in a meaningful
way. On the other hand, if there were truly ndeslénces on the Strange Situation dimensions
of behavior between a typical A, B, or C infant {dratever the “true” categories may be) and a
D infant, then including the D scale would not gete add any information to a model beyond
what the D scale could provide on its own. In fatwork, analyses should be performed with
and without inclusion of the D behavior scale iderto provide a basis for comparison. This
comparison will be crucial for determining if thesdbale should be included in further LCA

endeavors or if it should be excluded as was tke mathe current work.
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Overarching Conclusions and Implications

Although a clear conclusion was not derived ahéomodel of best fit, an inspection and
comparison of the many models examined in thesedoalyses leads to many interesting
conclusions and implications for the field of attaent and the Strange Situation coding system.
To begin with, the 2-class models of each analyamsbe examined. In each analysis, the 2-class
model’s latent class profiles appear quite simiath a nearly equal number of participants
falling into each group. These classes resembklédtand B categories of the Strange Situation
coding system. The idea that these two classefdviae up in such a way would not be at all
surprising to an attachment researcher familialn wie Strange Situation coding system,
especially given the fact that many researchemgoetheir data to a secure versus insecure
comparison when analyzing data. What is uncleathisre the insecure-ambivalent or C group
is placed in the 2-class coding schemes of theentiamalyses. An attachment researcher
utilizing the Strange Situation would assume that@ group would be included in the latent
class that most closely resembles the A groupngilvat this would represent the combining of
the two insecure groups of children. Upon exanmmadf the latent class profiles of each of
these 2-class models, however, it is evident thahything, the children that would typically be
classified as C are most likely included in thetatclass that resembles the B category. This is
evidenced by the fact that, in each of the foutya®s, the B class shows a higher level of
resistance than the A class (which seems to showstlno resistance) in the 2-class models.
This indicates that the LCA is suggesting thatrthtural groupings might be an A versus B and
C combined comparison. This is absolutely conttaryhe manner in which these types of data
are handled in the field of attachment. It haglbeen assumed that the two categories of

insecure attachment are substantively similar enda@ne another to warrant being paired
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together in comparison to the secure category. clinent analyses indicate that, statistically,

the insecure-ambivalent category may be more sindléhe secure group than to the insecure-
avoidant category. While further research mustdelucted in the area, the fact that all four of
the current analyses repeated this result sugtiedtd may be inappropriate to reduce
attachment data to an insecure versus secure campavhen utilizing the Strange Situation
coding method. With the wealth of problems enceretd in these analyses, strong conclusions
are not justified, but these analyses would seesudggest that, if the data in an attachment study
do need to be reduced owing to an insufficient nema subjects in each group, the appropriate
comparison might be between the A and B categmetting aside the C category for a

particular analysis.

The 3-class model of each of the analyses indheiot work can also be examined.
Similar to the 2-class models, the 3-class modietsoh analysis are strikingly similar to one
another. In each case, the three classes arg esitified as most closely resembling the A, B,
and B2 groups of the Strange Situation coding systéth the B group containing around half
of the participants, and the other two groups daimtg roughly 25 to 30 percent of the
participants. What is fascinating here is thatrtteglels do not match the assumption that an
attachment researcher might have after examinie@ttlass models. That assumption would be
that, in the 2-class models, the children displ@yrC behavior profile were simply combined
with one of the other classes, but that in thea®simodel the C group would distinguish itself as
a class in its own right. Given that attachmemiicg has focused on the three groups of A, B,
and C, the natural hypothesis, even with no knogéeaf the 2-class model profiles, would be
that these A, B, and C groups would be represanttue latent class profiles of the 3-class

model. In fact, this hypothesis is so natural gittee state of attachment research today that it
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was the hypothesis of the current work that thesitevould be obtained. The C category does
not appear as expected, however, in any of thagsachodels examined in these analyses. In
fact, in each case, a class that displays a proffi@-type behavior does not appear until at least
the 4-class model. There are two aspects of thwising result in terms of the 3-class models
that must be examined. The first of these is #doe that the C category is surprisingly absent
from the 3-class models, and the second of thetbe ifact that the B2 subgroup was included
and represented such a large proportion of thecpgaahts. Each of these will be considered in
turn.

First, the unexpected lack of a C group in théa®xmodels. Given the vast amount of
research that went into the creation of the Str&8igetion and that has resulted from it, one
would expect that the ABC category system wouldlbarly represented in any 3-class model
derived by an LCA. The conspicuous lack of a Qugrim any of the 3-class models in this work
is, therefore, surprising. One could easily ardnosyever, that the C category is typically
representative of the smallest number of partidgpanany attachment study of infants born in
the United States. In fact, many researchers ddfreulty obtaining enough participants in the
C category to support the statistical analyses kiaglyplanned, leading to the aforementioned
practice of reducing attachment data to a secusaigensecure comparison. It could be argued
that perhaps there was simply not a large enouginpgof children displaying clear insecure-
ambivalent behaviors for the LCA to be able to tdgnt as a unique group as early as the 3-
class model (although any clear and distinct groegardless of size, should be delineated as a
separate class by the LCA). The problem with lihis of logic in the current work, however, is
that the SECCYD database contained a larger tharage number of children assigned a

classification of C as their attachment statusfatt, 15% of the participants were assigned a
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classification of insecure-ambivalent, as compaoettie more standard 10% that is seen as the
typical proportion when averaged across Americampdas (van ljzendoorn & Kroonenberg,
1988). Even if the participants that would haveereed a primary classification of D or U with
a forced choice classification of C are removediftbis number, acknowledging the claim that
this particular sub-population might not be showttear or typical C behavior, there still remain
9% of the participants that received a primarysifasation of C. Clearly there were ample
insecure-ambivalent subjects according to the §e&ituation classification system in order to
represent a latent class if such a class trulytg€xé® the question remains: Why is the C category
conspicuously absent from any of the 3-class m@dése conclusion could be that the C
category does not truly exist as a latent categaderlying this grouping of behaviors that has
come to be known as insecure-ambivalent accordiniget Strange Situation coding system. If
the 3-class model including the A, B, and B2 grola@g been strongly implicated as a model of
best fit, this argument might have more footing, without a decisive argument for the 3-class
model, this suggestion appears premature. THhsgecially true given the fact that, in each of
the 4-class models, a latent class profile thaeappto line up with C-type behaviors is included
and contains around 25% of the participants in €asle. More work is needed addressing the
many issues mentioned previously (sparse data,jtcomal independence, etc.), which will
hopefully lead to a clear model of best fit. Timedel will give researchers a better
understanding of the latent structure underlyingciment styles and whether or not the C
category is a true latent class.

On the same token, the conspicuous absence abteGory in the 3-class models
examined in this work left open the possibilityeothird category being defined that was outside

of the typical three category model presented by3trange Situation coding system. Although
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it could have been that a truly “new” category wliescovered, this does not appear to be the
case. The third group in all four 3-class modésaly resembles the B2 subgroup of the
Strange Situation. This group contained around B5%e participants in the 3-class models of
all analyses, and maintained a strong presendénmodels that were substantively meaningful.
The fact that this class was so consistent frorh suncearly point seems to suggest that it is an
important class, and could potentially be considereategory in its own right as opposed to
merely a subgroup of the B category. In fact,BRBeclass was considered distinct from the
overall B class in each of the 3-class modelsh#es the behavior representative of a B2
classification, including displaying some avoidabedaviors in the first reunion of the Strange
Situation procedure which give way to displaysexdfige attachment behavior in the second
reunion, are more common than was originally thowgien the Strange Situation coding
scheme was created. The clearest way to apprbacproblem would be to analyze various
outcome measures for children originally assignethssification of B2 in comparison to those
assigned to the other B subgroups. If the outcamestatistically disparate, this could lend
support to the idea presented in this set of LC¥as$ the B2 subgroup might be a classification in
its own right, as opposed to a subgroup of gerss@lre behavior. On the other hand, it could
simply be that the subgroups presented by Ainswamthcolleagues have always represented
distinct groups, but that the field of attachmeas hever obtained large enough samples to truly
compare these groups. Perhaps the current ressasichply the first example of a sample large
enough to make such comparisons, and the LCA iglgnpicking up on this distinct B2
subgroup that has been unique all along. Therbe#iod of resolving this debate is to conduct

further research in this area, focusing on utifizif€As and outcome measures in concert in
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order to obtain a clear picture of the true grogpinf participants using the Strange Situation
method.

The bottom line is that the 3-class models preskmt each of the analyses of this work
do not line up with the expectation of a clear AaBd C group. While this does not decisively
discredit the entire ABC coding system, especigilyen the wealth of problems encountered in
this work, it does begin to call into question gudd standard status with which the Strange
Situation coding has been credited. It seemsye baen taken for granted that this 3-class
system is the true nature of attachment statuses;epresents a latent structure that supports
this system. Given the results of this work, tarsias they may be, this confidence in the
Strange Situation coding system may require evialmat~or this reason, it is imperative that
more work be conducted in this area, especiallgrythe vast body of work that is still being
conducted every year which utilizes the Strangea8in. This future work must include further
LCAs, hopefully analyzing even larger databaseth wifocus on comparing outcome measures
for any groups that are suggested by a model affivésund in an LCA. It is only in this way
that the Strange Situation coding system can tvalgvaluated and the latent structure
underlying attachment statuses can be further esglo

While the primary aim of the current work was t@keiate the Strange Situation coding
system in order to assess the number of lateng@ags underlying the system, the secondary
aim was to evaluate the scales themselves, lodkmgossible simplifications or adjustments to
the four dimensions of behavior typically employéldvo areas that held the potential for
adjustments were explored: Making certain dimersslwnary as opposed to 7-level (as they
were originally created), and treating certain disiens continuously as opposed to

categorically or ordinally. In terms of a binargatment of certain variables (avoidance and
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resistance in both reunion episodes) versus a4heult treatment of these same variables, which
was explored in the comparison of Analysis 1 to l§sia 4, no clear conclusion can be drawn.
The major issue with this comparison is the faat thfinal model was not chosen in either
analysis, making it impossible to truly comparetthe. In Analysis 1 with the dichotomously
coded variables, the results aligned well with$ti@nge Situation coding system as it stands.
Analysis 4, however, which allowed more freedomtfe@se same variables to vary, seemed to
veer away from the pure Strange Situation codWthout one distinct model from each
analysis to compare, and given that the point efclrrent research was to evaluate the Strange
Situation and not assume its validity, this codsgyue was not resolved. In the future, if a larger
data set were obtained, hopefully diminishing 8ses found here with sparse data, it seems a
true comparison could be conducted and a suggestiald be made about future coding efforts.
In addition, if future efforts using LCA found thtte Strange Situation category system was
viable as it currently stands, then it would sebat & reduction of these particular variables to
dichotomous coding might be effective. This isagivthe fact that the dichotomously coded
variables appeared to be successful at distinqugstie various latent classes that mimicked the
categories and subgroups of the Strange Situatidimg system. The final check in this case
would be to take the final model of best fit ané g0 assign classes to each of the participants.
These assignments could then be compared to tbsifatation each subject received using the
Strange Situation coding. If there were generegd@ment in both of these methods, then a
strong argument could be made for dichotomous cpdispecially given the fact that this would
greatly reduce the burden on the coders. In tefrasder effort and even training and

reliability, this would be a sizeable improvementhe scale.
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The second area with the potential for adjustmntkse scales used in the Strange
Situation coding was the treatment of the variabfgsroximity & contact seeking, and contact
maintaining. The current research compared trgdkiese variables ordinally versus
continuously. Countless studies in the area aththent have analyzed data using a continuous
treatment of these scales without ever examinirggdbmparison (e.g., Lyons-Ruth et al., 1987;
Bridges, Connell, and Belsky, 1988; Leerkes, Paradé Gudmundson, 2011). Given the
manner in which these scales were created, it apfregccurate to conceptualize these variables
as continuous, but the comparison was made inufrertt work in order to examine a common
practice in the field. What was found fell in lingth the idea that assuming equal intervals in
these scales, as is the case if a scale is tratynemus, is completely unjustified — the
continuous coding of these data fell apart uportlyaisa Not only was it impossible to select a
model of best fit in Analysis 3, where proximity&ntact seeking and contact maintaining were
treated continuously, but none of the models suggddsy the fit indices were even candidates
for selection given the substantive breakdown is &imalysis. The fact that the only difference
between Analysis 1, in which there were multipladidates for a model of best fit, and Analysis
3 was in the coding of these variables leads t@léer suggestion that continuous treatment of
these variables is inappropriate. As always, mesearch should be done in this area before
decisive changes are made to the way in whichi¢he treats these measures. Specifically,
increasing the number of participants in an LCAutireg these dimensions continuously could
only serve to help clarify the situation given thet that models with continuous data tend to be
so large. Even with more work ahead, howeverctiteent work should result in a serious
guestioning of the automatic assumption that aicoatis treatment of Strange Situation coding

is appropriate. At the very least, this work shaolaat the continuous coding provided very
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different answers than the ordinal coding, so iblel fvould be wise to pursue further evaluation

of the scales in this area.

Future Directions

Although many suggestions have already been nadatire directions with this work,
there are a few exciting paths that this reseancitddead to once an LCA has been executed
that is able to arrive at a clear model of bestHitrst and foremost, once an official model has
been settled upon, it would be possible to comffa@elass assignments of this model to the
assignments made by the original Strange Situaboimg system. This simple comparison
would be incredibly indicative of whether or noetStrange Situation coding system is truly
picking up on the underlying latent structure ad ttata. Obtaining these results should clearly
be the goal of future research given the potestatements it could make about the effectiveness
of the Strange Situation coding system as it ctiyestands.

Another line of inquiry that could be pursuednflaCA is conducted that clearly
indicates a model of best fit is examining the @adlors to see if they are all contributing
significantly to class assignment. It is possibi@ one of the four dimensions of behavior coded
in the Strange Situation is not actually contribgtto class assignment and could therefore be
dropped from the data collection. This seems ehlikbut this could be examined if a final
model were obtained. Another related possibisitthiat the coding of the four dimensions of
behavior in one of the episodes is unnecessargttiee class assignment. For example,
perhaps only the coding from episode 8 is neededsdmn children to classes and the
information from episode 5 is redundant. This distinct possibility, as Ainsworth and

colleagues (1978) noted that episode 8 appeareel tioe most important for discriminating
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individual differences, but a clear model of bésirfust be obtained before this can be expldred.
Once obtained, a model of best fit could be congparene in which only the dimensions of
behavior coded in episode 8 were used as indicai@se if the same results were obtained.

Finally, once a best-fitting model is found, it émibe used as the baseline to which best-
fitting models from other analyses could be comgareor example, an analysis could be
conducted that included the variable of infantiegyin various episodes of the Strange Situation.
The best-fitting model from this analysis couldrthee compared to the baseline best-fitting
model in order to assess if the inclusion of othdrcator variables might improve classification.
There are countless ways in which LCA can be uséla future in this area, and once an
analysis is conducted which is able to suggessgfiiteng model, the floodgates will truly be
opened.

While all of these suggested future analyses appediple steps ahead of the current
state of this new body of work utilizing LCA to duate the Strange Situation, especially given
that a best-fitting model was never found in therent work, it is still important to acknowledge
the vast amount of potential work ahead. Thig fogy into this area opens doors to an entire
body of work that has the potential to improve pedect attachment research as we know it.
Utilizing a relatively new statistical proceduredwealuate a measure that is so well accepted that
it is often taken for granted may be the key torapphing this measurement with a new

perspective, possibly offering new insights aneka tens through which to view it. Latent

° While it is not possible to examine this line ndjuiry here, given that a model of best fit wasfoond, it is
important to note that the current work points tovaoth episodes 5 and 8 being important in clasgament.
This is due to the fact that the class that appkm@st similar to the B2 subgroup of the Strandedfion was so
large and such a strong presence in all analyBleis. particular group showed one profile of behaiumcepisode 5
(fairly avoidant) and a different profile in epis8 (clearly secure), meaning the data from botsoeles were
imperative in class assignment for this group.
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Class Analysis truly has the potential to revolnize the Strange Situation coding procedure

(and attachment coding in general) and this rekaarngist the first tiny step in that direction.
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Description of the Episodes of the Strange Situafiesessment

Episode Participants / Actions Duration

Episode 1 Mother & Child introduced to playroom 0 sconds

Episode 2 Mother & Child alone in playroom — Child 3 minutes
engages w/ toys, Mother sits in chair

Episode 3 Stranger enters — sits silently in chair 1 minute
Stranger speaks with Mother 1 minute
Stranger attempts to interact w/ Child and toys 1 minute

Episode 4 Mother leaves room. Stranger comfdris c 3 minutes?
if needed

Episode 5 Mother returns — reunites w/ Child.aGger 3 minutes
slips out of room.

Episode 6 Mother leaves room. Child is aloneoyst 3 minutes?

Episode 7 Stranger returns — comforts child ifdeee 3 minutes?

Episode 8 Mother returns — reunites w/ Child iButes

agpisode shortened if the Child is in extreme dgsr
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Table 2

Class Assignments in the SECCYD Database

5-Category Class Assignments

All Subjects No U or DU

A 160 160
B 710 710
C 102 102
D 177 152
U 42 0
Total: 1191 1124

Forced Choice ABC Class Assignments

Primary D  Primary U

A 33 2
B 97 16
C 47 24

Total: 177 42
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Table 3

Number of Modes (Final Solutions) Obtained for E&tbdel

Number of

Latent Classes Analysis 1  Analysis 2  Analysis 3  Analysis 4
2 2 2 1 1
3 2 2 1 2
4 112 7 1 10
5 21 438 7 482
6 129 1862 59 1872
7 567 611° 153 4892
8 708 696’ 3502 604
9 615 608’ 6092 677

aBetween 2 and 31 sets of start values did notergev°Over 90 sets of start values did not
converge.



Table 4

Fit Indices for Analysis 1
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Model G2 AIC BIC BIC* LMR
2-class 414559  20626.33 20916.04 20734.98 2633.77

df 38358

p-value 0.00
3-class 3596.82  20141.52 20578.62 20305.45 540.19**

df 38329

p-value 0.00
4-class 3438.85  19883.17 20467.67 20102.38 314.81

df 38300

p-value 0.20
5-class 3312.33  19710.22 20442.11*  19984.71** 229.83

df 38271

p-value 0.71
6-class 3301.38  19664.87 20544.15 19994.64 102.86

df 38242

p-value 0.03
7-class 3283.21  19649.76 20676.44 20034.81 72.75

df 38213

p-value 0.80
8-class 3263.14  19638.24 20812.31 20078.56 69.19

df 38184

p-value 0.76
9-class 3247.69  19625.68** 20947.14 20121.29 69.20

df 38155

p-value 0.78

** Indicates the model of best fit according to kedit index.
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Fit Indices for Analysis 2
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Model G2 AIC BIC BIC* LMR
2-class 3958.35  19341.07 19627.47 19446.42 2661.27**

df 38358

p-value 0.00
3-class 3392.17  18895.12 19327.24 19054.08 501.48

df 38329

p-value 0.29
4-class 3232.81  18647.76 19225.60 18860.32 303.87

df 38300

p-value 0.24
5-class 3097.67  18490.21 19213.76** 18756.37**  214.50

df 38271

p-value 0.00
6-class 3101.56  18440.01 19309.27 18759.78 107.67

df 38242

p-value 0.77
7-class 3083.74  18420.44 19435.42 18793.81 77.19

df 38213

p-value 0.82
8-class 3004.27  18404.87 19565.57 18831.85 73.14

df 38184

p-value 0.83
9-class 2958.86  18391.14** 19697.55 18871.72 70.57

df 38155

p-value 0.78

** Indicates the model of best fit according to ledit index.
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Fit Indices for Analysis 3
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Model AIC BIC BIC* LMR

2-class 22594.42 22701.16 22634.45 2818.80
p-value 0.00

3-class 21845.24 21997.72 21902.43 755.33
p-value 0.00

4-class 21359.51 21557.73 21433.85 495.95
p-value 0.00

5-class 21003.15 21247.11 21094.65 368.58
p-value 0.00

6-class 20781.15 21070.86 20889.80 236.29
p-value 0.00

7-class 20006.89 20342.34 20132.70 625.01
p-value 0.00

8-class 19898.62 20279.81 20041.58 124.32**
p-value 0.00

O-class 19739.51** 20166.45** 19899.63** 144.41
p-value 0.23

** Indicates the model of best fit according to ledit index.
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Fit Indices for Analysis 4
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Model G2 AIC BIC BIC* LMR
2-class 4231.72  21939.06 22269.43 22062.97 2718.14

df 194415

p-value 0.00
3-class 3711.19  21379.12 21877.21 21565.93 623.28**

df 194382

p-value 0.00
4-class 3489.69  21158.57 21824.38** 21408.28 285.33

df 194349

p-value 0.76
5-class 3440.76  21032.10 21865.64 21344.71 191.65

df 194316

p-value 0.21
6-class 3320.89  20945.66 21946.92 21321.17 151.79

df 194283

p-value 0.83
7-class 3313.35 20868.81 22037.79 21307.23* 142.24

df 194250

p-value 0.82
8-class 3237.07  20840.02 22176.73 21341.34 94.38

df 194217

p-value 0.79
9-class 3208.07  20819.65** 22324.09 21383.88 86.02

df 194184

p-value 0.82

** Indicates the model of best fit according to ledit index.
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Figure 1. Frequency graphs for each of the 8 indicatoraldess in the SECCYD database.
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Appendix
Conditional Response Probabilities and Latent CRasbabilities
This Appendix includes the conditional responséphilities and latent class probabilities for
each class of each model in a given analysis. \fdlatvs is a list of abbreviations used in each
table: LC = Latent Class, Ep. = Episode, CM = Cohkdaintaining, PCS = Proximity &

Contact Seeking, Avoid = Avoidance, Resist = Rasisg¢, Prob. = Probability.



Table A1

Analysis 1: 2-class model

LC #1 LC #2
CMEp.5
1 0.855 0.003
2 0.082 0.077
3 0.047 0.188
4 0.015 0.234
5 0.000 0.267
6 0.001 0.134
7 0.000 0.097
CMEp. 8
1 0.231 0.002
2 0.206 0.035
3 0.155 0.076
4 0.127 0.170
5 0.138 0.242
6 0.088 0.209
7 0.055 0.266
PCS Ep.5
1 0.317 0.000
2 0.132 0.001
3 0.260 0.028
4 0.282 0.110
5 0.010 0.260
6 0.000 0.492
7 0.000 0.109
PCS Ep. 8
1 0.142 0.002
2 0.079 0.009
3 0.172 0.040
4 0.212 0.143
5 0.173 0.234
6 0.208 0.483
7 0.014 0.089
Avoid Ep. §
None 0.118 0.746
Some 0.882 0.254
Avoid Ep. §
None 0.375 0.828
Some 0.625 0.172
Resist Ep. b
None 0.906 0.609
Some 0.094 0.391
Resist Ep. 8
None 0.642 0.450
Some 0.358 0.550
Latent Class
Probability | 0.509 0.491

Note.For an explanation of abbreviations, please seéfpendix introduction.
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Table A2

Analysis 1: 3-class model

LC #1 LC #2 LC #3
CMEp.5
1 0.876 0.002 0.773
2 0.073 0.065 0.109
3 0.040 0.176 0.082
4 0.010 0.234 0.036
5 0.000 0.280 0.000
6 0.001 0.141 0.000
7 0.000 0.102 0.000
CMEp. 8
1 0.487 0.002 0.000
2 0.333 0.031 0.094
3 0.100 0.072 0.201
4 0.012 0.167 0.231
5 0.025 0.243 0.237
6 0.021 0.207 0.157
7 0.022 0.278 0.080
PCS Ep.5
1 0.365 0.000 0.252
2 0.149 0.000 0.107
3 0.229 0.025 0.272
4 0.240 0.084 0.344
5 0.011 0.262 0.025
6 0.006 0.513 0.000
7 0.000 0.115 0.000
PCS Ep. 8
1 0.303 0.000 0.000
2 0.167 0.009 0.000
3 0.319 0.041 0.037
4 0.212 0.139 0.213
5 0.000 0.230 0.328
6 0.000 0.488 0.395
7 0.000 0.092 0.028
Avoid Ep. §
None 0.103 0.768 0.143
Some 0.897 0.232 0.857
Avoid Ep. §
None 0.092 0.834 0.636
Some 0.908 0.166 0.364
Resist Ep. b
None 0.922 0.602 0.880
Some 0.078 0.398 0.120
Resist Ep. 8
None 0.720 0.447 0.568
Some 0.280 0.553 0.432
Latent Class
Probability | 0.241 0.469 0.290

Note.For an explanation of abbreviations, please seéfpendix introduction.
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Table A3

Analysis 1: 4-class model

LC #1 LC #2 LC #3 LC #4
CMEp.5
1 0.894 0.000 0.914 0.003
2 0.067 0.163 0.074 0.021
3 0.026 0.378 0.012 0.052
4 0.011 0.250 0.000 0.215
5 0.000 0.167 0.000 0.329
6 0.000 0.037 0.000 0.210
7 0.001 0.005 0.000 0.170
CMEp. 8
1 0.492 0.007 0.000 0.000
2 0.323 0.085 0.100 0.000
3 0.102 0.167 0.196 0.012
4 0.012 0.243 0.227 0.111
5 0.022 0.292 0.237 0.199
6 0.022 0.164 0.152 0.238
7 0.027 0.044 0.088 0.441
PCS Ep.5
1 0.372 0.000 0.298 0.000
2 0.153 0.017 0.110 0.000
3 0.236 0.044 0.300 0.022
4 0.235 0.245 0.289 0.040
5 0.003 0.342 0.004 0.173
6 0.000 0.329 0.000 0.589
7 0.000 0.023 0.000 0.176
PCS Ep. 8
1 0.303 0.004 0.000 0.000
2 0.165 0.022 0.000 0.000
3 0.323 0.080 0.025 0.016
4 0.209 0.210 0.195 0.107
5 0.000 0.291 0.333 0.184
6 0.000 0.340 0.417 0.580
7 0.000 0.053 0.029 0.113
Avoid Ep. §
None 0.092 0.516 0.133 0.899
Some 0.908 0.484 0.867 0.101
Avoid Ep. §
None 0.089 0.670 0.653 0.925
Some 0.911 0.330 0.347 0.075
Resist Ep. b
None 0.922 0.761 0.896 0.497
Some 0.078 0.239 0.104 0.503
Resist Ep. 8
None 0.716 0.607 0.567 0.331
Some 0.284 0.393 0.433 0.669
Latent Class
Probability | 0.238 0.245 0.244 0.274

Note.For an explanation of abbreviations, please seéfpendix introduction.
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Table A4

Analysis 1: 5-class model

LC #1 LC #2 LC #3 LC #4 LC #5
CMEp.5
1 0.908 0.000 0.904 0.006 0.000
2 0.064 0.097 0.084 0.022 0.156
3 0.023 0.266 0.013 0.040 0.368
4 0.005 0.246 0.000 0.213 0.250
5 0.000 0.275 0.000 0.299 0.168
6 0.000 0.095 0.000 0.210 0.051
7 0.000 0.021 0.000 0.210 0.007
CMEp. 8
1 0.493 0.000 0.000 0.000 0.018
2 0.325 0.013 0.099 0.000 0.124
3 0.103 0.084 0.196 0.010 0.183
4 0.012 0.197 0.226 0.104 0.238
5 0.022 0.315 0.237 0.178 0.250
6 0.023 0.234 0.155 0.213 0.150
7 0.023 0.157 0.087 0.494 0.037
PCS Ep.5
1 0.378 0.000 0.295 0.000 0.000
2 0.154 0.002 0.109 0.000 0.024
3 0.236 0.006 0.293 0.034 0.068
4 0.232 0.076 0.299 0.053 0.297
5 0.000 0.239 0.004 0.183 0.363
6 0.000 0.569 0.000 0.572 0.222
7 0.000 0.107 0.000 0.159 0.027
PCS Ep. 8
1 0.304 0.000 0.000 0.000 0.011
2 0.167 0.000 0.000 0.000 0.035
3 0.323 0.004 0.025 0.026 0.122
4 0.206 0.008 0.191 0.144 0.331
5 0.000 0.216 0.332 0.193 0.303
6 0.000 0.646 0.421 0.522 0.197
7 0.000 0.126 0.031 0.115 0.000
Avoid Ep. §
None 0.093 0.873 0.132 0.882 0.343
Some 0.907 0.127 0.868 0.118 0.657
Avoid Ep. §
None 0.090 1.000 0.660 0.899 0.461
Some 0.910 0.000 0.340 0.101 0.539
Resist Ep. b
None 0.926 0.998 0.895 0.292 0.680
Some 0.074 0.002 0.105 0.708 0.320
Resist Ep. 8
None 0.720 0.828 0.567 0.135 0.520
Some 0.280 0.172 0.433 0.865 0.480
Latent Class
Probability | 0.234 0.156 0.247 0.207 0.156

Note.For an explanation of abbreviations, please seéfpendix introduction.
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Table A5

Analysis 1: 6-class model

LC #1 LC #2 LC #3 LC #4 LC #5 LC #6
CMEp.5
1 0.907 0.000 0.893 0.000 0.000 0.019
2 0.066 0.113 0.094 0.000 0.110 0.079
3 0.023 0.294 0.013 0.000 0.400 0.086
4 0.005 0.291 0.000 0.082 0.240 0.308
5 0.000 0.244 0.000 0.375 0.177 0.227
6 0.000 0.058 0.000 0.318 0.065 0.101
7 0.000 0.000 0.000 0.224 0.008 0.181
CMEp. 8
1 0.492 0.000 0.000 0.000 0.022 0.000
2 0.326 0.017 0.097 0.000 0.116 0.032
3 0.103 0.095 0.199 0.000 0.188 0.031
4 0.012 0.237 0.225 0.000 0.226 0.200
5 0.022 0.336 0.238 0.102 0.253 0.236
6 0.023 0.211 0.155 0.301 0.163 0.126
7 0.024 0.103 0.085 0.597 0.032 0.374
PCS Ep.5
1 0.378 0.000 0.292 0.000 0.000 0.000
2 0.154 0.003 0.109 0.000 0.026 0.000
3 0.237 0.013 0.288 0.002 0.068 0.070
4 0.232 0.098 0.307 0.007 0.285 0.123
5 0.000 0.279 0.004 0.025 0.356 0.341
6 0.000 0.533 0.000 0.688 0.231 0.418
7 0.000 0.074 0.000 0.277 0.033 0.048
PCS Ep. 8
1 0.303 0.000 0.000 0.000 0.014 0.000
2 0.167 0.000 0.000 0.000 0.041 0.000
3 0.323 0.008 0.026 0.000 0.125 0.064
4 0.207 0.028 0.187 0.053 0.364 0.226
5 0.000 0.238 0.333 0.094 0.294 0.298
6 0.000 0.607 0.424 0.712 0.161 0.339
7 0.000 0.119 0.030 0.141 0.000 0.073
Avoid Ep. §
None 0.095 0.853 0.127 0.905 0.301 0.822
Some 0.905 0.147 0.873 0.095 0.699 0.178
Avoid Ep. §
None 0.091 1.000 0.658 0.887 0.367 0.915
Some 0.909 0.000 0.342 0.113 0.633 0.085
Resist Ep. b
None 0.926 0.980 0.897 0.494 0.725 0.133
Some 0.074 0.020 0.103 0.506 0.275 0.867
Resist Ep. 8
None 0.720 0.783 0.568 0.343 0.575 0.000
Some 0.280 0.217 0.432 0.657 0.425 1.000
Latent Class
Probability | 0.235 0.157 0.248 0.117 0.128 0.115

Note.For an explanation of abbreviations, please seéfpendix introduction.
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Table A6

Analysis 1: 7-class model

LC #1 LC #2 LC #3 LC #4 LC #5 LC #6 LC #7
CMEp.5
1 0.905 0.000 0.899 0.000 0.000 0.040 0.000
2 0.067 0.113 0.085 0.000 0.113 0.111 0.152
3 0.023 0.289 0.015 0.037 0.424 0.052 0.290
4 0.005 0.286 0.000 0.164 0.305 0.242 0.000
5 0.000 0.246 0.000 0.328 0.120 0.246 0.412
6 0.000 0.066 0.000 0.276 0.038 0.101 0.115
7 0.000 0.000 0.000 0.195 0.000 0.208 0.031
CMEp. 8
1 0.491 0.000 0.000 0.000 0.016 0.000 0.037
2 0.326 0.018 0.097 0.000 0.073 0.056 0.219
3 0.103 0.098 0.200 0.006 0.185 0.027 0.196
4 0.012 0.229 0.227 0.070 0.252 0.158 0.136
5 0.022 0.331 0.238 0.142 0.266 0.210 0.265
6 0.023 0.222 0.153 0.272 0.175 0.118 0.088
7 0.024 0.101 0.085 0.510 0.033 0.430 0.060
PCS Ep.5
1 0.377 0.000 0.296 0.000 0.000 0.000 0.000
2 0.154 0.005 0.110 0.000 0.031 0.000 0.000
3 0.237 0.016 0.287 0.000 0.065 0.118 0.000
4 0.232 0.112 0.303 0.000 0.335 0.126 0.181
5 0.000 0.279 0.004 0.049 0.417 0.375 0.161
6 0.000 0.528 0.000 0.673 0.152 0.380 0.504
7 0.000 0.061 0.000 0.277 0.000 0.000 0.155
PCS Ep. 8
1 0.303 0.000 0.000 0.000 0.008 0.000 0.032
2 0.167 0.000 0.000 0.000 0.041 0.000 0.031
3 0.323 0.013 0.025 0.000 0.079 0.089 0.232
4 0.207 0.047 0.186 0.028 0.307 0.322 0.413
5 0.000 0.243 0.337 0.105 0.280 0.344 0.292
6 0.000 0.587 0.421 0.682 0.285 0.245 0.000
7 0.000 0.110 0.031 0.185 0.000 0.000 0.000
Avoid Ep. §
None 0.096 0.849 0.123 0.882 0.202 0.925 0.464
Some 0.904 0.151 0.877 0.118 0.798 0.075 0.536
Avoid Ep. §
None 0.092 1.000 0.655 0.905 0.467 0.922 0.000
Some 0.908 0.000 0.345 0.095 0.533 0.078 1.000
Resist Ep. b
None 0.926 0.999 0.908 0.432 0.576 0.195 1.000
Some 0.074 0.001 0.092 0.568 0.424 0.805 0.000
Resist Ep. 8
None 0.719 0.838 0.577 0.275 0.368 0.039 1.000
Some 0.281 0.162 0.423 0.725 0.632 0.961 0.000
Latent Class
Probability | 0.236 0.151 0.245 0.146 0.106 0.090 2.0

Note.For an explanation of abbreviations, please seéfpendix introduction.
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Table A7

Analysis 1: 8-class model

LC #1 LC #2 LC #3 LC #4 LC #5 LC #6 LC #7 LC #8
CMEp.5
1 0.908 0.000 0.889 0.000 0.013 0.074 0.000 0.016
2 0.065 0.110 0.095 0.003 0.081 0.156 0.183 0.027
3 0.022 0.281 0.017 0.000 0.437 0.000 0.322 0.136
4 0.005 0.297 0.000 0.063 0.316 0.156 0.000 0.467
5 0.000 0.250 0.000 0.353 0.103 0.192 0.395 0.272
6 0.000 0.062 0.000 0.324 0.040 0.144 0.101 0.047
7 0.000 0.000 0.000 0.257 0.009 0.279 0.000 0.037
CMEp. 8
1 0.491 0.000 0.000 0.000 0.017 0.000 0.044 0.000
2 0.326 0.018 0.095 0.000 0.070 0.111 0.232 0.000
3 0.103 0.092 0.202 0.007 0.175 0.036 0.222 0.019
4 0.012 0.235 0.227 0.000 0.246 0.176 0.131 0.246
5 0.022 0.332 0.237 0.082 0.268 0.078 0.270 0.397
6 0.023 0.213 0.154 0.267 0.189 0.134 0.046 0.178
7 0.024 0.110 0.084 0.643 0.035 0.465 0.055 0.161
PCS Ep.5
1 0.378 0.000 0.296 0.000 0.000 0.000 0.000 0.000
2 0.154 0.004 0.110 0.000 0.033 0.000 0.000 0.000
3 0.238 0.017 0.283 0.000 0.070 0.227 0.000 0.000
4 0.229 0.102 0.311 0.010 0.306 0.167 0.264 0.060
5 0.000 0.281 0.000 0.046 0.426 0.380 0.163 0.274
6 0.000 0.523 0.000 0.681 0.165 0.225 0.435 0.566
7 0.000 0.073 0.000 0.263 0.000 0.000 0.138 0.100
PCS Ep. 8
1 0.303 0.000 0.000 0.000 0.009 0.000 0.029 0.000
2 0.168 0.000 0.000 0.000 0.054 0.000 0.000 0.000
3 0.322 0.012 0.026 0.000 0.079 0.159 0.235 0.007
4 0.207 0.040 0.181 0.050 0.323 0.558 0.457 0.000
5 0.000 0.243 0.337 0.103 0.282 0.255 0.279 0.346
6 0.000 0.591 0.425 0.713 0.252 0.028 0.000 0.498
7 0.000 0.113 0.031 0.134 0.000 0.000 0.000 0.149
Avoid Ep. §
None 0.095 0.857 0.119 0.902 0.180 0.934 0.480 10.78
Some 0.905 0.143 0.881 0.098 0.820 0.066 0.520 90.21
Avoid Ep. §
None 0.092 1.000 0.659 0.890 0.404 0.893 0.094 50.94
Some 0.908 0.000 0.341 0.110 0.596 0.107 0.906 50.05
Resist Ep. b
None 0.926 0.980 0.906 0.472 0.611 0.174 1.000 00.00
Some 0.074 0.020 0.094 0.528 0.389 0.826 0.000 01.00
Resist Ep. 8
None 0.718 0.767 0.578 0.310 0.376 0.062 1.000 00.00
Some 0.282 0.233 0.422 0.690 0.624 0.938 0.000 01.00
Latent Class
Probability | 0.235 0.170 0.245 0.121 0.096 0.049 29.0 0.054

Note.For an explanation of abbreviations, please seéfpendix introduction.
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Table A8

Analysis 1: 9-class model

119

LC #1 LC #2 LC #3 LC #4 LC #5 LC #6 LC #7 LC #8 15O
CMEp.5
1 0.910 0.000 0.876 0.000 0.000 0.077 0.000 0.014 .8310
2 0.061 0.111 0.110 0.000 0.033 0.170 0.177 0.041 .0810
3 0.012 0.279 0.014 0.000 0.492 0.000 0.285 0.126 .0880
4 0.017 0.296 0.000 0.064 0.307 0.157 0.000 0.450 .0000
5 0.000 0.252 0.000 0.350 0.112 0.184 0.425 0.280 .0000
6 0.000 0.062 0.000 0.325 0.046 0.141 0.113 0.053 .0000
7 0.000 0.000 0.000 0.261 0.010 0.270 0.000 0.035 .0000
CMEp. 8
1 0.518 0.000 0.000 0.000 0.000 0.000 0.043 0.000 .3010
2 0.299 0.018 0.077 0.000 0.073 0.117 0.229 0.000 .4080
3 0.117 0.091 0.203 0.007 0.189 0.038 0.205 0.021 .0870
4 0.000 0.233 0.232 0.000 0.274 0.176 0.130 0.224 .0680
5 0.019 0.333 0.248 0.081 0.263 0.080 0.282 0.389 .0520
6 0.009 0.211 0.156 0.265 0.202 0.129 0.050 0.185 .0840
7 0.039 0.114 0.085 0.647 0.000 0.461 0.062 0.181 .0000
PCS Ep.5
1 0.378 0.000 0.291 0.000 0.000 0.000 0.000 0.000 .3280
2 0.166 0.004 0.114 0.000 0.037 0.000 0.000 0.000 .0820
3 0.223 0.017 0.273 0.000 0.063 0.230 0.000 0.000 .3050
4 0.228 0.104 0.318 0.010 0.265 0.172 0.204 0.090 .2850
5 0.005 0.281 0.004 0.042 0.451 0.379 0.152 0.267 .0000
6 0.000 0.523 0.000 0.680 0.184 0.219 0.480 0.550 .0000
7 0.000 0.072 0.000 0.267 0.000 0.000 0.164 0.093 .0000
PCS Ep. 8
1 0.311 0.000 0.000 0.000 0.000 0.000 0.034 0.000 .2070
2 0.167 0.000 0.000 0.000 0.059 0.000 0.000 0.000 .1220
3 0.338 0.013 0.020 0.000 0.064 0.159 0.250 0.007 .2450
4 0.184 0.039 0.154 0.051 0.356 0.550 0.432 0.000 .3840
5 0.000 0.242 0.341 0.104 0.312 0.258 0.284 0.326 .0420
6 0.000 0.593 0.454 0.713 0.208 0.033 0.000 0.524 .0000
7 0.000 0.113 0.032 0.132 0.000 0.000 0.000 0.143 .0000
Avoid Ep. §
None 0.000 0.853 0.090 0.913 0.190 0.920 0.495  40.73 0.493
Some 1.000 0.147 0.910 0.087 0.810 0.080 0.505 60.26 0.507
Avoid Ep. §
None 0.000 1.000 0.650 0.896 0.406 0.885 0.000 00.90 0.522
Some 1.000 0.000 0.350 0.104 0.594 0.115 1.000 00.100.478
Resist Ep. b
None 0.903 0.981 0.898 0.478 0.642 0.175 1.000 00.00 1.000
Some 0.097 0.019 0.102 0.522 0.358 0.825 0.000 01.000.000
Resist Ep. 8
None 0.686 0.766 0.555 0.314 0.419 0.066 1.000 00.00 0.840
Some 0.314 0.234 0.445 0.686 0.581 0.934 0.000 01.000.160
Latent Class
Probability | 0.189 0.171 0.235 0.119 0.086 0.051 2B.0 0.059 0.064

Note.For an explanation of abbreviations, please seéfpendix introduction.



Table A9

Analysis 2: 2-class model

LC #1 LC #2
CMEp.5
1 0.857 0.004
2 0.082 0.079
3 0.045 0.184
4 0.015 0.232
5 0.000 0.267
6 0.001 0.136
7 0.000 0.097
CMEp. 8
1 0.252 0.002
2 0.217 0.030
3 0.166 0.078
4 0.125 0.173
5 0.131 0.243
6 0.076 0.207
7 0.034 0.267
PCS Ep.5
1 0.310 0.000
2 0.131 0.000
3 0.258 0.027
4 0.290 0.112
5 0.011 0.261
6 0.000 0.491
7 0.000 0.109
PCS Ep. 8
1 0.153 0.000
2 0.082 0.007
3 0.179 0.038
4 0.217 0.141
5 0.161 0.239
6 0.201 0.482
7 0.008 0.091
Avoid Ep. §
None 0.121 0.746
Some 0.879 0.254
Avoid Ep. §
None 0.352 0.837
Some 0.648 0.163
Resist Ep. b
None 0.910 0.610
Some 0.090 0.390
Resist Ep. 8
None 0.695 0.453
Some 0.305 0.547
Latent Class
Probability | 0.488 0.512

Note.For an explanation of abbreviations, please seéfpendix introduction.
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Table A10

Analysis 2: 3-class model

LC #1 LC #2 LC #3
CMEp.5
1 0.887 0.002 0.739
2 0.068 0.067 0.115
3 0.035 0.168 0.099
4 0.009 0.231 0.047
5 0.000 0.284 0.000
6 0.002 0.145 0.000
7 0.000 0.103 0.000
CMEp. 8
1 0.497 0.002 0.000
2 0.328 0.028 0.099
3 0.102 0.072 0.225
4 0.012 0.167 0.245
5 0.027 0.246 0.234
6 0.018 0.204 0.148
7 0.016 0.282 0.049
PCS Ep.5
1 0.365 0.000 0.226
2 0.155 0.000 0.096
3 0.228 0.023 0.267
4 0.246 0.081 0.365
5 0.007 0.258 0.047
6 0.000 0.522 0.000
7 0.000 0.116 0.000
PCS Ep. 8
1 0.302 0.000 0.000
2 0.161 0.008 0.000
3 0.323 0.041 0.028
4 0.214 0.135 0.222
5 0.000 0.233 0.328
6 0.000 0.489 0.404
7 0.000 0.095 0.018
Avoid Ep. §
None 0.096 0.778 0.157
Some 0.904 0.222 0.843
Avoid Ep. §
None 0.091 0.844 0.630
Some 0.909 0.156 0.370
Resist Ep. b
None 0.918 0.600 0.888
Some 0.082 0.400 0.112
Resist Ep. 8
None 0.734 0.449 0.640
Some 0.266 0.551 0.360
Latent Class
Probability | 0.247 0.482 0.270

Note.For an explanation of abbreviations, please seéfpendix introduction.
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Table A11

Analysis 2: 4-class model

LC #1 LC #2 LC #3 LC #4
CMEp.5
1 0.893 0.005 0.873 0.000
2 0.068 0.021 0.081 0.152
3 0.028 0.033 0.021 0.372
4 0.010 0.216 0.024 0.234
5 0.000 0.323 0.000 0.195
6 0.000 0.220 0.000 0.043
7 0.000 0.181 0.000 0.004
CMEp. 8
1 0.498 0.000 0.000 0.005
2 0.329 0.000 0.096 0.072
3 0.102 0.009 0.225 0.162
4 0.011 0.108 0.248 0.238
5 0.024 0.186 0.232 0.310
6 0.019 0.231 0.145 0.168
7 0.018 0.466 0.054 0.045
PCS Ep.5
1 0.368 0.000 0.267 0.000
2 0.156 0.000 0.107 0.005
3 0.231 0.038 0.311 0.007
4 0.241 0.037 0.310 0.227
5 0.005 0.165 0.004 0.359
6 0.000 0.582 0.000 0.370
7 0.000 0.177 0.000 0.032
PCS Ep. 8
1 0.304 0.000 0.000 0.000
2 0.159 0.000 0.000 0.017
3 0.326 0.029 0.014 0.063
4 0.211 0.117 0.211 0.181
5 0.000 0.179 0.326 0.305
6 0.000 0.563 0.433 0.370
7 0.000 0.112 0.017 0.064
Avoid Ep. §
None 0.095 0.894 0.142 0.564
Some 0.905 0.106 0.858 0.436
Avoid Ep. §
None 0.091 0.921 0.637 0.720
Some 0.909 0.079 0.363 0.280
Resist Ep. b
None 0.920 0.455 0.896 0.792
Some 0.080 0.545 0.104 0.208
Resist Ep. 8
None 0.734 0.300 0.647 0.629
Some 0.266 0.700 0.353 0.371
Latent Class
Probability | 0.246 0.269 0.228 0.257

Note.For an explanation of abbreviations, please seéfpendix introduction.
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Table A12

Analysis 2: 5-class model

LC #1 LC #2 LC #3 LC #4 LC #5
CMEp.5
1 0.906 0.008 0.856 0.000 0.000
2 0.065 0.024 0.089 0.160 0.096
3 0.024 0.037 0.026 0.374 0.264
4 0.005 0.224 0.029 0.208 0.240
5 0.000 0.291 0.000 0.192 0.278
6 0.000 0.210 0.000 0.058 0.097
7 0.000 0.205 0.000 0.007 0.024
CMEp. 8
1 0.497 0.000 0.000 0.021 0.000
2 0.329 0.000 0.095 0.123 0.013
3 0.103 0.011 0.224 0.198 0.082
4 0.012 0.110 0.248 0.234 0.195
5 0.023 0.182 0.231 0.262 0.315
6 0.019 0.205 0.150 0.138 0.236
7 0.018 0.493 0.053 0.024 0.159
PCS Ep.5
1 0.373 0.000 0.262 0.000 0.000
2 0.157 0.000 0.108 0.000 0.004
3 0.234 0.049 0.308 0.000 0.005
4 0.236 0.051 0.317 0.318 0.072
5 0.000 0.184 0.005 0.413 0.238
6 0.000 0.564 0.000 0.237 0.570
7 0.000 0.152 0.000 0.031 0.111
PCS Ep. 8
1 0.304 0.000 0.000 0.007 0.000
2 0.161 0.000 0.000 0.032 0.000
3 0.327 0.036 0.014 0.112 0.004
4 0.208 0.151 0.205 0.324 0.011
5 0.000 0.193 0.324 0.338 0.217
6 0.000 0.507 0.437 0.186 0.640
7 0.000 0.113 0.019 0.000 0.128
Avoid Ep. §
None 0.095 0.874 0.143 0.337 0.879
Some 0.905 0.126 0.857 0.663 0.121
Avoid Ep. §
None 0.090 0.898 0.645 0.470 1.000
Some 0.910 0.102 0.355 0.530 0.000
Resist Ep. b
None 0.924 0.277 0.897 0.696 0.993
Some 0.076 0.723 0.103 0.304 0.007
Resist Ep. 8
None 0.734 0.134 0.651 0.529 0.818
Some 0.266 0.866 0.349 0.471 0.182
Latent Class
Probability | 0.243 0.218 0.232 0.140 0.168

Note.For an explanation of abbreviations, please seéfpendix introduction.
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Table A13

Analysis 2: 6-class model

LC #1 LC #2 LC #3 LC #4 LC #5 LC #6
CMEp.5
1 0.905 0.000 0.855 0.000 0.000 0.021
2 0.066 0.000 0.099 0.106 0.112 0.084
3 0.023 0.000 0.026 0.409 0.289 0.086
4 0.006 0.064 0.020 0.204 0.293 0.323
5 0.000 0.382 0.000 0.203 0.243 0.218
6 0.000 0.319 0.000 0.070 0.063 0.106
7 0.000 0.235 0.000 0.008 0.000 0.163
CMEp. 8
1 0.495 0.000 0.000 0.027 0.000 0.000
2 0.329 0.000 0.093 0.111 0.018 0.034
3 0.103 0.000 0.227 0.209 0.094 0.034
4 0.012 0.000 0.246 0.221 0.237 0.203
5 0.023 0.102 0.234 0.271 0.333 0.240
6 0.019 0.280 0.150 0.144 0.216 0.140
7 0.018 0.618 0.051 0.018 0.102 0.349
PCS Ep.5
1 0.372 0.000 0.263 0.000 0.000 0.000
2 0.157 0.000 0.105 0.007 0.004 0.000
3 0.234 0.000 0.300 0.000 0.015 0.088
4 0.236 0.000 0.327 0.295 0.100 0.128
5 0.000 0.028 0.005 0.406 0.280 0.335
6 0.000 0.697 0.000 0.252 0.527 0.402
7 0.000 0.275 0.000 0.040 0.074 0.047
PCS Ep. 8
1 0.303 0.000 0.000 0.008 0.000 0.000
2 0.160 0.000 0.000 0.041 0.000 0.000
3 0.327 0.000 0.014 0.116 0.010 0.075
4 0.210 0.049 0.199 0.355 0.038 0.236
5 0.000 0.098 0.327 0.332 0.237 0.294
6 0.000 0.709 0.441 0.147 0.597 0.324
7 0.000 0.144 0.019 0.000 0.118 0.071
Avoid Ep. §
None 0.096 0.904 0.137 0.271 0.858 0.813
Some 0.904 0.096 0.863 0.729 0.142 0.187
Avoid Ep. §
None 0.091 0.891 0.645 0.347 1.000 0.912
Some 0.909 0.109 0.355 0.653 0.000 0.088
Resist Ep. b
None 0.923 0.485 0.900 0.755 0.983 0.126
Some 0.077 0.515 0.100 0.245 0.017 0.874
Resist Ep. 8
None 0.734 0.335 0.651 0.589 0.780 0.031
Some 0.266 0.665 0.349 0.411 0.220 0.969
Latent Class
Probability | 0.244 0.121 0.230 0.111 0.169 0.126

Note.For an explanation of abbreviations, please seéfpendix introduction.
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Table A14

Analysis 2: 7-class model

LC #1 LC #2 LC #3 LC #4 LC #5 LC #6 LC #7
CMEp.5
1 0.907 0.000 0.847 0.000 0.000 0.058 0.014
2 0.065 0.003 0.102 0.101 0.108 0.151 0.036
3 0.023 0.000 0.027 0.430 0.284 0.000 0.136
4 0.005 0.048 0.025 0.188 0.296 0.207 0.464
5 0.000 0.352 0.000 0.199 0.254 0.174 0.278
6 0.000 0.335 0.000 0.074 0.059 0.148 0.037
7 0.000 0.261 0.000 0.009 0.000 0.263 0.033
CMEp. 8
1 0.495 0.000 0.000 0.029 0.000 0.000 0.000
2 0.330 0.000 0.091 0.108 0.016 0.102 0.000
3 0.103 0.007 0.227 0.210 0.090 0.035 0.029
4 0.012 0.000 0.249 0.215 0.232 0.178 0.242
5 0.024 0.079 0.235 0.274 0.340 0.082 0.387
6 0.019 0.245 0.149 0.146 0.214 0.140 0.195
7 0.017 0.669 0.049 0.018 0.108 0.462 0.146
PCS Ep.5
1 0.373 0.000 0.262 0.000 0.000 0.000 0.000
2 0.157 0.000 0.108 0.000 0.005 0.000 0.000
3 0.234 0.000 0.293 0.000 0.015 0.230 0.000
4 0.236 0.000 0.331 0.301 0.095 0.169 0.100
5 0.000 0.050 0.005 0.420 0.275 0.377 0.268
6 0.000 0.686 0.000 0.238 0.535 0.225 0.544
7 0.000 0.263 0.000 0.041 0.076 0.000 0.088
PCS Ep. 8
1 0.303 0.000 0.000 0.009 0.000 0.000 0.000
2 0.161 0.000 0.000 0.027 0.000 0.000 0.023
3 0.326 0.000 0.014 0.121 0.009 0.174 0.001
4 0.210 0.055 0.195 0.372 0.029 0.544 0.000
5 0.000 0.109 0.326 0.335 0.234 0.258 0.322
6 0.000 0.699 0.446 0.135 0.609 0.023 0.520
7 0.000 0.136 0.019 0.000 0.118 0.000 0.134
Avoid Ep. §
None 0.096 0.913 0.131 0.278 0.863 0.901 0.689
Some 0.904 0.087 0.869 0.722 0.137 0.099 0.311
Avoid Ep. §
None 0.091 0.903 0.642 0.370 1.000 0.883 0.855
Some 0.909 0.097 0.358 0.630 0.000 0.117 0.145
Resist Ep. b
None 0.924 0.467 0.902 0.784 0.979 0.190 0.000
Some 0.076 0.533 0.098 0.216 0.021 0.810 1.000
Resist Ep. 8
None 0.735 0.315 0.654 0.609 0.754 0.075 0.000
Some 0.265 0.685 0.346 0.391 0.246 0.925 1.000
Latent Class
Probability | 0.244 0.124 0.230 0.108 0.174 0.055 68.0

Note.For an explanation of abbreviations, please seéfpendix introduction.
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Table A15

Analysis 2: 8-class model

LC #1 LC #2 LC #3 LC #4 LC #5 LC #6 LC #7 LC #8
CMEp.5
1 0.908 0.000 0.846 0.000 0.000 0.065 0.015 0.862
2 0.066 0.003 0.103 0.109 0.106 0.135 0.038 0.089
3 0.026 0.000 0.051 0.409 0.276 0.000 0.134 0.000
4 0.000 0.043 0.000 0.209 0.303 0.203 0.450 0.048
5 0.000 0.354 0.000 0.195 0.255 0.176 0.281 0.000
6 0.000 0.335 0.000 0.071 0.060 0.150 0.048 0.000
7 0.000 0.265 0.000 0.008 0.000 0.272 0.035 0.000
CMEp. 8
1 0.558 0.000 0.000 0.026 0.000 0.000 0.000 0.000
2 0.361 0.000 0.102 0.106 0.016 0.091 0.000 0.076
3 0.057 0.007 0.161 0.206 0.091 0.038 0.025 0.391
4 0.000 0.000 0.290 0.225 0.231 0.182 0.221 0.143
5 0.010 0.078 0.231 0.274 0.337 0.082 0.390 0.210
6 0.012 0.247 0.167 0.144 0.212 0.145 0.195 0.106
7 0.002 0.667 0.049 0.018 0.113 0.462 0.168 0.074
PCS Ep.5
1 0.367 0.000 0.260 0.000 0.000 0.000 0.000 0.310
2 0.163 0.000 0.074 0.000 0.004 0.000 0.000 0.165
3 0.219 0.000 0.247 0.000 0.019 0.239 0.000 0.374
4 0.251 0.000 0.419 0.306 0.090 0.159 0.091 0.141
5 0.000 0.046 0.000 0.408 0.277 0.378 0.278 0.010
6 0.000 0.688 0.000 0.247 0.534 0.224 0.539 0.000
7 0.000 0.266 0.000 0.040 0.076 0.000 0.092 0.000
PCS Ep. 8
1 0.308 0.000 0.000 0.008 0.000 0.000 0.000 0.071
2 0.164 0.000 0.000 0.040 0.000 0.000 0.000 0.036
3 0.335 0.000 0.020 0.118 0.009 0.173 0.000 0.075
4 0.193 0.056 0.168 0.358 0.032 0.563 0.000 0.276
5 0.000 0.106 0.274 0.331 0.235 0.263 0.327 0.316
6 0.000 0.703 0.513 0.144 0.608 0.002 0.531 0.220
7 0.000 0.135 0.026 0.000 0.116 0.000 0.141 0.007
Avoid Ep. §
None 0.093 0.912 0.182 0.273 0.865 0.912 0.718 60.04
Some 0.907 0.088 0.818 0.727 0.135 0.088 0.282  40.95
Avoid Ep. §
None 0.098 0.899 0.952 0.359 1.000 0.893 0.893 00.00
Some 0.902 0.101 0.048 0.641 0.000 0.107 0.107 01.00
Resist Ep. b
None 0.923 0.469 0.909 0.759 0.979 0.182 0.000 20.90
Some 0.077 0.531 0.091 0.241 0.021 0.818 1.000 80.09
Resist Ep. 8
None 0.754 0.317 0.697 0.584 0.752 0.077 0.000  90.56
Some 0.246 0.683 0.303 0.416 0.248 0.923 1.000 10.43
Latent Class
Probability | 0.216 0.122 0.157 0.112 0.176 0.053 60.0 0.101

Note.For an explanation of abbreviations, please seéfpendix introduction.
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Table A16

Analysis 2: 9-class model
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LC #1 LC #2 LC #3 LC #4 LC #5 LC #6 LC #7 LC #8 15O
CMEp.5
1 0.910 0.000 0.847 0.000 0.000 0.099 0.012 0.873 .8670
2 0.068 0.000 0.107 0.106 0.107 0.173 0.042 0.084 .0650
3 0.016 0.000 0.045 0.405 0.276 0.000 0.119 0.010 .0680
4 0.006 0.045 0.000 0.208 0.300 0.240 0.395 0.032 .0000
5 0.000 0.364 0.000 0.203 0.255 0.000 0.323 0.000 .0000
6 0.000 0.331 0.000 0.070 0.062 0.166 0.056 0.000 .0000
7 0.000 0.259 0.000 0.009 0.000 0.323 0.053 0.000 .0000
CMEp. 8
1 0.565 0.000 0.000 0.027 0.000 0.000 0.000 0.000 .3230
2 0.323 0.000 0.080 0.102 0.017 0.099 0.017 0.077 .4500
3 0.082 0.000 0.157 0.203 0.091 0.039 0.043 0.365 .0890
4 0.000 0.000 0.322 0.230 0.230 0.147 0.227 0.156 .0000
5 0.009 0.076 0.237 0.277 0.336 0.073 0.345 0.220 .0660
6 0.000 0.253 0.154 0.145 0.210 0.151 0.174 0.148 .0650
7 0.022 0.672 0.050 0.017 0.115 0.492 0.194 0.035 .0070
PCS Ep.5
1 0.369 0.000 0.256 0.000 0.000 0.000 0.000 0.279 .3970
2 0.177 0.000 0.078 0.000 0.004 0.000 0.000 0.164 .0790
3 0.214 0.000 0.232 0.000 0.018 0.343 0.000 0.380 .2710
4 0.240 0.000 0.434 0.302 0.091 0.175 0.104 0.167 .2530
5 0.000 0.050 0.000 0.409 0.280 0.352 0.293 0.010 .0000
6 0.000 0.686 0.000 0.249 0.531 0.130 0.528 0.000 .0000
7 0.000 0.264 0.000 0.040 0.076 0.000 0.075 0.000 .0000
PCS Ep. 8
1 0.307 0.000 0.000 0.008 0.000 0.000 0.000 0.069 .2040
2 0.170 0.000 0.000 0.041 0.000 0.000 0.000 0.035 .0840
3 0.358 0.000 0.010 0.119 0.009 0.241 0.000 0.000 .2910
4 0.164 0.069 0.122 0.358 0.032 0.530 0.093 0.271 .4200
5 0.000 0.111 0.293 0.333 0.239 0.229 0.319 0.346 .0000
6 0.000 0.685 0.549 0.141 0.606 0.000 0.472 0.269 .0000
7 0.000 0.135 0.027 0.000 0.115 0.000 0.116 0.009 .0000
Avoid Ep. §
None 0.000 0.912 0.139 0.274 0.865 0.880 0.749  20.05 0.529
Some 1.000 0.088 0.861 0.726 0.135 0.120 0.251 80.940.471
Avoid Ep. §
None 0.000 0.895 1.000 0.353 1.000 0.854 0.908  00.00 0.587
Some 1.000 0.105 0.000 0.647 0.000 0.146 0.092 01.000.413
Resist Ep. b
None 0.904 0.474 0.904 0.763 0.977 0.218 0.000  40.90 1.000
Some 0.096 0.526 0.096 0.237 0.023 0.782 1.000 60.090.000
Resist Ep. 8
None 0.704 0.315 0.676 0.590 0.749 0.091 0.000  70.58 0.937
Some 0.296 0.685 0.324 0.410 0.251 0.909 1.000 30.410.063
Latent Class
Probability | 0.183 0.122 0.138 0.111 0.177 0.041 7.0 0.097 0.053

Note.For an explanation of abbreviations, please seéfpendix introduction.
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Table A17

Analysis 3: 2-class model

MEANS
LC#1 LC#2
CMEp.5
Mean 1.277 4575
CMEp. 8
Mean 3.236 5.390
PCSEp.5
Mean 2.631 5.582
PCS Ep. 8
Mean 3.912 5.440

PROBABILITIES

LC#1 LC#2

Avoid Ep. 5

None 0.129 0.765

Some 0.871 0.235
Avoid Ep. 8

None 0.381 0.843

Some 0.619 0.157
Resist Ep. 5

None 0.899 0.603

Some 0.101 0.397
Resist Ep. 8

None 0.636 0.448

Some 0.364 0.552
Latent Class
Probability 0.532 0.468

Note.For an explanation of abbreviations, please seéfpendix introduction.
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Table A18

Analysis 3: 3-class model

MEANS
LC#1l LC#2 LC#3

CMEp.5
Mean 1.184 4716 1.471

CMEp. 8
Mean 1.835 5.454  4.404

PCSEp.5
Mean 2.393 5.639 3.014

PCSEp. 8
Mean 2.467 5456 5.117

PROBABILITIES

LC#1 LC#2 LC#3

Avoid Ep. 5
None 0.102 0.783 0.184
Some 0.898 0.217 0.816
Avoid Ep. 8
None 0.088 0.847 0.640
Some 0.912 0.153 0.360
Resist Ep. 5
None 0.919 0592 0.869
Some 0.081 0.408 0.131
Resist Ep. 8
None 0.724  0.443 0.560
Some 0.276 0.557 0.440
Latent Class
Probability 0.241 0.438 0.322

Note.For an explanation of abbreviations, please seéfpendix introduction.
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Table A19

Analysis 3: 4-class model

MEANS
LC#1l LC#2 LC#3 LC #4
CMEp.5
Mean 1.142 3,505 1.163 5.659
CMEp. 8
Mean 1.819 4.606 4.527 6.070
PCSEp.5
Mean 2374 5215 2.693 5.814
PCSEp. 8
Mean 2,509 5.203 5.199 5.544

PROBABILITIES

LC#1 LC#2 LC#3 LC #4

Avoid Ep. 5
None 0.099 0.646  0.148 0.827
Some 0.901 0.354 0.852 0.173
Avoid Ep. 8
None 0.094 0.756 0.664 0.868
Some 0.906 0.244 0.336 0.132
Resist Ep. 5
None 0.922 0.722 0.881 0.497
Some 0.078 0.278  0.119 0.503
Resist Ep. 8
None 0.725 0.537 0.556 0.364
Some 0.275 0.463 0.444 0.636
Latent Class
Probability 0.242 0.271  0.258 0.229

Note.For an explanation of abbreviations, please seéfpendix introduction.
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Table A20

Analysis 3: 5-class model

MEANS
LC#1l LC#2 LC#3 LC #4 LC #5

CMEp.5

Mean 1.086 2.736 1.071 6.416 4.523
CMEp. 8

Mean 1.832 4.303 4.528 6.306 5.255
PCSEp.5

Mean 2.308 4911 2.605 5.803 5.544
PCSEp. 8

Mean 2,510 5.099 5.197 5.454 5.380

PROBABILITIES

LC#1 LC#2 LC#3 LC #4 LC #5

Avoid Ep. 5
None 0.087 0.581 0.144 0.833 0.726
Some 0.913 0.419 0.856 0.167 0.274
Avoid Ep. 8
None 0.087 0.732 0.662 0.858 0.806
Some 0.913 0.268 0.338 0.142 0.194
Resist Ep. 5
None 0.923 0.788  0.893 0.418 0.619
Some 0.077 0.212  0.107 0.582 0.381
Resist Ep. 8
None 0.721 0.545 0.556 0.329 0.480
Some 0.279 0.455 0.444 0.671 0.520
Latent Class
Probability 0.234 0.163 0.238 0.114 0.251

Note.For an explanation of abbreviations, please seéfpendix introduction.
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Table A21

Analysis 3: 6-class model

MEANS
LC#1l LC#2 LC#3 LC #4 LC #5 LC #6

CMEp.5

Mean 1.065 2.670 1.035 6.423 5.005 3.998
CMEp. 8

Mean 1.833 4.258 4.535 6.309 5.496 4,971
PCSEp.5

Mean 2.286 4.832 2562 5.801 5.727 5.322
PCSEp. 8

Mean 2,515 5.064 5.190 5.453 5.474 5.255

PROBABILITIES

LC#1 LC#2 LC#3 LC #4 LC #5 LC #6

Avoid Ep. 5
None 0.082 0.553 0.148 0.834 0.749 0.692
Some 0.918 0.447 0.852 0.166 0.251 0.308
Avoid Ep. 8
None 0.085 0.717 0.665 0.859 0.805 0.800
Some 0.915 0.283 0.335 0.141 0.195 0.200
Resist Ep. 5
None 0.922 0.793 0.898 0.416 0.636 0.602
Some 0.078 0.207 0.102 0.584 0.364 0.398
Resist Ep. 8
None 0.719 0.544 0.561 0.327 0.495 0.468
Some 0.281 0.456 0.439 0.673 0.505 0.532
Latent Class
Probability 0.231 0.172  0.229 0.113 0.132 0.123

Note.For an explanation of abbreviations, please seéfpendix introduction.
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Table A22

Analysis 3: 7-class model

MEANS
LC#1l LC#2 LC#3 LC #4 LC #5 LC #6 LC #7

CMEp.5

Mean 1.000 3.000 1.000 6.419 5.000 4.000 2.000
CMEp. 8

Mean 1.845 4279 4551 6.301 5.494 4,972 3.779
PCSEp.5

Mean 2217 4949 2577 5.801 5.724 5.322 4.116
PCSEp. 8

Mean 2,548 5.015 5.175 5.451 5.474 5.255 4.674

PROBABILITIES

LC#1 LC#2 LC#3 LC #4 LC #5 LC #6 LC #7

Avoid Ep. 5
None 0.078 0.565 0.156 0.831 0.750 0.692 0.400
Some 0.922 0435 0.844 0.169 0.250 0.308 0.600
Avoid Ep. 8
None 0.082 0.691 0.676 0.857 0.805 0.800 0.621
Some 0.918 0.309 0.324 0.143 0.195 0.200 0.379
Resist Ep. 5
None 0.933 0.826 0.902 0.419 0.635 0.603 0.737
Some 0.067 0.174  0.098 0.581 0.365 0.397 0.263
Resist Ep. 8
None 0.734 0.529 0.564 0.331 0.494 0.469 0.547
Some 0.266 0.471 0.436 0.669 0.506 0.531 0.453
Latent Class
Probability 0.217 0.116 0.220 0.114 0.131 0.123 80.0

Note.For an explanation of abbreviations, please seéfpendix introduction.



134

Table A23

Analysis 3: 8-class model

MEANS
LC#1l LC#2 LC#3 LC #4 LC #5 LC #6 LC #7 LC #8
CMEp.5
Mean 1.000 3.000 1.000 6.419 5.000 4.000 2.000 02.00
CMEp. 8
Mean 1.834 4279  4.543 6.301 5.494 4,972 4493  42.09
PCSEp.5
Mean 2218 4949 2573 5.801 5.724 5.322 4360 93.53
PCSEp. 8
Mean 2,524 5015 5.180 5.451 5.474 5.255 5.422 02.91

PROBABILITIES

LC#1 LC#2 LC#3 LC #4 LC #5 LC #6 LC #7 LC #8

Avoid Ep. 5
None 0.080 0.565 0.154 0.831 0.750 0.692 0.468 00.24
Some 0.920 0.435 0.846 0.169 0.250 0.308 0.532 00.76
Avoid Ep. 8
None 0.084 0.691 0.670 0.857 0.805 0.800 0.822 70.14
Some 0.916 0.309 0.330 0.143 0.195 0.200 0.178 30.85
Resist Ep. 5
None 0.932 0.826 0.903 0.419 0.635 0.603 0.711  90.79
Some 0.068 0.174  0.097 0.581 0.365 0.397 0.289 10.20
Resist Ep. 8
None 0.734 0.529 0.564 0.331 0.494 0.469 0.538 90.56
Some 0.266 0.471 0.436 0.669 0.506 0.531 0.462 10.43
Latent Class
Probability 0.215 0.116 0.221 0.114 0.131 0.123 56.0 0.024

Note.For an explanation of abbreviations, please seéfpendix introduction.
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Table A24

Analysis 3: 9-class model

MEANS
LC#1l LC#2 LC#3 LC #4 LC #5 LC #6 LC #7 LC #8 o
CMEp.5
Mean 1.000 3.000 1.000 6.548 5.000 6.000 2.000 04.00 4.000
CMEp. 8
Mean 1.844 4279 4552 6.357 5.494 6.125 3.779  94.77 5.143
PCSEp.5
Mean 2217 4949 2577 5.769 5.724 5.906 4,116  75.20 5.422
PCSEp. 8
Mean 2,548 5.015 5.175 5.406 5.474 5.593 4.674 85.335.182

PROBABILITIES

LC#1 LC#2 LC#3 LC #4 LC #5 LC #6 LC #7 LC #8 HO

Avoid Ep. 5
None 0.078 0.565 0.156 0.817 0.750 0.875 0.400 60.70 0.679
Some 0.922 0435 0.844 0.183 0.250 0.125 0.600 40.290.321
Avoid Ep. 8
None 0.082 0.691 0.676 0.812 0.805 1.000 0.621  40.82 0.779
Some 0.918 0.309 0.324 0.188 0.195 0.000 0.379 60.170.221
Resist Ep. 5
None 0.933 0.826 0.902 0.240 0.635 1.000 0.737  10.88 0.360
Some 0.067 0.174  0.098 0.760 0.365 0.000 0.263  90.110.640
Resist Ep. 8
None 0.734 0529 0.563 0.228 0.494 0.657 0.547  01.00 0.000
Some 0.266 0.471  0.437 0.772 0.506 0.343 0.453 00.001.000
Latent Class
Probability 0.217 0.116 0.220 0.087 0.131 0.027 80.0 0.057 0.065

Note.For an explanation of abbreviations, please seéfpendix introduction.



Table A25

Analysis 4: 2-class model

LC #1 LC #2
CMEp.5
1 0.863 0.006
2 0.079 0.080
3 0.041 0.192
4 0.013 0.233
5 0.003 0.260
6 0.001 0.133
7 0.000 0.096
CMEp. 8
1 0.234 0.002
2 0.213 0.030
3 0.151 0.081
4 0.122 0.175
5 0.138 0.241
6 0.089 0.207
7 0.055 0.264
PCS Ep.5
1 0.321 0.000
2 0.129 0.004
3 0.264 0.027
4 0.272 0.122
5 0.011 0.255
6 0.003 0.483
7 0.000 0.108
PCS Ep. 8
1 0.145 0.000
2 0.081 0.008
3 0.174 0.039
4 0.210 0.146
5 0.171 0.235
6 0.203 0.485
7 0.015 0.088
Avoid Ep. §
Low 0.221 0.866
Med 0.433 0.125
High 0.346 0.010
Avoid Ep. §
Low 0.490 0.930
Med 0.280 0.066
High 0.230 0.004
Resist Ep. b
Low 0.953 0.733
Med 0.039 0.153
High 0.008 0.113
Resist Ep.
Low 0.760 0.587
Med 0.176 0.246
High 0.064 0.168
LC Prob. 0.503 0.497

Note.For an explanation of abbreviations, please seéfpendix introduction.
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Table A26

Analysis 4: 3-class model

LC #1 LC #2 LC #3
CMEp.5
1 0.878 0.002 0.809
2 0.069 0.069 0.106
3 0.041 0.187 0.057
4 0.013 0.234 0.025
5 0.000 0.270 0.003
6 0.000 0.138 0.000
7 0.000 0.099 0.000
CMEp. 8
1 0.505 0.002 0.000
2 0.337 0.032 0.100
3 0.087 0.076 0.209
4 0.012 0.172 0.219
5 0.020 0.241 0.239
6 0.021 0.207 0.150
7 0.019 0.272 0.083
PCS Ep.5
1 0.361 0.000 0.270
2 0.156 0.000 0.108
3 0.230 0.023 0.285
4 0.235 0.102 0.327
5 0.012 0.264 0.010
6 0.006 0.499 0.000
7 0.000 0.112 0.000
PCS Ep. 8
1 0.310 0.000 0.003
2 0.174 0.009 0.000
3 0.319 0.040 0.047
4 0.197 0.142 0.224
5 0.000 0.234 0.317
6 0.000 0.485 0.383
7 0.000 0.090 0.027
Avoid Ep. §
Low 0.184 0.874 0.272
Med 0.440 0.116 0.424
High 0.376 0.010 0.304
Avoid Ep. §
Low 0.159 0.927 0.789
Med 0.379 0.068 0.184
High 0.462 0.005 0.027
Resist Ep. b
Low 0.979 0.731 0.924
Med 0.021 0.153 0.060
High 0.000 0.116 0.017
Resist Ep. 8
Low 0.842 0.585 0.687
Med 0.127 0.246 0.220
High 0.031 0.169 0.093
LC Prob. 0.233 0.481 0.286

Note.For an explanation of abbreviations, please seéfpendix introduction.
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Table A27

Analysis 4: 4-class model

LC #1 LC #2 LC #3 LC #4
CMEp.5
1 0.887 0.007 0.896 0.000
2 0.067 0.143 0.083 0.024
3 0.032 0.374 0.021 0.025
4 0.014 0.268 0.000 0.197
5 0.000 0.173 0.000 0.340
6 0.000 0.028 0.000 0.233
7 0.000 0.006 0.000 0.182
CMEp. 8
1 0.509 0.006 0.000 0.000
2 0.337 0.070 0.103 0.000
3 0.086 0.161 0.203 0.009
4 0.011 0.248 0.218 0.099
5 0.016 0.311 0.233 0.175
6 0.019 0.160 0.155 0.244
7 0.022 0.044 0.088 0.473
PCS Ep.5
1 0.364 0.000 0.301 0.000
2 0.158 0.012 0.108 0.000
3 0.233 0.042 0.297 0.019
4 0.230 0.223 0.292 0.045
5 0.010 0.344 0.002 0.161
6 0.004 0.359 0.000 0.583
7 0.000 0.020 0.000 0.191
PCS Ep. 8
1 0.309 0.000 0.008 0.000
2 0.172 0.019 0.000 0.000
3 0.323 0.074 0.035 0.017
4 0.196 0.198 0.209 0.111
5 0.000 0.285 0.322 0.182
6 0.000 0.367 0.397 0.576
7 0.000 0.057 0.029 0.114
Avoid Ep. §
Low 0.176 0.771 0.254 0.931
Med 0.445 0.207 0.415 0.066
High 0.379 0.021 0.332 0.003
Avoid Ep. §
Low 0.154 0.872 0.790 0.962
Med 0.378 0.117 0.180 0.038
High 0.467 0.011 0.029 0.000
Resist Ep. b
Low 0.978 0.877 0.927 0.604
Med 0.022 0.050 0.056 0.250
High 0.000 0.073 0.017 0.147
Resist Ep. 8
Low 0.841 0.722 0.678 0.470
Med 0.129 0.171 0.222 0.314
High 0.031 0.108 0.100 0.216
LC Prob. 0.229 0.259 0.258 0.254

Note.For an explanation of abbreviations, please seéfpendix introduction.
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Table A28

Analysis 4: 5-class model

LC #1 LC #2 LC #3 LC #4 LC #5
CMEp.5
1 0.903 0.007 0.905 0.000 0.000
2 0.057 0.106 0.079 0.019 0.177
3 0.031 0.289 0.016 0.032 0.338
4 0.009 0.260 0.000 0.191 0.257
5 0.000 0.275 0.000 0.308 0.129
6 0.000 0.061 0.000 0.233 0.063
7 0.000 0.002 0.000 0.216 0.036
CMEp. 8
1 0.518 0.000 0.000 0.000 0.015
2 0.332 0.029 0.104 0.000 0.119
3 0.085 0.111 0.204 0.008 0.173
4 0.011 0.227 0.215 0.099 0.211
5 0.016 0.329 0.234 0.154 0.244
6 0.019 0.224 0.154 0.207 0.151
7 0.019 0.080 0.089 0.533 0.087
PCS Ep.5
1 0.371 0.002 0.302 0.000 0.000
2 0.161 0.003 0.107 0.000 0.023
3 0.231 0.010 0.293 0.000 0.136
4 0.228 0.111 0.296 0.049 0.312
5 0.005 0.322 0.003 0.152 0.303
6 0.004 0.485 0.000 0.600 0.217
7 0.000 0.067 0.000 0.199 0.009
PCS Ep. 8
1 0.315 0.000 0.008 0.000 0.000
2 0.172 0.000 0.000 0.000 0.046
3 0.323 0.017 0.033 0.000 0.181
4 0.189 0.044 0.207 0.114 0.414
5 0.000 0.301 0.323 0.187 0.193
6 0.000 0.543 0.399 0.574 0.166
7 0.000 0.096 0.030 0.124 0.000
Avoid Ep. §
Low 0.175 0.937 0.255 0.939 0.539
Med 0.444 0.063 0.413 0.058 0.402
High 0.381 0.000 0.332 0.002 0.059
Avoid Ep. §
Low 0.156 1.000 0.795 0.963 0.670
Med 0.371 0.000 0.177 0.037 0.299
High 0.473 0.000 0.028 0.000 0.031
Resist Ep. b
Low 0.979 1.000 0.930 0.499 0.730
Med 0.021 0.000 0.053 0.319 0.109
High 0.000 0.000 0.016 0.182 0.161
Resist Ep.
Low 0.843 0.880 0.684 0.348 0.540
Med 0.126 0.119 0.217 0.362 0.255
High 0.031 0.001 0.099 0.290 0.205
LC Prob. 0.225 0.195 0.257 0.199 0.124

Note.For an explanation of abbreviations, please seéfpendix introduction.
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Table A29

Analysis 4: 6-class model

LC #1 LC #2 LC #3 LC #4 LC #5 LC #6
CMEp.5
1 0.972 0.007 0.898 0.000 0.000 0.760
2 0.011 0.116 0.083 0.019 0.124 0.152
3 0.000 0.296 0.019 0.031 0.324 0.088
4 0.017 0.261 0.000 0.184 0.285 0.000
5 0.000 0.266 0.000 0.311 0.150 0.000
6 0.000 0.054 0.000 0.239 0.074 0.000
7 0.000 0.001 0.000 0.216 0.043 0.000
CMEp. 8
1 0.524 0.000 0.000 0.000 0.008 0.445
2 0.311 0.034 0.092 0.000 0.093 0.373
3 0.094 0.119 0.201 0.007 0.149 0.107
4 0.002 0.230 0.222 0.095 0.218 0.026
5 0.018 0.326 0.237 0.153 0.260 0.024
6 0.020 0.216 0.156 0.210 0.166 0.024
7 0.032 0.076 0.091 0.535 0.105 0.000
PCS Ep.5
1 0.495 0.002 0.302 0.000 0.000 0.187
2 0.203 0.004 0.109 0.000 0.024 0.090
3 0.217 0.012 0.294 0.000 0.133 0.243
4 0.076 0.125 0.292 0.047 0.256 0.468
5 0.010 0.326 0.003 0.143 0.333 0.000
6 0.000 0.473 0.000 0.604 0.245 0.013
7 0.000 0.060 0.000 0.207 0.010 0.000
PCS Ep. 8
1 0.341 0.000 0.000 0.000 0.000 0.259
2 0.222 0.000 0.000 0.000 0.043 0.097
3 0.331 0.019 0.029 0.000 0.168 0.304
4 0.107 0.056 0.194 0.106 0.404 0.341
5 0.000 0.305 0.335 0.185 0.196 0.000
6 0.000 0.528 0.412 0.581 0.188 0.000
7 0.000 0.092 0.030 0.128 0.000 0.000
Avoid Ep. §
Low 0.000 0.934 0.238 0.948 0.529 0.459
Med 0.366 0.066 0.414 0.051 0.409 0.528
High 0.634 0.000 0.348 0.001 0.062 0.013
Avoid Ep. §
Low 0.010 1.000 0.797 0.966 0.673 0.394
Med 0.323 0.000 0.172 0.034 0.298 0.432
High 0.667 0.000 0.031 0.000 0.029 0.174
Resist Ep. b
Low 0.973 1.000 0.927 0.514 0.676 0.989
Med 0.027 0.000 0.056 0.316 0.125 0.011
High 0.000 0.000 0.017 0.169 0.199 0.000
Resist Ep.
Low 0.802 0.881 0.677 0.366 0.478 0.895
Med 0.143 0.119 0.222 0.357 0.273 0.105
High 0.055 0.000 0.101 0.277 0.248 0.000
LC Prob. 0.131 0.197 0.250 0.198 0.115 0.110

Note.For an explanation of abbreviations, please seéfpendix introduction.
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Table A30

Analysis 4: 7-class model

LC #1 LC #2 LC #3 LC #4 LC #5 LC #6 LC #7
CMEp.5
1 0.974 0.006 0.896 0.000 0.000 0.758 0.031
2 0.011 0.120 0.089 0.000 0.070 0.157 0.116
3 0.000 0.299 0.015 0.000 0.380 0.085 0.094
4 0.015 0.273 0.000 0.109 0.280 0.000 0.337
5 0.000 0.254 0.000 0.341 0.157 0.000 0.211
6 0.000 0.044 0.000 0.311 0.079 0.000 0.075
7 0.000 0.004 0.000 0.239 0.035 0.000 0.136
CMEp. 8
1 0.525 0.000 0.000 0.000 0.011 0.444 0.000
2 0.309 0.033 0.090 0.000 0.091 0.376 0.046
3 0.094 0.114 0.204 0.000 0.150 0.107 0.064
4 0.002 0.245 0.219 0.018 0.220 0.027 0.252
5 0.018 0.334 0.240 0.075 0.285 0.021 0.269
6 0.020 0.193 0.158 0.264 0.180 0.025 0.120
7 0.032 0.082 0.090 0.643 0.064 0.000 0.249
PCS Ep.5
1 0.495 0.002 0.304 0.000 0.000 0.185 0.000
2 0.203 0.002 0.110 0.000 0.034 0.090 0.000
3 0.217 0.012 0.290 0.000 0.124 0.244 0.082
4 0.077 0.127 0.293 0.041 0.243 0.467 0.138
5 0.008 0.331 0.003 0.094 0.354 0.000 0.244
6 0.000 0.460 0.000 0.633 0.233 0.014 0.462
7 0.000 0.066 0.000 0.232 0.014 0.000 0.074
PCS Ep. 8
1 0.341 0.000 0.000 0.000 0.000 0.258 0.000
2 0.222 0.000 0.000 0.000 0.058 0.095 0.000
3 0.332 0.021 0.029 0.000 0.143 0.305 0.088
4 0.105 0.053 0.191 0.124 0.480 0.342 0.122
5 0.000 0.298 0.335 0.131 0.222 0.000 0.275
6 0.000 0.534 0.414 0.627 0.098 0.000 0.419
7 0.000 0.095 0.030 0.118 0.000 0.000 0.096
Avoid Ep. §
Low 0.000 0.931 0.230 0.958 0.459 0.464 0.864
Med 0.369 0.069 0.419 0.037 0.463 0.523 0.136
High 0.631 0.000 0.350 0.004 0.079 0.013 0.000
Avoid Ep. §
Low 0.010 1.000 0.795 0.959 0.589 0.396 0.970
Med 0.324 0.000 0.174 0.041 0.367 0.432 0.030
High 0.665 0.000 0.031 0.000 0.044 0.172 0.000
Resist Ep. b
Low 0.973 1.000 0.935 0.640 0.819 0.988 0.000
Med 0.027 0.000 0.050 0.273 0.128 0.012 0.412
High 0.000 0.000 0.015 0.087 0.053 0.000 0.588
Resist Ep. 8
Low 0.802 0.830 0.682 0.483 0.622 0.894 0.000
Med 0.143 0.146 0.224 0.361 0.263 0.106 0.280
High 0.056 0.023 0.094 0.156 0.115 0.000 0.720
LC Prob. 0.131 0.211 0.248 0.145 0.088 0.109 0.067

Note.For an explanation of abbreviations, please seéfpendix introduction.
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Table A31

Analysis 4: 8-class model

LC #1 LC #2 LC #3 LC #4 LC #5 LC #6 LC #7 LC #8
CMEp.5
1 0.976 0.009 0.888 0.000 0.000 0.773 0.000 0.926
2 0.015 0.112 0.089 0.000 0.108 0.142 0.114 0.055
3 0.000 0.291 0.023 0.000 0.375 0.085 0.095 0.000
4 0.009 0.275 0.000 0.108 0.257 0.000 0.357 0.019
5 0.000 0.261 0.000 0.336 0.154 0.000 0.218 0.000
6 0.000 0.047 0.000 0.310 0.072 0.000 0.083 0.000
7 0.000 0.004 0.000 0.246 0.033 0.000 0.133 0.000
CMEp. 8
1 0.633 0.000 0.000 0.000 0.010 0.480 0.000 0.000
2 0.322 0.030 0.097 0.000 0.098 0.389 0.039 0.125
3 0.045 0.109 0.172 0.000 0.158 0.105 0.065 0.321
4 0.000 0.238 0.235 0.017 0.225 0.000 0.247 0.137
5 0.000 0.341 0.233 0.070 0.277 0.000 0.276 0.212
6 0.000 0.198 0.172 0.259 0.174 0.025 0.132 0.085
7 0.000 0.084 0.091 0.654 0.058 0.000 0.242 0.119
PCS Ep.5
1 0.477 0.000 0.302 0.000 0.000 0.198 0.000 0.379
2 0.230 0.001 0.092 0.000 0.033 0.082 0.000 0.163
3 0.194 0.011 0.261 0.000 0.112 0.238 0.060 0.412
4 0.091 0.113 0.345 0.043 0.278 0.468 0.126 0.045
5 0.009 0.331 0.000 0.093 0.352 0.000 0.249 0.000
6 0.000 0.475 0.000 0.632 0.212 0.013 0.489 0.000
7 0.000 0.070 0.000 0.232 0.013 0.000 0.077 0.000
PCS Ep. 8
1 0.357 0.000 0.000 0.000 0.000 0.265 0.000 0.103
2 0.238 0.000 0.000 0.000 0.048 0.081 0.010 0.075
3 0.331 0.017 0.032 0.000 0.146 0.305 0.089 0.136
4 0.073 0.038 0.172 0.129 0.477 0.349 0.106 0.269
5 0.000 0.294 0.300 0.130 0.232 0.000 0.279 0.296
6 0.000 0.552 0.463 0.625 0.098 0.000 0.416 0.112
7 0.000 0.098 0.033 0.116 0.000 0.000 0.100 0.009
Avoid Ep. §
Low 0.000 0.929 0.288 0.960 0.498 0.460 0.846 0.035
Med 0.358 0.071 0.404 0.035 0.428 0.525 0.154 0.448
High 0.642 0.000 0.308 0.005 0.074 0.015 0.000 ®.51
Avoid Ep. §
Low 0.012 1.000 0.973 0.959 0.619 0.401 0.953 0.000
Med 0.212 0.000 0.016 0.041 0.339 0.422 0.047 0.861
High 0.776 0.000 0.011 0.000 0.043 0.177 0.000 9.13
Resist Ep. b
Low 0.975 1.000 0.924 0.638 0.847 0.988 0.000 0.950
Med 0.025 0.000 0.060 0.276 0.116 0.012 0.393 0.039
High 0.000 0.000 0.017 0.086 0.037 0.000 0.607 0.01
Resist Ep.
Low 0.839 0.831 0.689 0.480 0.643 0.911 0.000 0.621
Med 0.124 0.146 0.196 0.362 0.259 0.089 0.292 0.308
High 0.037 0.024 0.115 0.158 0.098 0.000 0.708 .07
LC Prob. 0.107 0.205 0.207 0.143 0.097 0.104 0.0670.072

Note.For an explanation of abbreviations, please seéfpendix introduction.
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Table A32

Analysis 4: 9-class model

143

LC #1 LC #2 LC #3 LC #4 LC #5 LC #6 LC #7 LC #8 #O
CMEp.5
1 0.976 0.005 0.892 0.000 0.000 0.778 0.000 0.921 .8240
2 0.016 0.112 0.073 0.000 0.112 0.139 0.105 0.057 .1530
3 0.000 0.288 0.034 0.000 0.374 0.082 0.098 0.000 .0000
4 0.008 0.276 0.000 0.107 0.261 0.000 0.364 0.022 .0000
5 0.000 0.265 0.000 0.334 0.158 0.000 0.223 0.000 .0000
6 0.000 0.049 0.000 0.310 0.072 0.000 0.084 0.000 .0000
7 0.000 0.005 0.000 0.250 0.023 0.000 0.126 0.000 .0230
CMEp. 8
1 0.631 0.000 0.000 0.000 0.010 0.444 0.000 0.000 .0000
2 0.321 0.029 0.114 0.000 0.099 0.369 0.040 0.129 .0240
3 0.048 0.108 0.200 0.000 0.161 0.111 0.065 0.322 .0560
4 0.000 0.239 0.247 0.015 0.230 0.000 0.252 0.145 .1930
5 0.000 0.338 0.228 0.067 0.279 0.036 0.282 0.210 .2200
6 0.000 0.200 0.165 0.256 0.176 0.025 0.135 0.081 .2160
7 0.000 0.086 0.046 0.661 0.044 0.015 0.227 0.113 .2920
PCS Ep.5
1 0.469 0.000 0.295 0.000 0.000 0.221 0.000 0.381 .2770
2 0.229 0.000 0.085 0.000 0.034 0.076 0.000 0.172 .1220
3 0.195 0.011 0.258 0.000 0.102 0.230 0.049 0.435 .3010
4 0.098 0.110 0.356 0.044 0.278 0.462 0.124 0.012 .3000
5 0.009 0.327 0.006 0.095 0.356 0.000 0.252 0.000 .0000
6 0.000 0.480 0.000 0.630 0.218 0.012 0.497 0.000 .0000
7 0.000 0.072 0.000 0.231 0.013 0.000 0.078 0.000 .0000
PCS Ep. 8
1 0.357 0.000 0.000 0.000 0.000 0.246 0.000 0.108 .0000
2 0.237 0.000 0.000 0.000 0.046 0.085 0.010 0.065 .0000
3 0.330 0.017 0.000 0.000 0.146 0.310 0.077 0.146 .1130
4 0.075 0.038 0.143 0.131 0.472 0.359 0.106 0.261 .2610
5 0.000 0.294 0.316 0.130 0.234 0.000 0.284 0.304 .2670
6 0.000 0.551 0.517 0.624 0.103 0.000 0.421 0.108 .2870
7 0.000 0.100 0.024 0.116 0.000 0.000 0.102 0.009 .0730
Avoid Ep. §
Low 0.001 0.937 0.274 0.958 0.504 0.471 0.846 0.0240.288
Med 0.365 0.063 0.473 0.037 0.423 0.514 0.154 0.4270.182
High 0.634 0.000 0.253 0.005 0.073 0.015 0.000 9.54 0.529
Avoid Ep. §
Low 0.012 1.000 0.955 0.959 0.620 0.420 0.951 0.0001.000
Med 0.212 0.000 0.030 0.041 0.337 0.422 0.049 0.8610.000
High 0.776 0.000 0.015 0.000 0.043 0.157 0.000 9.13 0.000
Resist Ep. b
Low 0.975 1.000 0.983 0.635 0.842 0.990 0.000 0.9440.673
Med 0.025 0.000 0.017 0.279 0.121 0.010 0.389 0.0430.233
High 0.000 0.000 0.000 0.087 0.037 0.000 0.611 3.01 0.093
Resist Ep.
Low 0.841 0.829 0.855 0.476 0.648 0.906 0.000 0.6040.000
Med 0.123 0.147 0.145 0.366 0.252 0.094 0.281 0.3180.426
High 0.036 0.024 0.000 0.158 0.100 0.000 0.719 9.07 0.574
LC Prob. 0.109 0.204 0.166 0.142 0.096 0.110 0.0650.067 0.041

Note.For an explanation of abbreviations, please seéfpendix introduction.



