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Summary

Obsessive-compulsive disorder (OCD) is characterized by heterogeneous symptoms ranging from

intrusive and distressing thoughts on aggressive acts to mere repetitive arranging of items

without much contemplation. Like for many clinical phenomena, this heterogeneity in symptoms

and impairments poses challenges to psychological assessment. This thesis provides multiple

psychometrical advances to the assessment of OCD.

From the many assessment instruments for OCD, the Yale-Brown Obsessive Compulsive Scale

(Y-BOCS) has developed into a gold standard within the past three decades. It consists of a

clinician’s rating of severity as well as a comprehensive symptom checklist. Using a large sample

of patients suffering from OCD, we worked towards three goals:

First, evaluating and improving the measurement models associated with OCD symptoms by

means of an exhaustive overhaul and the usage of Bayesian measurement modeling, which allows

for greater heterogeneity than traditional psychometrical approaches.

Second, to test whether the Y-BOCS’ measurement properties are stable across time and other

features relevant to clinical research. In a broad analysis of measurement invariance (MI), we

found only few instances where MI did not hold. Under such circumstances, group comparisons

may be biased and conclusions could be misleading.

For such situations, we thirdly derived and applied a procedure extending partial MI modeling.

In partial MI models, group comparisons are still valid, as long as a few items are determined

for which MI truly holds. There exist many approaches on how to find such items. We used a

new comprehensive method that divides the item set into subsets for which MI holds separately.

We extended the existing approach by adding a model averaging step which takes uncertainty

stemming from item choice into account. We show that the resulting averaged parameter appropri-

ately reflects the uncertainty. The developed Bayesian procedure makes decisions made during the

analysis fully transparent and thus open to discussion.

The presented studies form a research program that advances psychometrical analyses in

clinical assessment and increases the validity of the assessment of OCD by means of the Y-BOCS.

We discuss further implications of our findings on pathogenesis of OCD and the scientific practice

of clinical trials, which require sound measurements in order to provide trustworthy conclusions.

Furthermore, we discuss other recent advances in the field of psychometry and their usability for

clinical research as a whole and the understanding of OCD specifically.
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Zusammenfassung

Die Zwangsstörung ist durch sehr verschiedenartige Symptome charakterisiert, reichend von

sich aufdrängenden und belastenden aggressiven Gedanken bis hin zu Ordnungszwängen, die

ohne weiteres Nachdenken stereotyp ausgeführt werden. Wie bei vielen klinischen Phänomen

stellt diese Symptomheterogenität und ihre resultierenden Belastungen Herausforderungen für

die psychologische Diagnostik dar. Die vorliegende Arbeit stellt mehrere Weiterentwicklungen

psychometrischer Methoden für die Messung der Zwangsstörung dar.

Die Yale-Brown Obsessive Compulsive Scale (Y-BOCS) hat sich in den letzten drei Jahrzehnten

unter den Messinstrumenten für Zwang zu einem Goldstandard entwickelt. Sie besteht aus einem

Fremdrating des Schweregrads und einer umfangreichen Symptomliste. Mittels einer großen

Stichprobe von Zwangspatienten hatte diese Arbeit drei Ziele:

Erstens wurden die Messmodelle von Zwangssymptomen evaluiert und verbessert. Dabei fand

eine umfassende Überarbeitung statt, wobei Bayesianische Messmodelle genutzt wurden. Diese

Technik erlaubt eine größere Heterogenität als klassische psychometrische Verfahren.

Zweitens wurde getestet, ob die Messeigenschaften der Y-BOCS über die Zeit und für weitere

klinische relevante Variablen konstant sind. In einer breit angelegten Messinvarianzanalyse

wurden nur wenige Verletzungen der Messinvarianz gefunden. Falls solche vorliegen, werden

Gruppenvergleiche verzerrt und eventuell falsche Schlussfolgerungen gezogen.

Für diese Situationen haben wir drittens eine Erweiterung partieller Messinvarianzmodelle en-

twickelt und angewendet. Partielle Messinvarianzmodelle ermöglichen valide Gruppenvergleiche

auch dann, solange angenommen werden kann, dass Messinvarianz nur für einige wenige Items

hält. Es gibt viele Verfahren um solche Items herauszufiltern. Wir haben eine neue umfassende

Methode genutzt, die den Itempool in kleinere Teile zerlegt, für die Messinvarianz jeweils tatsäch-

lich nachgewiesen werden kann. Diesen Ansatz haben wir erweitert, indem Modellmittelung als

zusätzlicher Schritt hinzugefügt wurde. Dieser Schritt berücksichtigt die Unsicherheit, die in der

Auswahl von Items für partielle Messinvarianz liegt. Wir konnten zeigen, dass der gemittelte

Parameter diese Unsicherheit adäquat widerspiegelt. Das entwickelte Bayesianische Verfahren

macht Analyseentscheidungen komplett sichtbar und damit diskutierbar.

Die vorgelegten Studien dienen der Weiterentwicklung psychometrischer Analysen in der

klinischen Diagnostik im Allgemeinen und stärken die Validität der Messung durch die Y-BOCS im

Besonderen. Es werden weitere Schlussfolgerungen der Ergebnisse für die Theorie der Pathogenese

der Zwangsstörung und für klinische Studien diskutiert. Letztere können vertrauenswürdige

Ergebnisse nur aufbauend auf soliden Messverfahren erzielen. Außerdem werden weitere neuere

Entwicklungen in der psychometrischen Theorie im Hinblick auf ihren Nutzen in der klinischen

Diagnostik und dem Verständnis der Zwangsstörung diskutiert.
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1 Assessing obsessive-compulsive
disorder

1.1 Characterising obsessive-compulsive disorder

Obsessive-compulsive disorder (OCD) is a mental disorder broadly defined by apprehensive con-

cerns that something bad will happen to oneself or others. These intrusive concerns are often

grounded in everyday live and are in principle usually reasonable (e.g., "I could have run over an

animal on my way home without noticing."), but are strongly intensified compared to worrying

thoughts of persons unaffected by OCD. Such unwanted thoughts or images are called obsessions.

Obsessions are followed by urges to perform according actions (e.g., searching for dead animals

along the duty stroke multiple times) or to recall specific thoughts (e.g., "Thinking of my lucky num-

ber will keep me from anything bad happening."). These repetitive practices are called compulsions.

Patients suffering from OCD engage in compulsions for a substantial time per day, up to several

hours, while typically assessing their behavior as unnecessary at the same time. The DSM-5

defines a temporal threshold of one hour per day as clinically significant (American Psychiatric

Association, 2013). The aspect of insight into the futility of compulsive behaviors has been dropped

from diagnostic criteria when advancing from DSM-IV (American Psychiatric Association, 2000) to

DSM-5.

About 1.2% of the population are affected by OCD per year (American Psychiatric Association,

2013). When remaining untreated, OCD typically has a chronic course, having possible debilitating

effects on a person’s social and work life. Beside the core features of obsessions and compulsions,

further psychological traits are usually found in patients suffering from OCD: Perfectionism,

overestimation of threat, an excessive feeling of responsibility, and giving thoughts too much sig-

nificance. These aspects deliver approaches for understanding the pathogenesis and perpetuation

of OCD symptoms, but also levers for psychotherapy.

In the cognitive-behavioral model of OCD (Rachman, 1971; Rachman, 1998), obsessions are

seen as negative emotional states. Distress is temporarily overcome by compulsive actions as these

reduce anxious expectations and return a momentary sense of control. Compulsion thus act as

reinforcer of the underlying obsessions, making their occurrence more frequent. This general model

of fear acquisition provides an umbrella to various forms OCD symptoms can take. Well known

expressions of OCD are for example fears of contamination followed by cleaning rituals or fears

to be responsible for damages or injuries followed by checking behavior. Some patients, however,

present compulsive behaviors (e.g., ordering and arranging acts) without mental processes that go

beyond plain explanations like "It just has to be this way". On the contrary, patients exist, who
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do not show any apparent repetitive actions where compulsions themselves are mental acts, like

counting. Such covert compulsions serve the same purpose to neutralize obsessions like overt

actions, but are still less susceptible to cognitive-behavioral therapy which capitalizes on breaking

the above mentioned vicious circle of avoidance behavior (Salkovskis & Westbrook, 1989; Sibrava

et al., 2011). Beside fears that are grounded in everyday life, OCD symptoms can also take forms

of less easily accessible content. Without reaching the threshold of the delusional, some patients

affected by OCD portray magical beliefs or superstitions which can either be cause of distress or

guide a neutralizing action.

A special case is presented by hoarding symptoms which historically have been subsumed

completely under OCD. In the DSM-5 (American Psychiatric Association, 2013), a separate category

of hoarding disorder has been created for patients, in whom distress is primarily caused by

discarding possessions. Despite this recent division, OCD still covers a wide range of symptoms

that may appear barely related at first sight. This feature of OCD entails challenges to diagnostic

tools.

1.2 Diagnostic instruments

The history of diagnostic instruments for OCD naturally is a history of the psychiatric concep-

tualization of this disorder as well. Historic roots are in psychoanalytical theory, where OCD

is a form of neurosis. Here, obsessions and compulsions both serve as defence mechanisms and

are thus only weakly separated in early OCD specific instruments (see Sandler & Hazari, 1960).

Furthermore, OCD was seen much more closely related to specific personality traits. Although the

first published clinician-rated instrument (Leyton Inventory, Cooper, 1970) takes steps towards the

modern concept of OCD, it retains many items related to obsessive-compulsive personality disorder

from a modern point of view.1 Since then, a plethora of instruments has been published (see

Table 1.1). They can be divided into self-rated and clinician-rated assessments on the surface, but

they differ along a more important line: Whether a distinction between the presence of a specific

symptom and the distress caused by it is made or not. Most self-rated questionnaires provide only

ratings of specific typical symptoms. Drawbacks are evident: Persons with rather untypical or

only few specific obsessions and compulsions appear to be less affected, although they might suffer

greatly from them. On the other hand, persons who embrace many different symptoms in these

questionnaires score higher although none of the ticked symptoms might be of particular distress

to the person.

1.2.1 The Yale-Brown Obsessive Compulsive Scale

In this manuscript, I will focus on the Yale-Brown Obsessive Compulsive Scale (Y-BOCS, Goodman,

Price, Rasmussen, et al., 1989; Goodman, Price, Rasmussen, et al., 1989) that is the gold standard

in the assessment of OCD until today (Fatori et al., 2020; Grabill et al., 2008). The Y-BOCS

differentiates between the presence of a symptom and its severity. First, an interviewer gathers a

target list of specific obsessions and compulsions present in the subject. This is usually elicited by

1Interestingly, the Leyton Inventory still includes multiple questions concerning defacation, echoing psychoanalytic
ideas of OCD being related to an "anal" development stage.
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Table 1.1: Prominent instruments for the assessment of OCD

Year Name # Items Mode Source
Differentiating symptom presence and severity
1970 Leyton Inventory 69 + 2 C Cooper (1970)
1989 Y–BOCS Yale-Brown Obsessive

Compulsive Scale
(58–102)a + 10 C (S) Goodman, Price, Ras-

mussen, et al. (1989)
2006 DY–BOCS Dimensional Yale-

Brown Obsessive Compulsive
Scale

88 + 28 S (C) Rosario-Campos et al.
(2006)

2010 DOCS Dimensional Obsessive-
Compulsive Scale

0 + 20 S Abramowitz et al. (2010)

Mixing symptom presence and severity
1960 Excerpt of Tavistok Self-

Assessment Inventory
40 S Sandler & Hazari (1960)

1977 MOCI Maudsley Obsessional
Compulsive Inventory

30 S Hodgson & Rachman (1977)

1995 PI-R Padua Inventory - Revised 41 S Van Oppen et al. (1995)
2004 VOCI Vancouver obsessional

compulsive inventory
55 S Thordarson et al. (2004)

2006 OCI-R Obsessive Compulsive
Inventory – Revised

18 S Foa et al. (2002)

Note. Number of items is split into symptom presence + severity items. C = Clinician-rated assessment, S
= Self-rated assessment. a The number of symptom presence items varies with different sources.

means of a symptom check list containing generalized descriptors (e.g., "Fear might harm self", a

German list of 60 such items is provided in Ertle, 2012). In a second step, the interviewer rates

ten items, five each for obsessions and compulsions. These items include time spent, interference,

distress, resistance, and control over obsessions or compulsions. Response categories range from

none to extreme / no resistance or control in five gradings. The rating is based upon the target list

as a whole, assessing all symptoms in total. There exists a self-rated version of the Y-BOCS (Baer,

1991), which has been used comparatively little (for an overview see Hauschildt et al., 2019).

The Y-BOCS has been followed by an update (Y-BOCS-II, Storch et al., 2010), which has gained

only limited reach up until now. There are adapted versions for the use with children (Goodman,

Price, Rasmussen, et al., 1989; Scahill et al., 1997; Storch et al., 2019) as well as modifications to

other disorders like pathological gambling (Pallanti et al., 2005) and hypochondriasis (Greeven et

al., 2009). The Y-BOCS has spawned translations into many languages; major European languages

like German (Hand & Büttner-Westphal, 1991) and French (Mollard et al., 1989), but also Turkish

(Tek et al., 1995), Persian (Esfahani et al., 2012), Mandarin Chinese (Zhang et al., 2019), and

Bangla (Islam et al., 2021).

1.3 Psychometry in clinical psychology

Psychometry comprises various tools to mathematically describe a person’s response behavior

in a questionnaire, interview or other assessment situation. Typically, these tools involve latent

variables, i.e., variables that have not been or cannot be observed in the assessment. Psychometry
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describes approaches on how to infer latent variables from actual observed data. Such variables

can take the form of continuous dimensions (factors), or person categories (classes).

The first and most prominent proponent of latent variable modeling is factor analysis, originally

conceived by Spearman (1904) from the observation of high correlations between single items of a

test. In factor analysis, the response y to an item i is explained by a set of factors η:

yi =αi +Λi ·η+εi, (1.1)

where α represents the item difficulty, Λ a matrix of factor loadings, and ε a random measure-

ment error. When viewed in terms of a structural equation model (SEM), the factors of η can be

related on latent level via regression coefficients B:

η= κ+B ·η+ζ. (1.2)

The means of the latent variables η are described by κ, while their residual variances are found

in ζ.

Psychometrical analyses, like factor analysis, serve several purposes in clinical assessments

in general. First, they lend validity to questionnaires and interviews. Even the very first OCD

specific instrument was accompanied by psychometrical analysis in the form of principal component

analysis (Sandler & Hazari, 1960). After decades of research into the symptom clusters of OCD

(for an overview see below or Bloch et al., 2008), researchers have a clear picture of what to expect

from the inner structure of an OCD assessment. Failing to deliver a factor structure close to the

one carved out by the literature poses a definite problem to the validity any modern measurement

instrument.

Second, psychometrical analyses provide answers to clinical research questions. Theoretical

conjectures on the boundaries of disorder categories or the subdivision of OCD as an entity can

be answered with the help of latent variable models, just to name two examples. Such issues

tackle the very core of clinical psychology: Which groups of patients are homogeneous with respect

to a specific therapy, as such that the treatment is promising for many and not misdirected? Is

the co-occurrence of certain symptoms giving us links to mechanisms of pathogenesis? From a

methodological standpoint, these questions boil down to mapping out the large space of psychiatric

symptoms and forming coherent symptom clusters. I will discuss the issue of symptom clusters in

OCD partly in Section 2 as well as in the Discussion.

Third, a main purpose of measurement instrument next to individual diagnostic assessment is

the usage as outcome measures in clinical trials. Basic setups of such trials always involve the

comparison of groups, or time points, or both. In order to deal with measurement error - probably

the main goal of using psychometrics from an applied perspective, latent variable models present

themselves as adequate statistical tool. An important requirement of group or time comparison

on latent variables is measurement invariance (MI), i.e., the stability of measurement properties

across group or time points. Conclusions on group differences are only valid when MI is given for

the item loadings Λ and difficulties α in the measurement model (Chen, 2007). Of course, it is only

sensible to delve into MI analysis when sound configural factor models are established. For this
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reason, I will handle issues of MI in Section 3 after discussing measurement modeling in the next

section.
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2 Measurement models of the Y-BOCS

Sound and replicable measurement models form the basis of any further application of latent

variable models. This section is dedicated to this goal and refers to and extents Manuscript 1 and

parts of Manuscript 2. As the matter is rather different for the 10-item severity rating than the

symptom checklist, I will present them separately.

The patient samples in all manuscripts were kindly provided by the psychotherapeutic outpa-

tient center of Humboldt-Universität of Berlin, which specializes in cognitive-behavioral treatment

of patients suffering from OCD. Their constant diagnostical monitoring of all patients entering the

unit supplies a unique data source in both size and breadth. Since 2007, the data set has grown

into more than 1000 subjects with regard to Y-BOCS assessments. All manuscripts benefited from

this strong empirical basis.

2.1 Y-BOCS severity rating2

Due to the widespread use of the Y-BOCS for the assessment of severity, there exists a solid

number of factor analyses, most of them confirmatory factor analyses (CFA) which aimed at testing

theory-driven models of the ten Y-BOCS severity items (see Table 2.1). The ordinal four-point scale

was usually treated as continuous in these studies.

In this literature, there competes a two factor model (obsessions and compulsions) versus a

three factor model that adds a specific Resistance factor. In reference to latter model, Fatori et al.

(2020) proposed a two factor which omits the resistance item and found it fitted their data well.

In Manuscript 2, we tested several modeling options. Both, the two factors sensu Fatori et al.

(2020) and a three factor model fitted well in our large sample. The first stands out for its simplicity

and reflection of OCD theory, while the latter retains all original items and provided a slightly

better fit. In fact, the items measuring resistance to obsessions and compulsions are troublesome

from a clinician’s perspective, as resistance can be both an indicator of higher severity (avoidance

behavior) or lower severity (actual resistance). It thus takes a special position compared to other

items. In the more current DOCS instrument (Abramowitz et al., 2010), resistance is accordingly

split into avoidance and disregarding symptoms.

2This section covers parts of Manuscript 2.
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Table 2.1: Psychometrical analyses of the Y-BOCS severity rating

Analysis Sum Source # factors
Exploratory
Factor
Analysis

3
Fals-Stewart (1992) 1
S. W. Kim et al. (1994) 3
Arrindell et al. (2002) 2

Confirmatory
Factor
Analysis
(CFA)

8

McKay et al. (1995) 2
Amir et al. (1997) 2
McKay et al. (1998) 2
Moritz et al. (2002) 3
Deacon & Abramowitz (2005) 2
Storch et al. (2005) 2
Anholt et al. (2010) 3
Fatori et al. (2020) 2

2.2 Y-BOCS symptom checklist3

Investigations into the factor structure of the Y-BOCS symptom checklist (Y-BOCS-SCL) usually

originate from studies concerned with the structure of OCD symptoms as a whole. Serving as gold

standard, the Y-BOCS provides the measurement instrument in many studies of this type (see

Table 2.2). Unfortunately, despite a huge body of literature, only few studies provide good insight

into the psychometric properties of the Y-BOCS-SCL. Reasons for this are threefold.

First, a huge portion of studies uses exploratory analyses techniques, either principal compo-

nent analysis (PCA) or exploratory factor analysis (EFA), as compared to confirmatory approaches.

It is the very nature of exploratory latent models that their resulting parameters vary from sample

to sample. In this respect, the number of factors as well es large cross loadings are of particular rel-

evance. In CFA, on the other hand, factor number and potential cross loadings are predetermined

and are model features that are subject to tests of model fitness. The variance factor numbers is

considerable in case of the Y-BOCS-SCL, although most studies find 4 or 5 factors (see Table 2.2).

Second, only few studies analyze the Y-BOCS-SCL on item level. Due to the dichotomous

nature of the items (symptom present / not present), many researchers decided to aggregate item

responses within a priori determined symptom categories (e.g., Aggressive Obsessions). This is

particularly true for older studies, where psychometric analysis techniques for dichotomous items

were either not yet proposed4 or not readily available in software. The chosen item parceling

approach makes untested assumptions about the homogeneity of the a priori symptom categories,

which in part are problematic as will be shown below.

Third, although the Y-BOCS-SCL comprises an extensive item list, most studies drop significant

item numbers. For the largest part, such item exclusions affected the "miscellaneous" item sections

of the Y-BOCS-SCL that comprise 20 rather diverse symptoms. The aggregation of these sections

in order to get item sums as described in the paragraph above seemed unwarranted to most

researchers.

In summary, the literature on Y-BOCS symptom factors is dominated by studies that drop

many items, especially the more uncommon symptoms, and did their analyses on second level as

3This section covers the subject of Manuscript 1.
4Approaches of item response theory, which deal quite naturally with dichotomous items, have found their way into

clinical applications only rather recently
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Table 2.2: Psychometrical analyses of the Y-BOCS symptom checklist

Analysis Sum Source # factors Level # items used

Principal
Component
Analysis
(PCA)

15

Baer (1994) 3 2nd ∼ 38
Hantouche & Lancrenon (1996) 17 item 64
Leckman et al. (1997) 4 2nd ∼ 38
Mataix-Cols et al. (1999) 5 2nd ∼ 38
Tek & Ulug (2001) 5 2nd ∼ 38
Cavallini et al. (2002) 5 2nd ∼ 38
Mataix-Cols et al. (2002) 5 2nd ∼ 38
Feinstein et al. (2003) 4 item 38
Denys et al. (2004) 5 item ∼ 38
S. J. Kim et al. (2005) 4 2nd ∼ 38
Hasler et al. (2005) 4 2nd ∼ 38
Hasler et al. (2006) 4 2nd ∼ 38
Hasler et al. (2007) 4 2nd ∼ 38
Matsunaga et al. (2008) 4 2nd ∼ 38
Brakoulias et al. (2013) 5 2nd ∼ 38

Exploratory
Factor
Analysis
(EFA)

10

Girishchandra & Khanna (2001) 5 item 57
Cullen et al. (2007) 4 2nd 40
Wu et al. (2007) 3 item 40
Pinto et al. (2008) 5 item 44
Stein et al. (2008) 5 item 44
M. T. Williams et al. (2011) 5 2nd ∼ 38
M. T. Williams et al. (2014) 5 2nd 65
Asadi et al. (2016) 5 item 41
Cameron et al. (2019) 3 2nd 25
du Mortier et al. (2019) 6 item 41

Confirmatory
Factor
Analysis
(CFA)

4

Summerfeldt et al. (1999) 4 item 44
Summerfeldt et al. (2004) 4 item 62
Wu et al. (2007) a 2nd 40
Katerberg et al. (2010) 5 item 63

Note. Level = Analysis on item level or on 2nd level via a priori symptom categories. Most of 2nd level
studies do no report the specific item count which can only be determined roughly. a None of the models
tested showed sufficient fit.

items are already aggregated. Nevertheless, this body of literature led to an understanding and

consensus on the question of OCD symptom dimensions. The sheer amount of PCAs and EFAs

led Bloch et al. (2008) to do a meta-analysis in order to find aggregated and more generalizable

results. They determined four factors, which reflected the state of knowledge at the time: Fear of

contamination and cleaning compulsions, forbidden thoughts and checking compulsions, symmetry

obsessions and ordering compulsions, and hoarding. The latter factor has been disputed in the

mean time, as clinical research has come to the consensus to separate patients with primary

hoarding symptoms from patients with OCD (American Psychiatric Association, 2013).

Finding that almost all previous studies suffered from at least one of the above-mentioned

drawbacks, we set out to develop a comprehensive factor model for the Y-BOCS-SCL in Manuscript

1. Using an exploratory-confirmatory approach, a two-level factor model was built step-by-step -

an endeavor that had not yet been undertaken. We used exploratory analyses to modify previously
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proposed factors that did not fit well and confirmed them in a second sample. In this manner we

found 10 factors on item level that provided good to excellent model fit and were theoretically well

justified. The aim of a two-level model stemmed from the observation that many studies reported

factors on such a generalized level, but without explicitly modeling the lower factors underneath.

In order to model the 10 item-level factors jointly and to infer possible second-order structures,

we used Bayesian structural equation modeling. This technique provides means to accommodate

for non-substantial cross loadings in a model with a high factor count. Many small cross loadings

deteriorate model fit with large samples in traditional CFA models, as these models assume all

cross loadings to be zero. We found a model with four higher-order factors to fit the data best. With

respect to the literature we named these general OCD factors Contamination, Incompleteness,

Responsibility, and Taboo Thoughts. Our analysis provides a broad account of the Y-BOCS-SCL

that yielded more item-level factors than most previous studies, but demonstrated that the common

notion of four general OCD symptom factors5 finds strong evidence when applying modern tools of

psychometry.

5To be more specific, five factors minus one, i.e., dropping the independent Hoarding factor described in many
previous studies. Our sample did not comprise patients with primary hoarding symptoms nor did the model contain a
hoarding-specific factor.
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3 Assessing measurement invariance
properties of the Y-BOCS

After deriving sound measurement models for both parts of the Y-BOCS as described in the previous

section, our attention turned to the application of the Y-BOCS in clinical trials and clinical research

as a whole. Here, MI plays an important role as group and time point comparisons are likely biased

without stable measurement properties. As comparisons in clinical trials focus on mean differences

for the largest part, we narrowed our interest to strong MI, i.e., the equality of item loadings Λ

and difficulties α across groups, time points, or along continuous covariates like age. Lower stages

of MI are weak MI, where the loadings Λ are constrained, and configural MI. With the latter, only

the factor structure is assumed to be fixed across groups, i.e., factor count and loading pattern

(with some loadings being freely estimated and others being fixed to zero) are the same.

First, in Manuscript 2, we test strong MI globally for a wide range of MI covariates that are of

clinical significance. Subsequently, in Manuscript 3, we extend and demonstrate a comprehensive

approach for dealing with violations of MI.

3.1 Testing measurement invariance6

Despite the vast body of literature concerned with factor models of the Y-BOCS scales, there are

very few studies concerned with MI. The reasons for this blind spot can be found for one thing in

the exploratory nature of most analyses, which disallow modeling and testing MI.7 Another reason

might be that statistical tools of MI analysis have not yet penetrated clinical research.

To our knowledge, there are only two studies evaluating MI for the Y-BOCS (Garnaat & Norton,

2010; Vanhille et al., 2018). Both studies analyze variables that are of secondary clinical relevance

(ethnicity and gender). In order to lend validity to clinical group comparisons, an exhaustive

evaluation of MI of the gold standard of OCD assessment suggested itself.

The regular and frequent assessment at the outpatient center of Humboldt-Universität of

Berlin provided us with a wide range of clinically important variables: Not only time comparisons

of before and after therapy, but also comorbidities, further measures of general distress, data on

the course of OCD, and socio-demographic features.

We conducted global tests of MI by comparing two CFA models: 1) A configural model with

a fixed factor structure that contains no restrictions on item parameters with regard to a MI

covariate (e.g., item loadings and difficulties may vary over time). And, 2) a model where specific

6This section covers parts of Manuscript 2.
7Apart from procrustes rotation, which is rarely applied.
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parameter types are constrained to be constant. A model comparison via a likelihood ratio test

yields a decisive test on whether the assumption of MI is tenable. As the MI covariates differed

in type, we applied three separate approaches for MI testing: multi group CFA for comparing

two groups, longitudinal CFA for comparing time points, and an extension of CFA dedicated to

analyzing MI for continuous covariates (moderated non-linear factor analysis, see Bauer, 2017).

We only found little evidence of violations of strong MI for both scales of the Y-BOCS. Of the

total of 204 tests done (12 factor models by 17 Mi covariates), only six flagged issues with either

strong MI or with the configural models themselves. We treated the latter by looking into the

measurement models via modification indices (Saris et al., 2009) to point sources of misfit out

to the reader. For the case of violations of strong MI, we applied two new statistical approaches

that provide sound arguments for valid group comparisons even when MI does not hold. These

approaches are subject of the next section and of Manuscript 3.

3.2 Dealing with violations of measurement invariance8

When MI does not hold for a specific parameter type, partial MI modeling poses a remedy. Here,

MI is not assumed for the full item set but only for a subset of items, called anchor items. If

MI truly holds for these items, comparisons on parameters of the latent variable are again valid.

This conjecture immediately points towards the crucial point of partial MI analysis: The choice

of anchor items. In order to handle violations of strong MI with the Y-BOCS scales, we applied

two subsequent statistical approaches that concern the issues of anchor item choice for partial MI

modeling: the item cluster approach (Pohl & Schulze, 2020; Pohl et al., in press; Schulze & Pohl,

2020), and, successively, model averaging for partial MI modeling.

3.2.1 Item cluster approach

In applied MI analysis, researchers often come across the situation that the basic level of configural

MI holds, but more stringent levels like strong MI are violated. When that happens, researchers

regularly look at the variance in item parameters caused by the MI covariate in order to get an

idea of the extent of differential item functioning (DIF, i.e., measurement non-invariance). For

example, one could examine the differences in item difficulties across two groups. This practice

comes with a caveat, because zero difference between the parameters of the same item does not

imply that this item poses no violation of MI. More generally, such differences of item parameters

cannot be interpreted on an absolute scale. The reason for this is scale indeterminacy of the latent

variables. They need to have an artificially defined distribution, as they are not actually observed

data. Artificial mathematical constraints are necessary to give a scale to latent variables, which in

turn also establish scales for the item parameters. These arbitrary settings in two groups at once

obliterate meaningful comparisons between two parameters. The issue of scale indeterminacy in

the context of MI analysis is explained in greater depth and visually in Manuscript 3.

Although we cannot interpret absolute differences in item parameters, inspecting DIF in the

configural model still gives an idea on the pattern of DIF. When looking at the DIF values for all

items, one might notice that some items return roughly the same value, e.g., 0.5. Regardless of the

8This section covers parts of Manuscript 2 and the subject of Manuscript 3.
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issue of scale indeterminacy we can still conclude that those items do not portray DIF relative to

each other. It might thus be permitted to use these items for anchoring the latent scale, if we have

further reason to believe that MI truly holds for this specific subset of items. This reasoning is

the basis of the item cluster approach. It divides an item set into subsets of items which function

roughly equal relative to each other (Pohl & Schulze, 2020; Pohl et al., in press). When specifying a

partial MI model the researcher can then choose among these item clusters. Such choices should

be grounded in expert knowledge on the items and the phenomenon at hand. Having an (usually)

low number of item clusters should make it easier to make an informed choice than choosing single

items from the whole item set.

We applied the item cluster approach to cases where strong MI was violated with one of the

Y-BOCS scales and report the resulting item subsets in Manuscript 2. A more in-depth example

can be found in Manuscript 3 for case of the symptom factor Cleanliness compared for female and

male patients. Four item clusters emerged in this example that can be interpreted as reflecting

hidden multidimensionality in this 12-item scale. In this case, there was no clear intuition which

item cluster was to be preferred as anchor item set for partial MI modeling. For such cases, we

developed a model averaging technique.

3.2.2 Model averaging for partial MI modeling

Pohl et al. (in press) describe the item cluster approach as a technique that makes all decisions

in the wake of DIF analysis and partial MI modeling transparent and open for discussion. To

reiterate, partial MI models are necessary when comparisons on latent variables are to be made,

e.g., comparing severity before and after therapy, but when the prerequisite of MI does not hold

for all items. Despite the liberties granted by the item cluster approach, the researcher is still

confronted with choosing a single item subset as anchor for a single final partial MI model. From

our experience when applying partial MI analyses, anchor item choices often come with some

degree of uncertainty, even when discussing the items with experts in their field. In Manuscript 3,

we thus propose to capture this uncertainty in a traditional Bayesian sense. We delineate a model

averaging approach that uses information of a whole set of partial MI models, either derived from

item clusters or other anchor choice procedures. These models are then weighted with respect to a

parameter of interest, e.g., the latent mean difference between two groups. We suggest to chose

the weights a priori as such that they express the certainty put into single anchor candidates.

With the example of the Cleanliness symptom factor and gender, we illustrated this approach.

Most importantly, we show how the standard error of the group mean difference is affected

by analytic choices. In general, the standard error increases with weights expressing higher

uncertainty. This desirable property of the model averaging approach for partial MI models

illustrates that the common uncertainty in anchor item choice can and should be taken into

account.
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4 Discussion

In the following, I will first give a general summary of the presented studies and address several

points that are not part of the original manuscripts. Secondly, I will discuss current developments in

psychometry with their relationship to clinical research as a whole and measuring OCD specifically.

4.1 Findings

This thesis had the goal to apply current psychometrical approaches to the clinical assessment

of OCD. In a first step, we evaluated existing factor models and proposed a two-level model for

OCD symptoms as well as a modification of a OCD severity model. The two-level symptom model

constitutes an amalgamation of different strands in literature. It integrates both the item-level

perspective and theory on general symptom domains. Building on this comprehensive examination

of factor models we evaluated the MI properties of the Y-BOCS and applied new approaches that

deal with violations of MI. Our findings were reassuring that most group comparisons on the latent

Y-BOCS scales are indeed valid.

4.1.1 Foundations of OCD symptom factors

When looking at our results of the two-level factor analysis of OCD symptoms, the number of four

general factors did not surprise in the light of the literature. Many studies with cruder analysis

approaches have found four or five factors - dropping the out-dated Hoarding factor leaves three to

four. Beside the more in-depth analysis in the first study presented in this thesis, one cannot deny

that the factors of Contamination, Taboo Thoughts, and Checking seem to be rather stable across

many samples (Bloch et al., 2008). This notion suggests that more general (neuro-)psychological

mechanism might be the basis of differential symptom presentation in OCD.

There is a growing body of literature on the association of OCD and specific emotions, namely

disgust, shame, and guilt. There is evidence that disgust-sensitivity as a trait might be associated

with contamination obsessions and cleaning compulsions (for an overview see Berle & Phillips,

2006). Some neuroimaging studies provide a provisional link between disgust-sensitivity and

increased insula activity on the one hand and patients suffering from washing compulsions on the

other (Phillips et al., 2000). Again, a correlation is discussed for the feeling of shame being specific

to aggressive and sexual obsessions (for an overview see Weingarden & Renshaw, 2015), which are

subsumed under the general factor of Taboo Thoughts in this thesis. Lastly, pathological guilt is

reported to occur more frequent in patients with OCD and permeate all OCD symptom clusters

(Shapiro & Stewart, 2011). Ultimately, the specifity of these three emotions to the general OCD
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symptom factors might be limited, nevertheless it poses an interesting idea that the differentiation

of OCD symptoms could partly be explained by differences in basic neurocognitive mechanisms.

Additionally, this strand of research requires solid assessment and modeling of OCD symptoms. I

will come back to this issue from a psychometrical perspective in the last section of the Discussion.

4.1.2 Latent variable models in clinical trials

We provided an extensive MI analysis of the Y-BOCS in two manuscripts and justified these efforts

with the importance of MI for group comparisons. Here, I would like to discuss the relevance of our

findings to typical clinical psychological trials, e.g., the evaluation of psychotherapy for OCD. Such

a trial would usually compare several distinct treatment groups across several time points on a

predefined outcome measure. For the treatment of OCD the outcome measure would oftentimes be

the Y-BOCS severity rating. Typically, a simple scoring would be done by adding ratings on the ten

severity items to come up with a single score intended to measure severity of OCD.9 The scoring

procedures are chosen from by clinical expertise, but, nevertheless, no latent variable modeling is

applied. Consequently, the discussion of MI properties of the applied instruments does play no

significant role in clinical trials.

But, crucially, MI is in principle as relevant to the scoring methods used in clinical trials as

to latent variable models. A scoring method can be viewed as a strict formative measurement

model that assumes the absence of measurement error and the equality of all item loadings and all

item difficulties. Scoring methods for one thing underestimate outcome effects by incorporating an

unknown quantity of measurement error into the score. Secondly, they do also deprive themselves

from testing MI and thus underpinning the validity of their effect measures.

However, latent variable models have a drawback from the perspective of the researcher in a

clinical trial: They do not necessarily provide a single outcome variable. Like in the example of the

Y-BOCS severity rating there are two or three latent variables derived from the item ratings. When

using several instruments, the amount of outcomes quickly diversifies and multiplies, making

interpretation of the results more complex. On the other hand, like for the two-factor model of

severity as reported by Fatori et al. (2020), such models reflect substantive theory well. The two

factors for obsessions and compulsions correlate only moderately, opposing the creation of a single

score from a psychometrical position.

4.2 Advancement of clinical research through psychometrics

In this thesis, I have set out the current state of psychometrical analyses of OCD assessment for

the case of the Y-BOCS - with the merits and drawbacks in the approaches commonly applied. In

the following, I will review two subjects where the assessment of OCD can further benefit from

elaborated psychometrical tools.

9For example, all randomized clinical trials cited in the German guideline on the treatment of OCD proceed in this
manner (Hohagen et al., 2014).
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4.2.1 Innovative psychometric methods

With Bayesian SEM, we applied a modern technique that aims at integrating features of CFA

and EFA: While cross loadings in multidimensional CFA models have to be explicitly allowed,

EFA does the exact opposite. In Bayesian SEM, small cross loadings are allowed, larger ones

are suppressed by means of prior settings. This approach naturally changes the meaning of a

factor as compared to traditional CFA. Bayesian SEM has been critized in this respect (Stromeyer

et al., 2015). For the case of clinical diagnostics, we would like to argue that symptoms contain

an inherent heterogeneity making them very different from items in an ability test, for example.

While most of psychometric theory has been developed within the context of cognitive testing,

transferring the same models to clinical assessment may come at a cost. The same discussion

exists since decades in personality assessment (Marsh et al., 2009; McCrae et al., 1996) and does

at the very least trigger the growth of the psychometrical tool box.

While latent variable models have historically grown in cognitive testing and than migrated

into clinical assessment, the case is different with networks models. Here, a recent surge in

popularity can be seen, starting with Borsboom et al. (2011). In network models, the cause-and-

effect relationship of latent variable models is discarded and replaced by a flexible and complex

model of mutual relationships. This recent trend in clinical psychometry has been criticized (e.g.,

Bringmann & Eronen, 2018). First, network come along with very little psychometric theory in

terms of assumptions on the underlying processes. They are an exploratory approach precluding

hypothesis testing. Furthermore, there is no clear distinction between network models and latent

variable models on a mathematical level. They are no opposites, although some publications leave

such an impressions. They move on the continuum of the model space from rather restrictive and

theory-driven models to models with an abundance of parameters, which are primarily data-driven.

Related to the issue of the effect-and-cause-relationship in latent variable modeling is the

topic of formative models. Contrary to network models, this model family has been on a steady

decline in the past decades. Formative models assume that the latent variable is constructed

from the items, in contrast to the typical indicator model found in factor analysis. For clinical

assessment, such models can be of interest, as there always is a clearly restricted item space - in

contrast to cognitive testing, items are not arbitrarily replaceable, but item content is fixed by

clinical consensus on what defines a disorder. An early proponent of formative models is PCA, but

modern conceptions are also present (Bollen & Diamantopoulos, 2017). The search for fruitful

psychometrical approaches to clinical assessment could thus also emerge from this direction.

4.2.2 Symptom structure of OCD

The evident heterogeneity of OCD symptoms, ranging from checking locked doors to compulsive

mental counting, naturally raises the question whether there is a meaningful inner structure.

Learning about such a structure has clear practical significance like informing therapeutic strategy,

but can also answer questions on the development, maintenance, and natural change in OCD

symptoms. From a psychometrical view, there are two main structural options to consider: There

could be distinct subgroups of patients defined by specific symptom patterns. Alternatively, there

could be symptoms frequently co-occurring with other symptoms in all patients suffering from
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OCD. These different ideas reflect the concept of latent classes and factors. The latter have been

discussed extensively in this thesis, but latent classes deserve some treatment as well.

Compared to the wealth of factor analyses there are only few studies looking at OCD symptoms

from a latent class perspective (e.g., Delucchi et al., 2011) or who aim to disentangle latent

dimensions and classes via taxometric approaches (Olatunji et al., 2008). Their findings are rather

inconclusive. This might be caused by the separation in modeling approaches: Either dimensions

or classes. If in truth the response generating process is governed by both latent structures

simultaneously, neither factor analysis nor latent class analysis can give the full picture.

Modeling both types of latent structures at once is achieved by factor mixture models (e.g., see

Bauer & Curran, 2004). The vast possibilities such models offer come at a drawback: There is a

plethora of ways to build a factor mixture model. Which parameters are allowed to differ across

classes? How many classes are there? Does the number of factors vary as well? These issues have

to be addressed when using factor mixture modeling for the analysis of OCD symptoms. A most

general factor mixture model is provided by Murphy et al. (2020).
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Previous research using the Yale-Brown Obsessive Compulsive Scale (Y-BOCS) suggests that

the heterogeneous symptoms of obsessive-compulsive disorder (OCD) may reflect four underlying

dimensions. However, past results vary substantially, which may be due to (a) the reliance on

aggregated scores, (b) the common use of exploratory factor analyses, and (c) the exclusion of several

symptoms. The present study tested the homogeneity of the original Y-BOCS categories using

confirmatory factor analysis and modified categories where necessary. To test multidimensional

models, data were further analyzed with Bayesian structural equation models, which better

capture item heterogeneity in contrast to ordinary factor analysis. All analyses were run with two

samples of patients with OCD allowing for cross-validation. Only a minority of the original Y-BOCS

categories proved to be homogeneous. Modification yielded 10 homogeneous first-order factors,

which can be reduced to four second-order factors: Incompleteness, Taboo Thoughts, Responsibility,

and Contamination. This two-level factor model outperformed competing factor structures. The

results corroborate the notion of four broader symptom dimensions in OCD, although the specific

factor structure deviates from previous research. Differences presumably derive from using the

full range of OCD symptoms and the combined exploratory and confirmatory approach with BSEM

as a theoretically more appropriate analytical framework.

10© 2018. This manuscript version is made available under the CC-BY-NC-ND 4.0 license: https://creativecommons.
org/licenses/by-nc-nd/4.0/
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A.1 Introduction

Obsessive-compulsive disorder (OCD) is a mental disorder that comprises a large variety of hetero-

geneous behaviors, cognitions and feelings. Rather diverse symptoms like repeated checking of

windows or electric devices, recurrent fears of inappropriate sexual acting or feeling, or excessive

cleaning and clearing may lead to the same diagnosis. Although these symptoms share recur-

ring intrusive cognitions and repetitive compulsions, it is unlikely that they do not represent a

homogeneous nosological entity but may rather be arranged along several overlapping symptom

dimensions (for an overview see Mataix-Cols et al., 2005). Evidence of overlapping symptom

dimensions comes from factor analyses of symptom inventories like the Yale-Brown Obsessive Com-

pulsive Scale and its symptom checklist (Y-BOCS-SC, Goodman, 1989), which is often considered

the gold standard in OCD assessment (Rosario-Campos et al., 2006). A large number of studies

used exploratory factor analysis (EFA) and applied it to the 13 scores for symptom categories of

the Y-BOCS checklist. A systematic review (Mataix-Cols et al., 2005) and meta-analysis (Bloch et

al., 2008) concluded that four factors may best explain the heterogeneity of obsessive-compulsive

symptoms. These factors are defined by (a) fear of contamination and cleaning compulsions, (b)

forbidden thoughts and checking compulsions, (c) symmetry obsessions and ordering compulsions,

and (d) hoarding.

Although these factors represent a plausible hypothetical model of OCD symptom dimensions,

factor structure reliability is limited by known shortcomings of EFA. In fact, the number of

extracted factors ranges from three (Baer, 1993) to five (e.g., Stein et al., 2008) in different studies,

and „no two studies report precisely the same structure“ (Wu et al., 2007, p.646). This drawback

arises from the data-driven nature of EFA that does not rely on a pre-specified factor model and

instead calculates all possible factor loadings. Hence, EFA does not provide means of testing

different models of symptom dimensionality or incorporating theory into the analytical model

beforehand.

Two studies attempted to overcome the shortcomings of EFA using confirmatory factor analysis

(CFA) to test the absolute fit of competing factorial models on the basis of Y-BOCS categories. To

reflect substantive theory in multidimensional CFA, factor loadings can be constrained to zero to

express theoretically derived and distinct factors. Compared to EFA, these model constraints allow

for rigorous model tests. In an early study, Summerfeldt et al. (1999) tested models containing

one through four factors and found that a four-factor model following Leckman et al. (1997)

demonstrated the best fit. In a combined sample of OCD and non-OCD outpatients, Wu et al.

(2007) compared the fit of a three-factor model sensu Baer (1993) and a four-factor model sensu

Leckman et al. (1997). Both models did not provide sufficient model fit. In summary, CFA provides

a means of rigorous theory-driven model testing but so far only one study found evidence of a

multidimensional model with sufficient data fit. However, despite the methodological advantages

of confirmatory approaches in the context of substantive clinical theory, CFA has been denounced

for being too strict in multidimensional models (e.g., Marsh et al., 2009) - a critique that we will

address at the end of this section.

Both the exploratory and confirmatory approaches discussed so far were based on scores

for symptom categories, each reflecting how many single symptoms from a broader category a

patient experiences. These categories are defined a priori on the basis of clinical and theoretical
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considerations. Using the categories implies homogeneity of the aggregated symptoms. This

assumption has been questioned (e.g., Pinto et al., 2008) but has not been tested explicitly so

far. Several studies evaded the assumption of symptom categories and applied EFA to the single

symptoms (e.g., Stein et al., 2008). The results resemble those of category level EFAs, but variation

in factor number was considerable (three: Wu et al. 2007; to seventeen: Hantouche & Lancrenon,

1996). Only two studies applied first-level CFA: Summerfeldt et al. (1999) tested the four-factor

model according to Leckman et al. (1997), providing insufficient fit. Katerberg et al. (2010)

combined EFA and CFA in a single large sample of OCD patients. First, EFA informed about

likely symptom dimensions. Then, a CFA variant allowing a high number of cross loadings was

used to test the fit of models with four to eight factors, with a five-factor model displaying the best

fit. Although remarkable within the few studies applying an item-level approach, the high model

complexity due to cross-loadings diminishes interpretability of the factors found by Katerberg et al.

(2010). Additionally, studies on item-level alone cannot yield clear evidence nor counterevidence

for the bulk of research on second-level factors.

Aside from the aforementioned the drawbacks, most studies in the literature suffer from an

additional issue: item loss. Category level analyses invariably ignore about 20 symptoms referring

to "miscellaneous" categories because their aggregation seems unreasonable (Summerfeldt et al.,

1999, Mataix-Cols et al., 2005). Analyses on item level on the other hand tend to drop numerous

items that do not display a clear loading pattern. Notable exceptions in this matter are Katerberg

et al. (2010) and Summerfeldt et al. (2004).

In summary, contemporary knowledge on OCD dimensionality is largely rooted in research

using untested item clusters as basis for (mostly exploratory) factor analysis on second level.

Furthermore, substantial parts of the range of OCD symptoms are ignored in most studies.

The goals of the present study have been derived directly from the issues described above.

Given that hitherto existing second-order factor models for OCD symptoms predominantly rely on

first-order factors with untested and questionable homogeneity, the main goal was to determine a

second-order factor model for OCD symptoms that is based upon a sound first-order structure. To

reach the latter, we followed previous approaches in relying on the clinically rooted Y-BOCS-SC

categories and further popular symptom dimensions, but tested their homogeneity using CFA

in a first sample of OCD patients and modified factors with insufficient homogeneity to obtain

new homogeneous factors. In order to consider the full scope of OCD symptoms, we also arranged

the miscellaneous items within this framework of first-level OCD factors. The new factors were

validated in a second sample of OCD patients. In a final step, all Y-BOCS-SC items and their

respective factors were included in a single model to evaluate factor intercorrelations and thus a

possible second-order factor structure reflecting previous findings of OCD symptom dimensions.

In this last step, we introduce Bayesian structural equation modeling (BSEM) as an alternative

statistical approach in CFA. Basically, BSEM expands the researchers’ ability to transfer theory

into statistical models. Whereas CFA knows only two kinds of item-factor relations (none at

all vs. some value), BSEM allows for indefinite nuances between these two. Although a rather

new technique, the use of Bayesian approaches to OCD symptom multidimensionality has been

advocated before (Mataix-Cols et al., 2005).
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A.2 Method

A.2.1 Samples

We analyzed data from two samples of OCD outpatients who were consecutively admitted to a

university outpatient center for psychotherapy. The outpatient center specializes in OCD and offers

individualized cognitive-behavioral therapy for patients participating in experimental research

of the research unit. Before treatment, all patients receive standardized diagnostic procedures

including a Structured Clinical Interview for DSM-IV disorders (SCID I, Spitzer et al., 1992;

SCID II, First et al., 1995) applied by trained clinical psychologists and supervised by senior

psychotherapists. Patients were included in this analysis if they fulfilled DSM-IV criteria of OCD

as their primary diagnosis (American Psychiatric Association, 2000). We excluded patients who

would not fulfill OCD criteria according to current DSM V (American Psychiatric Association, 2013)

criteria (in particular, patients with hoarding disorder but without OCD). In addition, the samples

did not include data from patients with comorbid neurological, psychotic or borderline personality

disorder and patients with a verbal IQ below 80 (according to the Wortschatztest, Schmidt &

Metzler, 1992), because patients with these characteristics are generally excluded from treatment

in the outpatient center.

A first sample was used to extend and develop the measurement model of the Y-BOCS and

consisted of N = 278 subjects from the years 2010 to mid 2013. For purposes of cross-validation in

a different sample we analyzed data from a second cohort of N = 240 subjects, eighty percent of

which were surveyed from mid 2013 to end of 2015.11 See Table A.1 for details on both samples.

Participants were informed before participating that their responses would be treated confiden-

tially and anonymously and that all data would be analyzed in a generalized manner so that no

conclusions could be drawn about individual persons. All participants gave written consent for

using their data in research and were informed about their right to withdraw their permission

subsequently. The local ethics committee at Humboldt-Universität zu Berlin approved of the study

(protocol number 2016-33).

A.2.2 Measures

The German Y-BOCS (interview and checklist, Hand & Büttner-Westphal, 1991) was administered

as part of the standardized diagnostic procedures. 60 items of the checklist were included in

the analysis. This excluded several items compared with the first version from Goodman et al.

(1989): All „other“-items concluding most sections were excluded due to ambiguity in meaning for

factor analytical purposes. In addition some specified items were excluded, because they were not

regularly recorded due to clinical decisions („fear of doing something else embarrassing“, „bothered

by certain sounds/noises“, „trichotillomania“, and „self-damaging or self-mutilating behaviors“,

sexual obsessions with “content involving homosexuality“ and contamination obsessions comprising

„no concern with consequences other than how it might feel“).

All symptoms in the checklist were rated for current and lifetime occurrence. Separate

analyses were run for both types, but only lifetime data is reported in detail. The results for

11The remainder consisted of patients surveyed at the first wave that initially were dropped from the first sample
due to missing data on variables irrelevant to the present paper.
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Table A.1: Sample characteristics. 
 
 Sample A Sample B 
N 278 240 
Age   

Mean ± SD 33.81 ± 10.87 33.22 ± 10.26 
Min, Mdn, Max 17, 32, 83 17, 31, 69 

Sex 49.6% female 58.8% female 
Y-BOCS   

Total 21.94 ± 6.84 22.85 ± 4.63 
Obsessions 10.89 ± 4.05 11.29 ± 3.48 

Compulsions 11.10 ± 4.20 11.55 ± 4.92 
Comorbid disorders   

Other anxiety 
disordersa 32.7% 18.8% 

Current major 
depression 23.0% 22.5% 

Lifetime major 
depression 53.6% 55.8% 

Obsessive-compulsive 
PD 8.3% 5.4% 

Other PD 12.5% 6.3% 
No comorbid disorder 22.7% 29.2% 

Note. PD = personality disorder. a Includes all phobias, panic 
disorder, generalized anxiety disorder, and PTSD. 
 

current symptoms are reported in an aggregated manner (appropriate model fit regarding the

criteria listed below, i.e., two fit indices are rated good).

A.2.3 Statistical Analysis

CFA

CFA was applied using a weighted least squares estimator (WLSMV) to fit the dichotomous

nature of the answer format (Beauducel & Herzberg, 2006). The fitness of the measurement

models was tested using the criteria proposed by Hu and Bentler (1999). The chi-squared test

was supplemented by a root-mean-square error of approximation (RMSEA) ≤ 0.05, a lower bound

of the 90% confidence interval of the RMSEA ≤ 0.05, or a comparative fit index (CFI) ≥ 0.95.

Additionally, we used the weighted root-mean-square residual (WRMR) as fit index for weighted

least squares estimators, where Yu (2002) proposed a WRMR < 1.0 as indicator of appropriate

model fit. Following Hu and Bentler (1999), multiple indices should reach their thresholds to

reliably confirm a model. All CFA models were implemented in R using the lavaan package

(Rosseel, 2012).

In multidimensional models, ordinary CFA assumes completely independent clusters of items.

Item cross-loadings are thus regarded as fixed effects constrained to zero (Marsh et al., 2009).

Given the inherent heterogeneity and broadness of psychiatric symptoms this assumption might

be too strict for clinical purposes. Analyzing heterogeneous data with traditional CFA might lead

to an overextraction of factors and obscure the true structure. Church and Burke (1994) argue that
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small deviations from complete independence may have no substantial theoretical impact and are

thus statistically justifiable Hence, we exclusively relied on CFA only for testing homogeneity of

symptom categories, but used BSEM as a complementary approach for multidimensional analyses.

BSEM

Compared with CFA, BSEM (Muthén & Asparouhov, 2012) treats the zero-fixed cross-loadings

areas random effects with mean zero and a small variance (σš= .01) in a normal distribution,12

which allows for sample-wise minor divergences from complete independence (for further examples

of this procedure see Bujacz et al., 2014; Golay et al., 2013; Smith et al., 2016). Hence, BSEM

mimics some characteristics of exploratory factor analysis (all cross loadings allowed), but explicitly

separates main and cross-loadings and provides means of testing model fit.

The BSEM approach inflates the number of estimated parameters, and ordinary maximum-

likelihood estimation is not feasible. BSEMs instead utilize a Markov chain Monte Carlo (MCMC)

algorithm that uses prior information about the parameters. For more information on Bayesian

estimation and BSEM in particular we would like to refer the reader to technical descriptions

(Muthén & Asparouhov, 2012) as well as several recent applications, both clinical (Smith, et al.,

2016) and nonclinical (Bujacz et al., 2014; Golay et al., 2012).

Comparable to the maximum likelihood estimator in CFA, the MCMC estimator produces a chi-

squared statistic to evaluate the model fit with a credibility interval generated by the distribution

parameters of the MCMCs. Inferred from this distribution is the posterior predictive p-value

(PPp) as a test of model fit, where a value of PPp = .50 indicates perfect model fit. Muthén and

Asparouhov (2012) propose the traditional Neyman-Pearson threshold of PPp < .05 as a valid

indicator of model misfit, although Bayesian modeling typically relies on model comparisons

instead of fixed cut-offs.

No further procedures to evaluate model fit are provided by the software that was used. We

calculated BSEMs using the routine implemented in MPlus (v6.12; Muthén & Muthén, 2011).13

General Analytical Approach

A diagrammed overview of our analytical approach can be found in Figure A.1. In a preliminary

analysis, we evaluated several existing multidimensional models using both CFA and BSEM

approaches. These analyses allowed comparisons to other research and served as a baseline for

evaluating the fit of an altered measurement model. Representing the current four-factor models

(e.g. Bloch et al., 2008), we chose to use the model by Leckman et al. (1997) on item level as well as

the data-driven five factor model by Katerberg et al. (2010) that incorporates miscellaneous items.

12The chosen cross-loadings variance results in a 95% interval of [-.20; 20] for the loadings, a level which is considered
negligible in factor analysis (a common cut-off is |.30|; see Fabrigaret al., 1999).

13MPlus uses a Gibbs sampler for MCMC estimation (for further details see Muthén & Asparouhov, 2012). As an
iterative procedure, the result of a Gibbs sampler in principle depends on its starting values. To ensure meaningfully
converged estimations, the starting values of two MCMC chains were altered (Golay et al., 2013). A common way to
determine convergence of multiple Markov chains is the Potential Scale Reduction statistic (PSR; Gelman & Rubin,
1992), where a value below 1.1 is taken as an indicator for estimation convergence. A maximum of 200,000 iterations
was tested and models without sufficiently low PSR were considered as not converged. The first main loading of each
factor was fixed to assure model identification.
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first level

second level

sample A sample B

CFA: Testing existing models

CFA: Testing of a priori
Y-BOCS symptom categories

CFA: cross-validation
of the 10 factors

BSEM: testing complete
10 factor model

Modification of
unfitting symptom categories

BSEM: testing complete
10 factor model

EFA of the 10 factors

BSEM: cross-validation
of complete model

BSEM with second
order factors

Modification indices:
correlated item errors?

factor
split

reassign single items
by theoretical
considerations

merge highly
correlated factors

Figure A.1: Overview of the analytical approach. BSEM = Bayesian structural equation modeling,
EFA = Exploratory factor analysis, CFA = Confirmatory factor analysis.

In the main analysis, the first step comprised testing the homogeneity of the original Y-BOCS

categories in sample A using separate CFAs for each category. In order to mathematically identify

a model comprising only one factor, four items are necessary. In case of factors with only three

items as indicators, the item loadings were constrained to be equal for the purpose of model

identification (also called tau equivalency). Factors comprising only two items (e.g., hoarding or

religious obsessions) cannot be subject to CFA.

As some categories proved to be inhomogeneous, the second step aimed at determining the

lowest possible number of homogeneous factors by modifying each theoretically derived factor one

by one. In case of the Y-BOCS-SC categories with only one or two items, we used factors from the

models by Leckman et al. (1997) and Katerberg et al. (2010) as starting points. The steps of the

modifications process were as follows:

1) In an exploratory-confirmatory manner we computed modification indices (Saris et al.,

2009) that represent the decrease in a CFA’s chi-squared value if a single constraint in the model

is removed. Being a chi squared statistic, modification indices higher than 3.84 (d f = 1) are

considered statistically significant. Primarily, we evaluated covariances of item error terms, as

these indicate the existence of multiple facets instead of a single factor (for a general overview also

see Ullman, 2006).

2a) If the highest significant modification index indicated multiple facets we then separated

items into two factors according to the modification indices and assessed the model fits of the split

factors individually.

2b) In case single items or item pairs remained unassigned due to this process, their correlations
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with theoretically fitting factors were evaluated and the items were allocated accordingly.

3) Repeating step 1 and 2, further factor splits were made, if necessary.

4) As this approach can result in a large number of factors exhibiting high correlations, we

subsequently assessed factor correlations in multi-factor CFAs. I.e., we began piece together the

full model by starting with those Factors that were expected to be related from a theoretical point

of view. We assessed them in a single multi-factor model. Strongly correlated factors (r > .80) were

merged (again) for the sake of parsimony and interpretability. Fit indices were irrelevant at this

stage.

5) Finally, the second sample served to validate the modified factors.

The third step utilized BSEM to evaluate the fit of the full alternative model and integrated

first- and second-order factors. As pointed out above, the current knowledge on OCD symptom

dimensionality is mainly drawn from studies looking for second-order factors and using exploratory

techniques. After establishing a refined measurement model for the Y-BOCS, we followed the

same approach and analyzed the factor correlation matrix resulting for sample A with maximum

likelihood EFA. The resulting second-order factors were added to the BSEM, where Y-BOCS-SC

dimensions with multiple substantial EFA-loadings (>.30) on different factors were allowed to

have secondary loadings in the BSEM as well. We then ran models with increasing numbers

of second-order factors and checked for a drop of PPp values in sample A. Such a drop would

indicate saturation and the onset of overfitting of the model on the second level. Sample B allowed

cross-validating our results in an independent sample.

A.3 Results

A.3.1 Evaluation of existing multidimensional models

Both benchmark measurement models by Leckmann et al. (1997) and Katerberg et al. (2010,

incorporating the original’s cross-loadings) failed to fit the data in CFA (see Table A.2). The same

accounted for the fit in BSEM, as indicated by low PPp-values (see Table A.4).

A.3.2 Evaluation of predetermined symptom categories

Of the 15 rationally derived symptom categories of the Y-BOCS-SC, only 7 contained three or more

items and allowed testing for factor homogeneity. As can be seen in Table A.2, the Contamination

Obsessions, Sexual Obsessions, and Cleaning Compulsions categories provided adequate fit for

lifetime and current symptoms. Additionally, the Checking Compulsions category displayed

sufficient fit for current symptoms. There were no other Y-BOCS-SC categories with acceptable fit.

A.3.3 Development of new homogeneous Y-BOCS factors (sample A)

We than continued with a search for more homogeneous factors with the procedure described in

the Methods section. In total, we examined 67 different item-factor configurations including the

finally derived 10 first-level factors.

34



Table A.2: CFA model fits. 

 Items χ²  df p WRMR CFI RMSEA 90%-CI of 
RMSEA 

Fit 
currenta 

Sample A (N = 278)          

Leckman et al. (1997)b 41 1750.01 773 <.001 1.740 .821 .068 .063 - .072 no 
Katerberg et al. (2010) 50 1911.91 1159 <.001 1.417 .890 .048 .045 - .052 no 
Original Y-BOCS categories         

Aggressive Obsessions 8 51.93 20 <.001 1.052 .948 .076 .051 - .102 no 
Contamination 
Obsession 8 33.54 20 .029 0.767 .993 .049 .016 - .078 yes 

Sexual Obsessionsc 3 0.11 2 .946 0.112 1.000 .000 .000 - .018 yes 
Miscellaneous 
Obsessions 8 74.70 27 <.001 1.098 .937 .080 .059 - .102 no 

Cleaning Compulsions 4 3.55 2 .170 0.412 .999 .053 .000 - .141 yes 
Checking Compulsions 6 30.24 9 <.001 1.001 .951 .092 .057 - .130 yes 
Miscellaneous 
Compulsions 10 83.59 35 <.001 1.101 .921 .071 .051 - .090 no 

Modified Y-BOCS factors         

Aggressive Impulses 6 4.73 9 .857 0.354 1.000 .000 .000 - .037 yes 
Responsibility 8 46.78 20 .001 0.919 .970 .070 .044 - .096 yes 
Keeping Order 6 21.35 9 .011 0.811 .971 .070 .032 - .109 yes 
Magical Thinking 6 20.24 9 .016 0.750 .996 .067 .027 - .107 yes 
Mental Exactnessc 3 4.58 2 .101 0.742 .993 .068 .000 - .153 yes 
Somatic Obsessionsc 3 2.28 2 .320 0.545 .997 .022 .000 - .124 yes 
Mental Urges 5 4.91 5 .427 0.481 1.000 .000 .000 - .083 no 
Pure Repetitions 6 7.83 9 .551 0.474 1.000 .000 .000 - .061 yes 
Sample B (N = 240) – Modified Y-BOCS factors  

Aggressive Impulses 6 9.97 9 .353 0.531 .999 .021 .000 - .078 yes 
Responsibility 8 74.27 20 <.001 1.243 .954 .107 .081 - .133 no 
Keeping Order 6 34.41 9 <.001 1.120 .943 .109 .072 - .148 no 
Keeping Order (excl. 
Hoard.) 4 4.47 2 .107 0.518 .994 .072 .000 - .163 yes 

Magical Thinking 6 22.52 9 .007 0.829 .983 .079 .039 - .121 yes 
Mental Exactnessc 3 2.20 2 .334 0.517 .999 .020 .000 - .132 yes 
Somatic Obsessionsc 3 4.48 2 .106 0.762 .976 .072 .000 - .164 yes 
Mental Urges  5 9.62 5 .087 0.707 .970 .062 .000 - .121 yes 
Pure Repetitions 6 6.37 9 .703 0.446 1.000 .000 .000 - .056 yes 
Sexual Obsessionsc 3 3.62 2 .163 0.695 .992 .058 .000 - .153 yes 
Cleanliness 12 198.75 54 <.001 1.378 .963 .106 .090 - .122 no 
Note. Values in bold indicate good fit (Hu & Bentler, 1999). a Fit when using ratings of current 
symptomatology, not lifetime. “Yes” when at least two fit indices suggested appropriate model fit, 
“no” otherwise. b Diverging from the original, this model was tested on item level like all other 
presented models. c Item loadings were constrained to equality to assure model identification.  
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The Sexual Obsessions category was not modified as it provided sufficient fit in sample A.

Results concerning the new categories are reported in Table A.2, along with all CFA results of

sample B. The item key of the rearranged factors can be found in Table A.3.

The fit of the Aggressive Obsessions category increased considerably, when the last two items

(Fear will harm others; Responsibility for something terrible happening) were excluded. The

remaining six items proved to be appropriate for a single factor model using both lifetime and

current symptoms. To mark the modification we labeled this factor Aggressive Impulses.

The Checking Compulsions category absorbed the two excluded aggressive obsessions items.

Furthermore, the miscellaneous item "Measures (other than checking) to prevent: harm to self-

/harm to others/terrible consequences" fitted well with the extended checking category, which was

thus relabeled Responsibility. The item "Checking tied to somatic obsessions" displayed close

relationships to the other two somatization-related items and was thus relocated. Eventually, the

Responsibility dimension comprised eight items, which revealed good fit in sample A.

The two Somatic Obsessions items were augmented with the somatic checking item and the

resulting factor showed excellent fit in both analysis variants. Contamination Obsessions and

Cleaning/Washing Compulsions provided good fit as single factors in sample A and the 12 items in

total proved to load on the same factor. The combined scale was called Cleanliness.

Items concerning symmetry and hoarding were integrated into one dimension (Keeping Order,

for specific items see Table A.3), for both lifetime and current symptoms. One item concerning

symmetry obsessions included magical thinking and was not part of the Keeping Order factor, but

instead triggered the formation of a factor labeled Magical Thinking. Further items were religious

obsessions concerning sacrilege and blasphemy as well as several miscellaneous items concerning

superstitiousness (see Table A.3). Magical Thinking included six items and proved to be stable

with good model fit.

The second religious obsessions item, "Excess concern with right/wrong or morality", displayed

relationships with two specific miscellaneous items: "Fear of saying certain things" and "Fear

of not just saying the right thing". This three item group showed excellent fit as well as a clear

distinction from other factors and was labeled Mental Exactness, accordingly.

The not yet assigned items of the Repeating Rituals category and Miscellaneous Obsessions

and Compulsions were analyzed in an exploratory manner and made up two more distinct factors:

Mental Urges and Pure Repetitions (for items see Table A.3). Both factors displayed excellent fit

except for the case of current Mental Urges symptoms.

A.3.4 Cross-validation of modified factors (sample B)

Using sample B, we were able to confirm most factors developed in sample A (see Table A.2). Misfit

occurred in three cases: Responsibility failed to provide adequate fit in sample B. An inspection of

modification indices revealed the item "Checking locks, stoves, appliances, etc." being the main

disturbance. Yet, we decided to keep the item in order to preserve the full range of OCD symptoms.

Cleanliness had less favorable properties in sample B, too, which was mostly due to high

pairwise correlations of the items “Excessive concerns with environmental contaminants” and

“Excessive concern with household items” as well as the two items “Concerned will get ill because

of contaminant” and “Concerned will get others ill by spreading contaminant”. In an exploratory
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Table A.3: Item key for the 10 Y-BOCS dimensions, item frequency and loading 
(lifetime). 

 

Factor/Item Sample A Sample B 
% loadinga % loadinga 

Aggressive  Impulses         
Fear might harm self 28.1 0.61 26.7 0.65 
Fear might harm others 40.3 0.87 36.3 0.96 
Violent or horrific images 43.5 0.72 44.6 0.75 
Fear of blurting out obscenities or insults 16.5 0.55 22.1 0.61 
Fear will act on unwanted impulse 28.1 0.95 23.3 0.94 
Fear will steal things 7.2 0.55 5.0 0.53 
Sexual Obsessions         
Forbidden or perverse sexual thoughts, images, 21.6 0.90 23.3 0.92 
or impulses 
Content involves children or incest 9.4 0.90 10.8 0.86 
Aggressive sexual behavior towards others 7.9 0.89 7.5 0.74 
Responsibility         
Fear will harm others because not careful enough 33.5 0.82 39.6 0.87 
Fear will be responsible for something else 44.2 0.75 58.3 0.74 
terrible happening 
Checking locks, stoves, appliances, etc. 68.0 0.66 75.8 0.69 
Checking that did not/will not harm others 30.2 0.87 38.8 0.89 
Checking that did not/will not harm self 15.1 0.61 22.5 0.49 
Checking that nothing terrible did/will happen 45.0 0.89 52.9 0.86 
Checking that did not make mistake 71.9 0.55 79.6 0.64 
Measures (other than checking) to prevent: harm 34.5 0.41 43.8 0.52 
to self, harm to others, terrible consequences 
Keeping Order         
Hoarding/saving obsessions 16.2 0.83 17.1 0.33 
Obsessions with need for symmetry or 34.9 0.55 38.8 0.89 
exactness, not with magical thinking 
Fear of losing things 40.6 0.62 47.5 0.28 
Ordering/arranging compulsions 31.7 0.67 36.7 0.93 
Hoarding/Collecting Compulsions 20.5 0.84 19.6 0.41 
Excessive listmaking 16.5 0.67 23.8 0.56 
Magical Thinking         
Concerned with sacrilege and blasphemy 18.7 0.74 18.3 0.52 
Obsessions with need for symmetry or exactness, 30.2 0.75 28.8 0.61 
with magical thinking 
Lucky/unlucky numbers 27.3 0.57 23.3 0.88 
Colors with special significance 10.4 0.69 8.8 0.83 
Superstitious fears 26.3 0.99 22.5 0.91 
Superstitious behaviors 20.5 0.99 15.4 0.89 
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Factor/Item Sample A Sample B 
% loadinga % loadinga 

Cleanliness         
Concerns with bodily waste or secretions 40.6 0.79 45.4 0.78 
Concerns with germs or dirt 61.9 0.94 58.8 0.96 
Excessive concerns with environmental contaminants 24.1 0.69 26.7 0.76 
Excessive concern with household items 18.7 0.62 30.4 0.74 
Excessive concern with animals 24.1 0.54 27.9 0.57 
Bothered by sticky substances or residues 33.8 0.75 39.6 0.81 
Concerned will get ill because of contaminant 49.3 0.85 47.9 0.81 
Concerned will get others ill by spreading  32.4 0.62 43.8 0.61 
contaminant 
Excessive or ritualized hand washing 51.4 0.93 51.3 0.88 
Excessive or ritualized showering, bathing, 46.0 0.81 43.3 0.83 
tooth brushing, or grooming 
Involves cleaning of household items, 40.3 0.88 46.3 0.86 
inanimate objects 
Other measures to prevent or remove contact 47.8 0.91 53.8 0.95 
with contaminants 
Somatic Obsessions         
Concern with illnes or disease 53.6 0.73 53.8 0.77 
Excessive concern with body parts or aspect of 25.9 0.51 32.5 0.46 
appearance 
Checking tied to somatic obsessions 38.5 0.77 46.3 0.82 
Mental Urges     
Need to know or remember 41.0 0.70 48.8 0.67 
Intrusive (nonviolent) images 33.8 0.72 37.1 0.54 
Intrusive nonsense sounds, words, or music 19.4 0.66 20.0 0.58 
Mental rituals (other) 37.1 0.67 37.9 0.62 
Need to tell, ask, or confess 23.4 0.63 25.8 0.63 
Pure Repetitions         
Re-reading or re-writing 64.7 0.64 65.0 0.66 
Need to repeat routine activities 39.2 0.84 35.8 0.83 
Counting compulsions 34.9 0.75 34.2 0.65 
Need to touch, tap or rub 30.9 0.80 33.8 0.92 
Rituals involving blinking or staring 20.9 0.74 17.5 0.75 
Ritualized eating behaviors 11.9 0.41 16.3 0.35 
Mental Exactness         
Excess concern with right/wrong, morality 44.2 0.79 57.5 0.66 
Fear of saying certain things 32.7 0.93 29.2 0.80 
Fear of not saying just the right thing 36.3 0.80 42.1 0.78 
 Note. All loadings are statistically significant with p < .01. a Standardized loadings 
from the 10F model (without second order structure), where all main loadings were 
estimated freely. 
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manner we then tested the model by Feinstein et al. (2003) that distinguishes two Cleanliness

factors (“feeling dirty” and “fearing harm from contamination”). In contrast to one overarching

factor it provided acceptable model fit in sample B, lifetime symptoms, χ2(26)= 49.12, CFI= .993,

WRMR= 0.796, RMSEA=.061, 90%-CIRMSEA [.034; .087], and current symptoms, χ2(26)= 50.59,

CFI=.992, WRMR=0.824, RMSEA=.063, 90%-CIRMSEA [.036; .089].

As a third misfit, the validation of Keeping Order with sample B failed. When the two hoarding

items were excluded, model fit increased significantly to a good level (see Table A.2). Yet, for

reasons of comparability we decided to include these items in all subsequent analyses.

A.3.5 Test of multidimensional models

Using BSEM to evaluate the fit of the refined 10-factor model as a whole, the PPp indicated

adequate fit in both samples (see Table A.4). As the original model was altered using data of

sample A, its PPp was higher than in sample B. The highest random cross-loading in the BSEMs

was very small with λ= .15 (Responsibility on "Fear of losing things”).

BSEM model configurations with one through six second-order factors tested in sample A are

shown in Figure A.2. Assessing increasing factor counts, the PPp reached its maximum with the

model containing four higher factors (Table A.4). The first second-order factor Incompleteness com-

Table A.4: BSEM model fits. 
 

 lifetime symptoms current symptoms 
 95%-credibility 

interval 
 95%-credibility 

interval 
 

 lower upper PPp lower upper PPp 
Sample A       
Leckman et al. (1997) 9.79 257.48 .018 -27.61 213.22 .063 
Katerberg et al. (2010) 211.88 537.55 .000 55.26 339.61 .004 
10F (1st level) -60.98 319.61 .102 -83.33 282.79 .154 
10F + 1F -44.15 325.43 .072    
10F + 2F -32.06 340.24 .070 -53.26 324.53 .068 
10F + 3F -134.36 228.36 .332 -116.06 246.27 .256 
10F + 4F -139.70 218.63 .354    
10F + 5F -120.21 240.25 .248    
10F + 6F -135.16 211.76 .301    
Sample B       
Leckman et al. (1997) 3.87 270.98 .024 -51.04 234.11 .064 
Katerberg et al. (2010) 118.23 438.11 .000 69.29 372.22 .000 
10F (1st level) -25.97 367.09 .058 -34.89 341.09 .063 
10F + 1F       
10F + 2F       
10F + 3F -90.87 270.68 .153 -74.41 299.35 .129 
10F + 4F -107.02 256.22 .236    
10F + 5F -106.14 268.04 .208    
10F + 6F -94.90 268.68 .185    
Note. All models were estimated with a N (0, .01) prior on the cross-
loadings. Empty rows are non-converged models. Results reported were 
estimated using seed 429. PPp = Posterior predictive p-value. 
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prised five symptom factors: Keeping Order, Pure Rituals, Magical Thinking, Mental Urges, and

Mental Exactness. The second factor Taboo Thoughts related to sexual as well as aggressive

obsessions and had a significant random cross loading to Mental Exactness in Sample A. The third

second-order factor was a sole representation of the Responsibility factor. The fourth and final

second-order factor Contamination contained Somatic Obsessions and Cleanliness.

For cross-validation in sample B, the significant cross loading of Mental Exactness on Taboo

thoughts was added as a free parameter in our four-factor model (see Figure A.3). Again, this

model displayed the best fit in terms of PPp (see Table A.4). In general, some models did not

converge in both samples as indicated in Table A.4.

A.4 Discussion

Current knowledge on OCD symptom dimensionality is majorly drawn from analyses of the

Y-BOCS checklist. Previous studies that utilized the checklist focused on assessing its factor

structure on either category level or item level only. Both approaches are associated with different

advantages and disadvantages but may not provide optimal models of symptom dimensionality.

The significant heterogeneity of previous results might stem from these issues. In order to obtain

an improved model, we first tested the homogeneity of original symptom categories. Modification of

non-homogenous categories yielded a new set of ten modified symptom categories. Further analysis

using EFA and BSEM showed that a two-level factor model consisting of these categories and four

second-order factors may best describe the symptom dimensionality in OCD.

A.4.1 Evaluation of the original Y-BOCS categories

Although the assumption of the Y-BOCS category’s homogeneity has been challenged in previous

research (Pinto et al., 2008; Summerfeldt et al., 1999), no study has been looking into this

matter extensively. Confirmatory analyses provided support for substantial parts of the 13

original non-miscellaneous symptom categories. Sexual Obsessions, Contamination Obsessions,

and Cleaning/Washing Compulsions provided good fit when analyzing both lifetime and current

symptoms. The Checking Compulsions category displayed homogeneity only for current symptoms,

Aggressive Obsessions failed to fit the data with one-dimensional models. Not surprisingly,

the miscellaneous categories did not prove to be unidimensional. The unsatisfying position of

these latter items and the incomplete confirmation of the original Y-BOCS categories justified a

modification that aimed at determining the lowest possible number of homogeneous first-order

factors.

A.4.2 Modified first-order factors and second order factors

Due to the broad range of included items and mostly excellent fit, the new categories provided

an optimized basis for a second-order analysis. The result of this analysis is consistent with

previous literature reviews suggesting that four factors may best explain the heterogeneity of

OCD symptoms (e.g., Mataix-Cols et al., 2005; Bloch et al., 2008). However, explicit tests of

comprehensive models reproducing a specific factor configuration are rare. We used the models

of these few studies (Katerberg et al., 2010; Summerfeldt et al., 2004, who applied the model
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Figure A.2: BSEM models with second-order factors tested in sample A.

by Leckman et al., 1997) as a benchmark and found evidence for the superiority of a new two-

level factor model. This model is similar but not identical to previously suggested four-factor

models. Deviances may largely result from the inclusion of miscellaneous items and from our

methodological approach that integrated data-driven exploration as well as theory-based decisions.

In the following, we will discuss the deviances along the four second-order factors.
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Incompleteness

This factor is probably the most interesting to the reader, as it comprises most of the miscellaneous

items. The higher-order factor Incompleteness partly reflects the meta-analytic finding that the

hoarding, symmetry, ordering, repeating, and counting categories of the Y-BOCS-SC refer to a

single second-order factor in non-English samples (Bloch et al., 2008). Our model extends this

finding as the majority of items formerly summarized as miscellaneous belong to Incompleteness,

too. These phenomena thus proved to reflect a single underlying psychological dimension. In

Summerfeldt et al. (2004), the majority of miscellaneous items were assigned to “Obsessions

and Checking”, a factor comprising aggressive, sexual, religious and checking symptoms. This

divergent finding might be due to the incorporation of religious obsessions in Summerfeldt et al.’s

(2004) factor, items that were relocated in our analysis.

The label “Incompleteness” was taken from Summerfeldt et al. (2004) and Rasmussen and Eisen

(1992), who suggested a dichotomy of incompleteness and harm-avoidance as basic motivational

structures in patients with OCD. This term implies underlying psychological motivations and

emotions, which are not directly assessed by the Y-BOCS-SC. Given the broadness of this factor,

this rather general term seemed appropriate, although we do not allege that the items covered by

Incompleteness represent the totality of this concept, but they make up the core. The relationship

we suggest between a broad range of OCD symptoms labeled Incompleteness and the assumed

latent psychological processes should be part of future research.

The Keeping Order factor comprised a variety of items, including hoarding, symmetry, ordering,

and list making. Katerberg et al. (2010) found almost the same structure, including two Mental

Urges items. We decided to use a different factor label than most previous studies (“symme-

try/hoarding”), as those two aspects do not reflect the whole factor and our samples did not contain

distinguished hoarders. This fact directly relates to another observation: previous studies often

separated hoarding from the other OCD symptoms, which was not true in our analysis. This is

probably due to the exclusion of primary hoarders in our sample, who fall into a different diagnostic

category than OCD since DSM-V (American Psychiatric Association, 2013; Mataix-Cols et al.,

2010). Still, only the exclusion of the two hoarding items lead to sufficient model fit in sample B,

which points to their possibly distinguished position.

Alongside repeating rituals and counting compulsions the Pure Repetitions factor contained

miscellaneous compulsions (Need to touch, tap or rub; Rituals involving blinking or staring;

Ritualized eating behaviors). Only one study to our knowledge included all these miscellaneous

items before (Summerfeldt et al., 2004) and found relationships to several second-order factors

sensu Leckman et al. (1997). An explanation for their diverging findings might be the assignment

of religious obsessions and repeating ritual items to different second-order factors. The four-factor

model described in the present study concentrates the items of both scales on the same second-order

factor.

With Magical Thinking, a factor was established that has been mostly neglected in the Y-

BOCS literature. This is obviously due to the common practice of leaving out the miscellaneous

items which make up most of this factor. However, another analysis using the full range of the

Y-BOCS-SC items came to similar conclusions ("superstition" factor, Katerberg et al., 2010). Its

relationship the Incompleteness factor is curious, as previous studies have found no correlation
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with (counting-related) magical thinking and incompleteness measures (Ecker & Gönner, 2008).

Magical thinking as defined by the Y-BOCS SC has thus to be the subject o further research.

Eventually, the Mental Urges factor consisted of items reflecting mental impulses and pure

mental compulsions that are not further specified and are not directed at a specific range of envi-

ronmental stimuli (e.g., sexual or aggressive). Mental Urges consisted completely of miscellaneous

items and was thus made up from scratch in our analysis without any predecessor. The distinctness

and good model fit of this factor emphasizes the benefit of analyzing the miscellaneous items.

Responsibility

The original aggressive obsessions and the checking compulsions category share some commonali-

ties, as was first noted by Summerfeldt et al. (1999). We replicated Pinto et al.’s (2008) finding

that the last two aggressive obsessions items (Fear will harm others because not careful enough;

Fear will be responsible for something else terrible happening) do not fit into the original category

and instead showed a strong propensity to checking compulsion items. In addition, the item

“non-checking measures to prevent damage or terrible things” joined this scale. As the new scale

thus departed from its original content, we chose the term Responsibility, a suggestion drawn

from Rachman’s (1993) concept of “inflated responsibility” cognitions and Pinto et al.’s (2008, p.

89) reflections on "overresponsibility for harm". With sample B, we were not able to replicate the

newly derived Responsibility factor. The item "Checking locks, stoves, appliances, etc." was the

dominant disturbance. As this item captures a core aspect of OCD, we decided to keep the item for

theoretical reasons, despite the decreased statistical fit in sample B.
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Figure A.3: Parameters in the final second-order model. Notes: Only loadings and correlations
with p < .05 are displayed. Values are sample A / sample B.
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Taboo Thoughts

The remaining six aggression items reflected Aggressive Impulses in contrast to "overresponsibility

for harm" (Pinto et al., 2008), as captured by the Responsibility factor. These items fitted a

one-factor solution well in both samples. The same accounted for a statistically distinct sexual

obsessions factor. The distinctness of these two factors on item level reflects the arrangement of

the Y-BOCS-SC but has not been shown in item-level analyses before. The same is true for most

exploratory category-level analyses, although a minority reports sexual and aggressive obsessions

loading on different second-order factors (Feinstein, 2003; Mataix-Cols et al. 1999, 2002; Stewart

et al., 2007; Tek & Ulug, 2001).

Due to the heterogeneity of the original aggressive obsessions category it often collocates with

checking compulsions. The present study corroborates findings of Summerfeldt et al. (2004) and

Pinto et al. (2008) and disentangles “overresponsibility for harm” obsessions and “fear of taboo

impulses”. We were able to show that Aggressive Impulses and Sexual Obsessions are distinct on

item-level and at the same time both reflect the second-order-factor of Taboo Thoughts. The latter

emerged first in our second level analysis (see Figure A.2) and was thus the most prominent.

Contamination

One of the most reliable findings in previous studies is the association of Contamination Obsessions

and Cleaning/Washing Compulsions. Thus, not surprisingly, both Y-BOCS categories fitted best

when loading on the same single factor in sample A. This did not account for sample B, leading

us to test competing factor structures. Feinstein et al. (2003) suggested two domains within

the Contamination Obsession and Cleaning/Washing Compulsion items: one capturing feeling

dirty, the other comprising fears of harm. We found evidence supporting this model over the

unidimensional model in sample B. On the downside, Feinstein et al.’s (2003) model expels three

items and item assignment is less intuitive than the two factor labels suggest. In sum, we decided

to keep the former factor structure, although we want to encourage further investigation of the

contamination and cleaning domain of OCD.

Our 10 factor model comprises a distinct Somatic Obsessions factor. While some item-level

analyses also find a somatic-specific factor (Denys et al., 2004; Stein et al., 2008), others locate it

with checking items (Wu et al., 2007) or the broad taboo thoughts factor (Pinto et al., 2008). Lastly,

some studies drop the somatic items (Katerberg et al., 2010). The inconclusive results on somatic

obsessions could be due to the exploratory approach of most studies in conjunction with the low

number of indicators in the Y-BOCS-SC. Katerberg et al. (2010) argue that somatic obsessions may

reflect hypochondriasis instead of core OCD symptomatology.

We found a second order Contamination factor comprising both Cleanliness and Somatic Obses-

sions. While some category-level analyses point in the same direction (e.g., Baer, 1994; Hantouche

& Lancrenon, 1996; Stewart et al., 1997), others find correlations with Checking Compulsions (e.g.,

Deny et al., 2004; Leckman et al., 1997). These disparate findings most likely stem from the item

“Checking tied to somatic obsessions” that is allocated with the Checking Compulsion category in

the original Y-BOCS-SC but has been relocated in our model. The correlation of checking behaviors

and somatic obsessions echoes in our findings, as the Contamination second-order factor separated
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from a combined Contamination/Responsibility factor in the three factor solution, suggesting a

harm-avoiding component (Summerfeldt et al., 2004).

A.4.3 Methodological strengths and limitations

The present study advances previous analyses with respect to two major methodological issues.

Besides the inclusion of miscellaneous item Y-BOCS-SC items we would like to highlight the appli-

cation of more sophisticated measurement using a Bayesian approach as suggested by Mataix-Cols

et al. (2005). The heterogeneous nature of OCD symptoms defies the assumption of independent

item clusters in CFA. BSEM introduces some flexibility in measurement models without abandon-

ing the representation of substantive theory. By adding all cross-loadings with a range restriction

to the model, small and only small deviations from complete independence are allowed. In other

words, BSEM strikes a balance between theory-laden traditional CFA that relies heavily on statis-

tical preconditions on the one hand and data-driven EFA obscuring theoretical implications on the

other.

Despite (and due to) the promising nature of BSEM some caveats have to be discussed. Due

to the novel nature of BSEM, criteria of model fit are sparse. The restriction to the PPp for

model evaluation increases the risk of a type 2 error: We might accept models today that could

be discarded by more elaborate model fit procedures in the future. Additionally, which PPp value

represents good fit, beyond the basic requirement of PPp > .05? Compared to other applications

of BSEM, the PPp values in this study are moderate (Bujacz et al., 2014: PPp = .102; Golay et

al., 2013: PPp = 0.620; Smith et al., 2016: PPp < .001).All studies reported multiple models. The

values cited here belong to the best fitting models that were comparable to the procedure used in

this study. Compared to the PPp of the baseline models taken from Leckman et al. (1997) and

Katerberg et al. (2010) the final model presented here is a vast improvement, that additionally

was found to fit a second independent sample.

More conceptually, Stromeyer et al. (2015) argue that BSEM might blur strong theoretical

assumptions like independent item clusters calling for well designed indicators. The non-zero

cross-loadings in BSEM might lead to artificially increased model fit and decrease reproducibility

and thus validity at the same time. This point holds true for items in competence tests (were the

origins of CFA are), but not for items displaying symptoms of mental disorders. The former are

designed to be interchangeable item twins while the latter are defined through clinical expertise

and phenomena presented by psychiatric patients. The small size of the largest cross-loading found

( = .15) underlines their mere statistical necessity in BSEMs in contrast to traditional CFA. The

model’s meaning remains unchanged. Stromeyer et al. (2015) continue to point out the possibly

reduced generalizability of BSEMs due to their complexity. As the random cross-loadings might

reflect sampling error, cross-validation becomes more important. Despite some flaws discussed

above we were able to reproduce most of the factors found in sample A. The core result of four

factors was replicated in our second sample.

A.4.4 Conclusion

The presented findings align well with the existing literature on OCD but extend current knowledge

to the full range of symptoms mentioned in the Y-BOCS-SC. We provide evidence of core aspects of
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current theory, like the number of four general factors incorporating a Taboo Thoughts factor and

Cleanliness. Previous EFA based studies often yielded results reflecting our second-level factor

findings in substantial parts (see Bloch et al., 2008). On the other hand, we found evidence of a

separate responsibility-related factor deriving from checking compulsions. Equally important is

the finding of a broad factor labeled incompleteness comprising symmetry, ordering, superstition,

repetition, and scrupulosity items among others.

Differences to previous analyses can be attributed to a different composure of the underlying

scales: Where other analyses used the predefined Y-BOCS scales, we were able to show a lack of

homogeneity in some of these, leading to a reevaluation on item level. We defined 10 Y-BOCS-SC

item categories and were able to validate most of them in a second sample. The misfit of three item

categories establishes ground for further research. Aside from Keeping Order, the second sample

did not provide sufficient fit for the Cleanliness as well as the Responsibility factor. Especially

Cleanliness warrants further investigation, for example drawing on the suggestions of Feinstein et

al. (2003).
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B Manuscript 2

Schulze, D., Reuter, B., Elsner, B., & Kathmann, N. (2021). Measurement invariance widely holds for

the Yale-Brown Obsessive Compulsive Scale. Manuscript submitted to Journal of Anxiety Disorders.

The clinician-rated Yale-Brown Obsessive Compulsive Scale (Y-BOCS) is a cornerstone in the

assessment of obsessive-compulsive disorder (OCD). Measurement invariance (MI) properties of

the Y-BOCS have very rarely been addressed in the past, although MI is a prerequisite to all

group or time point comparisons in clinical research. Here, we provide a thorough investigation of

the factor structure and MI of the Y-BOCS severity rating and its symptom check list in a large

sample of OCD patients (N = 1066). MI covariates of interest included time (before and after

therapy), severity, comorbidity, previous treatments, and demographics. Overall, only a minority

of all tests for the Y-BOCS severity rating and its symptom check list indicated problems with

MI, underpinning the validity of the Y-BOCS in clinical comparative research. We discuss a three

factor model for the severity rating in comparison to two distinct obsessions and compulsions

factors under omission of the resistance item. Overall, the merits and validity of modeling OCD

severity and symptoms with latent factors instead of sum scores are forthright.
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B.1 Introduction

For the assessment of obsessive-compulsive disorder (OCD) the Yale-Brown Obsessive Compulsive

Scale (Y-BOCS, Goodman, Price, Rasmussen, et al., 1989; Goodman, Price, Rasmussen, et al.,

1989) represents the gold standard as dominant clinician-rated instrument (Deacon & Abramowitz,

2005; Fatori et al., 2020). The Y-BOCS subsumes two distinct parts, an assessment of the severity

of OCD symptoms, usually viewed as its core section, and an extensive symptom check list to gauge

the occurrence of specific OCD symptoms both in the present and the past. Many translations of

the English version in various languages are available, like German (Hand & Büttner-Westphal,

1991), French (Mollard et al., 1989), or Persian (Esfahani et al., 2012). When inquiring into the

structure of OCD symptomatology and its treatment the Y-BOCS often was an instrument of choice

(Mataix-Cols et al., 2005), alongside self-reports like OCI-R (Foa et al., 2002) or DOCS (Abramowitz

et al., 2010). Accordingly, an impressive body of research dealing with psychometric aspects of

the Y-BOCS accumulated in the last 30 years, even allowing meta-analysis of factor analytical

studies (Bloch et al., 2008). Nevertheless, one aspect has broadly been neglected: measurement

invariance (MI), i.e., the stability of measurement properties over time or in group comparisons. In

a clinical setting, MI is especially important when assessing the outcome of a treatment, as valid

conclusions on the assessed construct can only be drawn if the measurement properties themselves

remain unchanged. In general, MI properties of the Y-BOCS were rarely reported in the past,

even in studies focusing on psychometrics. This study provides an extensive investigation into MI

of the Y-BOCS for many clinically relevant variables, like time in the course of therapy, overall

impairment and comorbidity among others.

B.1.1 Measurement Invariance

The conceptual definition of MI as stability and fairness of a measurement instrument translates

to mathematical properties of a measurement model. In factor analysis such models comprise three

item characteristics: loadings, intercepts, and residuals. MI holds if these model parameters are

unaffected by a covariate, i.e., multiple time points, a grouping variable like gender, or a continuous

variable like age. Global tests for MI thus consist of comparing a model with equalized parameters

to another one where parameters depend on the covariate. The three item parameters yield several

stages of invariance tests (Meredith, 1993): Initially, weak MI implies a similar factor structure

(configural invariance) and equal factor loadings. These conditions are viewed as prerequisites

for comparisons of regression slopes between groups (Chen, 2007) and are therefore sufficient in

correlational studies. The second stage called strong invariance adds equal item intercepts. Strong

MI is a prerequisite if latent mean scores are to be compared between groups or time points (Chen,

2008). Finally, as a third and last step, strict invariance represents the additional equality of the

item residuals. This stage assures equality in reliability.

In this paper, we will focus on strong invariance, as comparisons of latent means make up the

major portion of clinical research questions, like comparing patients before and after therapy. In

all following sections, we will separate between the Y-BOCS severity rating (Y-BOCS-SR) and the

Y-BOCS symptom check list (Y-BOCS-SCL).

To our knowledge, only two studies explicitly investigated MI of the Y-BOCS-SR. Vanhille
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et al. (2018) assessed a sample of OCD patients and found no violations of MI for gender, but

did not evaluate further MI covariates. Garnaat and Norton (2010) used ethnicity (asian, black,

hispanic, and white) as MI covariate in a large US-american student sample complemented by

a small outpatient sample, which included a small portion of patients with OCD. Weak MI was

supported throughout all comparisons, while problems with strong invariance pertained to all

group comparisons.

We are not aware of any studies investigating MI of the Y-BOCS-SCL, although many studies

analyzed its factor structure in order to learn about the structure of OCD symptoms. In their

meta-analysis Bloch et al. (2008) looked at MI on an aggregated level, i.e., MI covariates like

language or adult/child version. Their analysis neither did provide information on MI on an

individual level nor on clinically relevant variables.

B.1.2 Aim of this study

Surprisingly little is known about the MI properties of the Y-BOCS as gold standard in OCD

assessment. Despite a 30-year history and the large body of research utilizing measurement

models (for an overview see Bloch et al., 2008; Fatori et al., 2020), there is an utter lack of

evidence that MI holds for the Y-BOCS scales with respect to variables relevant to clinical research.

Nevertheless, such studies build the foundation for the validity of score comparisons of Y-BOCS

assessments. In this paper, we will thus investigate the factor structure and MI of both, Y-BOCS-

SR and Y-BOCS-SCL, in a sample of OCD patients. The basic measurement models were drawn

from the literature (Deacon & Abramowitz, 2005; Fatori et al., 2020; Kim et al., 1994; McKay et al.,

1995; Schulze et al., 2018). For testing MI we will address the following variable domains typically

contained in clinical research: Time course over therapy, comorbidities, characteristics of OCD,

therapy experience and motivation, and demographics.

B.2 Methods

A large sample (N = 1066) of patients with primary diagnosis of OCD underwent treatment at a

university outpatient center for psychotherapy in Germany. The outpatient center is specialized in

the cognitive behavioral treatment of OCD. Therapies are conducted by licensed psychotherapists

who have completed a training of three to five years in cognitive behavioral therapy. We present

data on patients from 2007 until February 2020 when the COVID-19 pandemic forced changes in

our diagnostic procedures. As initial diagnostics, patients received a standardized assessment plan

including a Structured Clinical Interview for DSM-IV disorders (SKID I & SKID II, First et al.,

1995; Spitzer et al., 1992). Patients were included in the sample only if the primary diagnosis was

OCD as defined by DSM-IV or, depending on the time of inclusion in the sample, DSM-5 criteria of

OCD (American Psychiatric Association, 2000, 2013). Persons with one of the following features

were generally excluded after initial diagnostics: predominant hoarding symptoms, comorbid

neurological, psychotic or borderline personality disorder, substance dependence, suicidal ideation,

and patients with a verbal IQ below 80.

Patients were repeatedly assessed with the German version of the Y-BOCS (interview and

symptom check list, Hand & Büttner-Westphal, 1991) at the following time points: initial diag-
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nostics, start of therapy, every 20 therapy sessions thereafter, and a final assessment after end of

therapy. At initial diagnostics, patients had an average Y-BOCS total score of 22.67 (Median = 23,

IQR[19; 27]).

The 10 items of the Y-BOCS-SR (Goodman, Price, Rasmussen, et al., 1989) assess time spent,

interference, distress, resistance, and control for obsessions and compulsions. These items were

rated by a trained clinician. We included 60 closed-response items of a German translation of the

Y-BOCS-SCL (Ertle, 2012). The checklist was self-rated for current and lifetime symptoms. We

chose to report results on current symptoms (present/not present) in detail only.

B.2.1 Covariates

Time of assessment for all covariates was the initial diagnostic session Tdiag (except for time itself).

We thus used this time point’s Y-BOCS data for cross-sectional MI analysis. Here, sample size

varied between 907 and 1066, as some covariates, primarily demographics, included missing data.

Gender, age, and SES

Of the total sample, n = 573 (55.3%) self-identified as female and n = 463 as male. Median age

was 31 years (mean = 33.70) and the interquartile range IQR[25 years; 40 years]. Socioeconomic

status (SES) was measured by summing up three seven-point rating scales on education, income,

and occupational prestige (Winkler & Stolzenberg, 1999). SES ranged on the whole scale with a

median of 9 points (IQR[7; 12]).

Migration background

We rated all patients as having a migration background, who themselves or whose parents were

not born in Germany (first and second generation immigrants). The treatment center’s city was

and is subject to migration from Turkey, Poland, Russia, Italy, and Bulgaria (five most prevalent

ancestries in decreasing order). In our sample, n = 190 patients had migration background (20.9%).

Time

While all N = 1066 patients were assessed with the Y-BOCS at initial diagnostics Tdiag, sample

size at subsequent measurement points dwindled due to drop out or omitted assessment. Only

n = 423 patients provided complete data for a comparison of Tpre and Tpost at beginning and end

of therapy. The time differences between Tpre and Tpost varied across persons, with a median

duration of 12 months and IQR[6 months; 18 months].

Comorbid anxiety disorder

Comorbid anxiety disorders comprised the following: Panic disorder with and without agoraphobia,

social phobia, specific phobias, generalized anxiety disorder, and post-traumatic stress disorder.

This accounted for n = 276 (25.9%) patients.
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Comorbid depression

For comorbid depressive disorder, we subsumed single major depression episodes, recurring de-

pressive episodes, and dysthymia. N = 319 (29.9%) patients suffered from a concurrent depressive

disorder at the time of initial assessment, rising to a total count of n = 608 (57.0%) when past

remitted episodes were included. Additionally, we evaluated MI for two self-report questionnaires:

the Montgomery-Åsberg Depression Rating Scale (MADRS, Montgomery & Åsberg, 1979) and

the revised Beck’s Depression Inventory (BDI-II, Beck et al., 1996; Hautzinger et al., 2006). Sum

scores were calculated in both measures, yielding a median score of 12 (mean = 13.28, IQR[6; 19])

for MADRS and a median score of 19 (mean = 19.40%, IQR[11%; 27%]) for the BDI2.

Comorbid obsessive-compulsive personality disorder

Obsessive-compulsive personality disorder (OCPD) was the most frequent personality disorder in

our sample and was diagnosed with n = 58 (5.4%) of our patients. The literature discusses OCPD

as a particularly important comorbid disorder (Pinto et al., 2007).

General mental health

We applied the general severity index of Brief Symptom Inventory (BSI, Derogatis & Melisaratos,

1983; Franke, 2000) as a self-report measure of a broad range of psychiatric symptoms. Scores

totaled to a median of 48.5 (mean = 54.17, IQR[29; 74]). Additionally, the diagnostician rated global

assessment of functioning (GAF) as defined by the DSM-IV (American Psychiatric Association,

2000). Median GAF was 55% (mean = 55.71%, IQR[50%; 61%], Min = 5%, Max=90%).

Age of symptom onset

Patients were asked at what age any first obsessive-compulsive symptom occurred. Median age

of onset was 16 years, mean 17.78 years and the interquartile range IQR[11 years; 22 years].

We additionally calculated the latency between age of onset and first contact with our institution

(years since onset, median = 14 years, IQR[7 years; 22 years]).

Previous therapy

We collected data on previous treatments due to OCD, which could comprise psychotherapy

(n = 754), pharmacological treatment (n = 695), or both. In total, n = 858 (83.9%) patients had

received treatment before.

Motivation for change

Based on an initial interview the clinician rated the patient’s motivation to change behaviors

causing psychological stress on a five-point scale from not present to very high. As responses were

strongly skewed towards the upper end, we dummy coded this variable. Motivation was rated

medium or lower for n = 114 (12.4%) patients while n = 803 expressed high or very high motivation

to change.
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B.2.2 Analysis

The Y-BOCS items were five point ordinal (Y-BOCS-SR) or dichotomous (Y-BOCS-SCL) which was

why we primarily applied factor analysis models for non-continuous data (B. Muthén, 1984). These

analyses were conducted in R (R Core Team, 2020) using the package lavaan (Rosseel, 2012), while

we additionally used MPlus 8.4 (L. K. Muthén & Muthén, 1998-2017) assisted by the R package

MplusAutomation (Hallquist & Wiley, 2018) in MI models with continuous covariates. Mplus was

used with a MLR estimator whereas lavaan applies the WLSMV estimator with categorical items.

Baseline Models

Initially we tested a set of original measurement models without any MI covariate in lavaan. As

suggested by Moritz et al. (2002), we included correlated item residuals of item pairs (obsession

and compulsion) for those factors that split obsessions and compulsions. Model fit was assessed by

the chi-square test complemented by fit indices as proposed by Hu and Bentler (1999). For good

fit they recommend the combination of a SRMR ≤ 0.08 with either a RMSEA ≤ 0.06 (or the lower

bound of its 90% confidence interval ≤ 0.06, respectively), or a CFI ≥ 0.95.

In cases where the proposed baseline models failed to provide adequate fit to the data, we

turned to modification indices (Saris et al., 2009) in order to pin down possible improvements.

Modification indices capture the decrease in chi-square should a single previously constrained

model parameter be released (e.g., a correlated error set to zero). We aimed at changing the original

models as little as possible and incorporated theoretical considerations as well as findings from

competing models to justify alterations.

Testing MI

We estimated multi group and longitudinal models in lavaan and evaluated model fit by the same

standards by Hu and Bentler (1999) as mentioned above. In the multi group cases scales were

tested unidimensionally and individually with exception of the Y-BOCS severity models (due to

cross loadings) and the symptom factors Sexual Obsessions, Somatic Obsessions, and Mental

Exactness. The latter consist of only three items thwarting configural MI tests. We thus opted

for a three factor model in this case. Modeling factors in a joint model poses an even stricter test

of MI compared to unidimensional models as potential cross loadings decrease model fit. In all

longitudinal models we included pairwise correlated error terms for repeatedly measured items

(Vandenberg & Lance, 2000).

For testing strong MI we compared the configural factor model, where all item parameters

may differ for different values of the covariate, with a model where strong MI held. In the present

case of binary data, strong MI means that item loadings and thresholds were independent of the

respective covariate.14 We tested the change in the chi-square statistic for statistical significance.

Chi-square tests are susceptible to sample size in the sense that marginal deviations from MI

easily reach statistical significance with typical sample sizes (Brannick, 1995). We thus, secondly,

14Note, that we skipped the common step of weak MI. Doing so had two reasons: First, MI of loadings is preceded by
threshold/intercept invariance in binary data MI analysis, contrary to the analysis of continuous items (Wu & Estabrook,
2016). Secondly, this restriction of binary data MI analysis nevertheless allowed us to go directly for the important goal
of strong MI in order to check the legitimacy of comparing latent means (Chen, 2008).
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looked at the change of fit indices. Following Chen’s (2007) recommendations, we retained the

hypothesis of strong MI compared to configural MI, when a decrease in CFI < .01 was accompanied

by an increase in RMSEA < .015 or an increase in SRMR < .01.

In the case of the metric covariates BDI-II, MADRS, BSI, GAF, age, age of symptom onset, years

since onset, and SES we used moderated non-linear factor analysis (Bauer, 2017) in order to treat

the covariates as continuous. The items of the Y-BOCS-SCL were treated as dichotomous whereas

the ordinal response format of the Y-BOCS-SR had to be treated as metric in this model class.

Currently, MPlus provides only means for model comparison but no common model fit assessments

for this novel MI model type. Configural MI was thus not tested explicitly for these covariates. For

strong MI we relied on information criteria and chi-square difference tests as modified by Satorra

and Bentler (2010). We considered decreases in model fit if the chi square difference test yielded

p < .05, accompanied by an increased Akaike information criterion (AIC), Bayesian information

criterion (BIC), and sample size adjusted BIC (Liang & Luo, 2020).

Investigating non-MI structure

In those cases, where configural or strong MI did not hold we investigated further to portray

possible causes and loopholes. Issues with with configural MI were tackled by inspection of

modification indices (Saris et al., 2009). Failures with strong MI were countered with searching

for item subsets for which MI held individually. We applied the approach proposed by Pohl and

Schulze (2020) and Schulze and Pohl (2020) in combination with a significance test as described

by Bechger and Maris (2015) at a p-level of .05. Identification of invariant item subsets is an

important step in partial MI modeling, where the assumption is relaxed that MI holds for all

items. For further details on the rationale we would like to direct the reader to the sources just

mentioned.

B.3 Results

B.3.1 Baseline Models

For the Y-BOCS-SR, we tested several measurement models taken from the literature (see Table

B.1 and Figure B.1). Of previously published models, good fit was only achieved with a recently

proposed two factor model by Fatori et al. (2020) which excludes the item pair of resistance to

symptoms (see Figure B.1). The factors correlated moderately with r = 0.48. In order to provide

an alternative model that keeps all items, we modified the measurement model via the use of

modification indices in confirmatory factor analysis. Good model fit was only reached when

combining I) split Obsessions and Compulsions factors, II) the concept of a Resistance/Control

factor by Deacon and Abramowitz (2005), and III) allowing cross loadings of the latter factor

(see Figure B.1). As this model is related to a model proposed by Kim et al. (1994), we labeled it

”modified Kim model”. This model fitted the data best, but slightly so. On the other hand, from a

theoretical perspective the modified Kim model is substantially more complex than the model by

Fatori et al. (2020).

Schulze et al. (2018) differentiated the Y-BOCS-SCL into ten factors. When using their proposed

model, four scales needed small changes (see Table B.1). First, we deleted two items concerning
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Figure B.1: Assessed factor models for the Y-BOCS severity rating. Obs = Obsessions. Comp =
Compulsions.
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Table B.1: Fit of baseline models

Model χ2 df p CFI RMSEA LBRMSEA SRMR
Y-BOCS severity rating

One factor 1422.24 35 <0.001 0.756 0.209 0.200 0.131
McKay et al., 1995 522.02 29 <0.001 0.926 0.126 0.117 0.066

Kim et al., 1994 714.21 28 <0.001 0.897 0.152 0.142 0.077
Deacon & Abramowitz, 2005a 1428.38 34 <0.001 0.791 0.196 0.188 0.120

Fatori et al., 2020 145.39 15 <0.001 0.976 0.090 0.077 0.040
modified Kim model 152.09 26 <0.001 0.981 0.067 0.057 0.032

Y-BOCS symptom check listb

Aggressive Impulses 10.58 9 0.306 0.999 0.013 <.001 0.049
Cleanlinessc 453.45 53 <.001 0.972 0.084 0.077 0.074

Keeping Order 7.52 2 0.023 0.992 0.051 0.016 0.036
Magical Thinking 61.51 9 <.001 0.985 0.074 0.057 0.060

Mental Exactnessd 22.71 2 <.001 0.975 0.099 0.065 0.061
Mental Urgesc 4.62 4 0.328 0.999 0.012 <.001 0.026

Pure Repetitions 16.38 9 0.059 0.995 0.028 <.001 0.036
Responsibilityc 112.87 18 <.001 0.974 0.070 0.058 0.067

Sex. Obsessionsd 8.74 2 0.013 0.996 0.056 0.022 0.036
Somatic Obsessionsd 5.44 1 0.020 0.991 0.065 0.021 0.037

Note. LBRMSEA = Lower bound of the RMSEA’s 90% confidence interval. a Model contains no correlated
residuals, see Fig. 1. b Factors taken from Schulze et al. (2018). c Includes some correlated residuals in
comparison to Schulze et al. (2018), see text. d Contain (partly) equalized factor loadings to allow for model
tests.

hoarding disorder in the Keeping Order factor, as hoarding disorder has been separated from OCD

(American Psychiatric Association, 2013). Model fit increased considerably after deletion (see

Table B.1; fit with hoarding items: χ2(9)= 93.90, p < .001, CFI = 0.926, RMSEA = 0.094, SRMR =

0.093). Secondly, we introduced few correlated residuals after inspection of modification indices

and theoretical considerations for three scales: 1) In the Cleanliness factor the closely related items

”Concerned will get ill because of contaminant” and ”Concerned will get others ill by spreading

contaminant” were allowed to correlate. 2) The Mental Urges factor was slightly modified by

introducing a correlated error variance for the related items "need to know and remember" and

"need to tell, ask, or confess". 3) For the Responsibility factor, correlated residuals for ”Checking

locks, stoves, appliances, etc.” with ”Checking that did not make mistake” and ”Fear will be

responsible for something else terrible happening” were allowed due to large modification indices.

B.3.2 Measurement Invariance

Overall, little evidence for issues with MI was found (summary in Table B.2, detailed results in

the Supplements). The Y-BOCS-SR did not fail strong MI for any covariate but GAF, regardless

of using the model by Fatori et al. (2020) or the modified Kim model. A search for homogeneous

item subsets for GAF by using the Fatori model split the Obsessions factor into two sets with the

time spent, distress, and control item versus the interference item. For Compulsions, the pattern

differed with the time spent and interference items versus distress and control items. We did not

look into the modified Kim model as the approach by Schulze and Pohl (2020) cannot handle cross
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loadings.

MI held for most cases for the Y-BOCS-SCL, too. Configural invariance was not given for the

scale Responsibility with the covariate comorbid concurrent depression, the same accounted for

the factor Cleanliness and time. Both symptom scales had mediocre fit in the baseline tests to

begin with and made slight modifications necessary. We found that this subpar baseline translated

into insufficient configural fit since modification indices suggested adding further correlated error

terms. For Responsibility the major disturbance was caused by the correlation of ”Fear will harm

others because not careful enough” with ”Checking that nothing terrible did/will happen” in the

non-depressed group. In the longitudinal model for Cleanliness the items ”Excessive or ritualized

hand washing” and ”Excessive or ritualized showering, bathing, tooth brushing, or grooming”

had substantial residual correlation especially at Tpost, thus explaining the lack of configural

invariance with the covariate time.

Strong MI was violated for the Keeping Order symptom factor with the covariates comorbid

anxiety disorder and BSI as measure for overall impairment. In both cases, two item subsets were

identified for which strong MI held individually. For comorbid anxiety disorder, items ” Obsessions

with need for symmetry or exactness, not with magical thinking” and ”Ordering/arranging compul-

sions” formed one subset while ”Fear of losing things” and ”Excessive listmaking” made up the

other. For BSI, the single item ”Excessive listmaking” stood against the other three.

For the continuous covariates BDI-II, MADRS, and BSI there were several further symptom

factors with significant chi square difference test indicating possible issues with strong invariance.

The BIC on the other hand was more conservative in those cases and rejected the hypothesis of

MI violation. These disparities are not unusual (Marsh et al., 2009) and as BIC weights model

parsimony higher than other fit measures, the strong MI model keeps up more likely.

B.4 Discussion

Our findings on MI of the Y-BOCS put its widespread use in good light as we found little evidence

for violations of strong MI. Also, we were generally able to reproduce basic factor structures

reported in previous studies. Regarding the Y-BOCS severity scale, we would like to emphasize

that our findings do not support the common practice to sum up Y-BOCS ratings to a single total

score, as the single factor model displayed bad fit (see Table 1). The model by Fatori et al. (2020)

reflects the practice to sum up separate obsession and compulsions scores, but good fit can only

be attained when deleting both resistance items. This is clinically comprehensible as the role of

resistance is ambiguous. On the one hand, resistance is considered salutogenetic as it reflects the

patients’ insight and willingness to stop obsessions and compulsions. On the other hand, some

forms of resistance are held to contribute to the maintenance of symptoms and thus constitute a

pathological factor. Alternatively, we exploratorily defined a more complex model with three factors,

which retained all items and was close to a model proposed by Kim et al. (1994) and supported by

Moritz et al. (2002). When comparing the model by Fatori et al. (2020) and the altered version of

Kim et al. (1994), we see a trade off between better overall fit for the modified Kim model and its

higher complexity on the other hand.

The symptom scales of the Y-BOCS-SCL asked for some adjustments in comparison to the

findings of Schulze et al. (2018). First, we deleted both hoarding items from the Keeping Order
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Table B.2: Global Tests on Measurement Invariance of Y-BOCS
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Y-BOCS Fatori S S S S S S S C† S S S S S S S S S
Y-BOCS new model S S S S S S S C† S S S S S S S S S
Aggr. Impulses S S S S S S S S S S S S S S S S S
Cleanliness X S S S S S S S S S S S S S S S S
Keeping Order S C S S S S S S C† S S S S S S S S
Magical Thinking S S S S S S S S S S S S S S S S S
Mental Exactness S S S S S S S S S S S S S S S S S
Mental Urges S S S S S S S S S S S S S S S S S
Pure Repetitions S S S S S S S S S S S S S S S S S
Responsibility S S X S S S S S S S S S S S S S S
Sexual Obs. S S S S S S S S S S S S S S S S S
Somatic Obs. S S S S S S S S S S S S S S S S S

Note. S = Strong invariance holds, C = Configural invariance holds, X = configural invariance is violated,
† Configural invariance is assumed but cannot be tested, BDI-II = Beck’s Depression Inventory II, MADRS
= Montgomery-Åsberg Depression Rating Scale, OCPD = Obsessive-compulsive personality disorder, GAF
= Global assessment of functioning, BSI = Brief Symptom Inventory, SES = socioecomic status.

factor. Including these items resulted in considerable misfit which is understandable as, after the

publication of the Y-BOCS, hoarding symptoms have been separated from OCD into a self-contained

disorder (American Psychiatric Association, 2013). Accordingly, our outpatient center declines

patients with predominant hoarding symptoms. Secondly, three other scales made it necessary

to add correlated error terms, which can be seen as indicators of underlying multidimensionality.

Further research with other samples is needed, especially with the longer and thus more complex

symptom dimensions of Cleanliness and Responsibility.

With regard to MI there was pleasingly little to report. For those cases, where configural MI

did not hold, we gave further results from modification indices, showing that these issue arose

most likely due to mediocre baseline model fit of the scales in question. When configural MI held,

but issues with strong MI were found, we applied the item cluster approach (Pohl & Schulze, 2020).

It aims at establishing partial MI, i.e., if MI does not hold for a full item set, it might still hold

for item subsets. Using such a subset as anchor allows for modeling as if full MI would hold. We

report the item subsets found. In the light of a specific substantive research question (e.g., finding

group differences) the researcher has to decide which item subset could serve as anchor in the case

at hand.

In sum, the Y-BOCS provides a largely measurement invariant instrument, but only if analyzed

in ways guided by latent variable models. If scores are calculated by simple sums, as often done in

applied research, only a rough approximation to factor scores results, even if the same item sets are

used. We hope our favorable findings on MI properties of latent models for the Y-BOCS’ severity

and symptom dimensions foster the use of latent variable modeling with the most prominent
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clinician-rated instrument in OCD research.
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B.5 Supplements

Table S1: Fits of configural MI models

Covariate Scale χ2 d f p CFI RMSEA LBRMSEA SRMR

Time Fatori et al., 2020 296.16 82 <.001 0.982 0.079 0.070 0.048
Time modified Kim model 389.32 133 <.001 0.980 0.068 0.060 0.044
Time Aggr. Impulses 49.19 47 0.385 0.999 0.011 <.001 0.069
Time Cleanliness 661.83 237 <.001 0.963 0.068 0.062 0.095
Time Keeping Order 16.13 15 0.374 0.999 0.014 <.001 0.046
Time Mag. Thinking 86.42 47 <.001 0.982 0.046 0.030 0.096
Time Mental Exactness 3.35 5 0.646 1.000 <.001 <.001 0.022
Time Mental Urges 54.27 27 0.001 0.977 0.050 0.031 0.077
Time Pure Rep. 42.42 47 0.662 1.000 <.001 <.001 0.055
Time Responsibility 229.12 91 <.001 0.955 0.063 0.053 0.099
Time Sex Obsessions 4.71 5 0.452 1.000 <.001 <.001 0.026
Time Somatic Obs. 7.73 5 0.172 0.996 0.037 <.001 0.036
Anxiety Fatori et al., 2020 181.84 30 <.001 0.974 0.098 0.084 0.044
Anxiety modified Kim model 190.28 52 <.001 0.980 0.071 0.060 0.036
Anxiety Aggr. Impulses 21.61 18 0.250 0.998 0.019 <.001 0.052
Anxiety Cleanliness 479.20 106 <.001 0.974 0.081 0.074 0.077
Anxiety Keeping Order 8.22 4 0.084 0.994 0.045 <.001 0.037
Anxiety Mag. Thinking 67.67 18 <.001 0.986 0.072 0.054 0.064
Anxiety Mental Urges 12.50 8 0.130 0.990 0.033 <.001 0.035
Anxiety Pure Rep. 30.57 18 0.032 0.991 0.036 0.011 0.049
Anxiety Responsibility 129.40 36 <.001 0.976 0.070 0.057 0.073
Anxiety Sex./Som./Ment. Ex. 105.05 48 <.001 0.981 0.047 0.035 0.077
Depression curr Fatori et al., 2020 142.75 30 <.001 0.978 0.084 0.070 0.040
Depression curr modified Kim model 180.66 52 <.001 0.980 0.068 0.058 0.036
Depression curr Aggr. Impulses 24.65 18 0.135 0.996 0.026 <.001 0.060
Depression curr Cleanliness 487.16 106 <.001 0.973 0.082 0.075 0.078
Depression curr Keeping Order 8.85 4 0.065 0.993 0.048 <.001 0.037
Depression curr Mag. Thinking 70.28 18 <.001 0.986 0.074 0.056 0.067
Depression curr Mental Urges 7.72 8 0.461 1.000 <.001 <.001 0.029
Depression curr Pure Rep. 26.73 18 0.084 0.994 0.030 <.001 0.046
Depression curr Responsibility 149.35 36 <.001 0.969 0.077 0.064 0.084
Depression curr Sex./Som./Ment. Ex. 118.49 48 <.001 0.975 0.053 0.041 0.085
Depression life Fatori et al., 2020 165.75 30 <.001 0.975 0.092 0.079 0.042
Depression life modified Kim model 188.14 52 <.001 0.979 0.070 0.060 0.036
Depression life Aggr. Impulses 16.87 18 0.532 1.000 <.001 <.001 0.055
Depression life Cleanliness 483.76 106 <.001 0.974 0.082 0.075 0.077
Depression life Keeping Order 10.89 4 0.028 0.990 0.057 0.017 0.035
Depression life Mag. Thinking 80.50 18 <.001 0.983 0.081 0.063 0.074
Depression life Mental Urges 11.35 8 0.183 0.992 0.028 <.001 0.036
Depression life Pure Rep. 25.82 18 0.104 0.994 0.029 <.001 0.047
Depression life Responsibility 130.00 36 <.001 0.975 0.070 0.057 0.072
Depression life Sex./Som./Ment. Ex. 106.01 48 <.001 0.980 0.048 0.035 0.081
OCPD Fatori et al., 2020 115.81 30 <.001 0.986 0.073 0.059 0.040
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Covariate Scale χ2 d f p CFI RMSEA LBRMSEA SRMR

OCPD modified Kim model 134.91 52 <.001 0.988 0.055 0.044 0.033
OCPD Aggr. Impulses 15.37 18 0.637 1.000 <.001 <.001 0.054
OCPD Cleanliness 404.91 106 <.001 0.979 0.073 0.065 0.077
OCPD Keeping Order 9.88 4 0.042 0.991 0.053 0.009 0.041
OCPD Mag. Thinking 65.79 18 <.001 0.985 0.071 0.053 0.061
OCPD Mental Urges 6.88 8 0.550 1.000 <.001 <.001 0.030
OCPD Pure Rep. 30.16 18 0.036 0.991 0.036 0.009 0.045
OCPD Responsibility 104.85 36 <.001 0.979 0.060 0.047 0.071
OCPD Sex./Som./Ment. Ex. 106.11 48 <.001 0.977 0.048 0.035 0.080
prev. treatment Fatori et al., 2020 120.30 30 <.001 0.984 0.077 0.063 0.040
prev. treatment modified Kim model 147.18 52 <.001 0.986 0.060 0.049 0.034
prev. treatment Aggr. Impulses 21.34 18 0.263 0.997 0.019 <.001 0.070
prev. treatment Cleanliness 471.13 106 <.001 0.974 0.082 0.075 0.078
prev. treatment Keeping Order 7.49 4 0.112 0.995 0.041 <.001 0.035
prev. treatment Mag. Thinking 57.30 18 <.001 0.987 0.065 0.047 0.065
prev. treatment Mental Urges 11.44 8 0.178 0.992 0.029 <.001 0.045
prev. treatment Pure Rep. 22.30 18 0.219 0.996 0.022 <.001 0.041
prev. treatment Responsibility 126.03 36 <.001 0.974 0.070 0.057 0.075
prev. treatment Sex./Som./Ment. Ex. 105.47 48 <.001 0.981 0.048 0.036 0.084
Motivation Fatori et al., 2020 164.04 30 <.001 0.970 0.099 0.084 0.046
Motivation modified Kim model 146.03 52 <.001 0.983 0.063 0.051 0.033
Motivation Aggr. Impulses 27.58 18 0.069 0.993 0.034 <.001 0.083
Motivation Cleanliness 393.10 106 <.001 0.978 0.077 0.069 0.079
Motivation Keeping Order 10.22 4 0.037 0.990 0.058 0.013 0.043
Motivation Mag. Thinking 55.71 18 <.001 0.986 0.068 0.048 0.063
Motivation Mental Urges 7.64 8 0.469 1.000 <.001 <.001 0.035
Motivation Pure Rep. 27.39 18 0.072 0.992 0.034 <.001 0.049
Motivation Responsibility 110.31 36 <.001 0.976 0.067 0.053 0.075
Motivation Sex./Som./Ment. Ex. 102.39 48 <.001 0.978 0.050 0.036 0.087
Gender Fatori et al., 2020 173.53 30 <.001 0.973 0.096 0.083 0.044
Gender modified Kim model 199.97 52 <.001 0.977 0.074 0.063 0.037
Gender Aggr. Impulses 19.52 18 0.361 0.999 0.013 <.001 0.058
Gender Cleanliness 491.42 106 <.001 0.973 0.084 0.076 0.080
Gender Keeping Order 7.82 4 0.098 0.994 0.043 <.001 0.037
Gender Mag. Thinking 69.21 18 <.001 0.986 0.074 0.056 0.061
Gender Mental Urges 6.38 8 0.604 1.000 <.001 <.001 0.032
Gender Pure Rep. 21.69 18 0.246 0.997 0.020 <.001 0.042
Gender Responsibility 117.76 36 <.001 0.977 0.066 0.053 0.070
Gender Sex./Som./Ment. Ex. 110.89 48 <.001 0.980 0.050 0.038 0.084
Migration Fatori et al., 2020 162.92 30 <.001 0.971 0.099 0.084 0.047
Migration modified Kim model 183.69 52 <.001 0.976 0.075 0.063 0.040
Migration Aggr. Impulses 29.55 18 0.042 0.990 0.038 0.007 0.077
Migration Cleanliness 429.24 106 <.001 0.972 0.082 0.074 0.080
Migration Keeping Order 12.26 4 0.016 0.989 0.068 0.026 0.040
Migration Mag. Thinking 47.76 18 <.001 0.989 0.060 0.040 0.061
Migration Mental Urges 8.95 8 0.347 0.997 0.016 <.001 0.039
Migration Pure Rep. 31.14 18 0.028 0.988 0.040 0.013 0.057
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Covariate Scale χ2 d f p CFI RMSEA LBRMSEA SRMR

Migration Responsibility 126.89 36 <.001 0.972 0.075 0.061 0.078
Migration Sex./Som./Ment. Ex. 106.61 48 <.001 0.979 0.052 0.039 0.083
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Table S2: Fit differences of configural v. strong MI models

Covariate Scale ∆χ2 ∆d f p ∆CFI ∆RMSEA ∆SRMR

Time Fatori et al., 2020 118.02 28 <.001 0.006 0.000 -0.001
Time modified Kim model 138.00 38 <.001 0.006 0.000 -0.001
Time Aggr. Impulses 1.46 4 0.835 -0.001 0.008 -0.001
Time Cleanliness 13.67 10 0.189 0.001 0.001 0.000
Time Keeping Order 1.93 2 0.381 0.001 -0.006 -0.002
Time Mag. Thinking 5.24 4 0.263 0.001 0.000 -0.001
Time Mental Exactness 0.13 1 0.714 0.000 0.000 0.000
Time Mental Urges 1.46 3 0.691 -0.002 0.005 -0.001
Time Pure Rep. 1.31 4 0.860 <.001 0.000 -0.001
Time Responsibility 4.16 6 0.655 0.000 0.002 0.000
Time Sex Obssessions 1.62 1 0.204 0.001 -0.030 -0.001
Time Somatic Obssessions 0.27 1 0.605 -0.001 0.009 0.000
Anxiety Fatori et al., 2020 35.33 28 0.161 0.000 0.028 -0.001
Anxiety modified Kim model 49.25 38 0.104 0.000 0.017 -0.003
Anxiety Aggr. Impulses 7.01 4 0.135 0.005 -0.011 -0.023
Anxiety Cleanliness 13.15 10 0.215 0.000 0.003 0.000
Anxiety Keeping Order 8.08 2 0.018 0.011 -0.017 -0.004
Anxiety Mag. Thinking 2.97 4 0.563 -0.001 0.008 -0.001
Anxiety Mental Urges 3.64 3 0.303 0.002 0.002 -0.005
Anxiety Pure Rep. 2.08 4 0.722 -0.004 0.012 -0.001
Anxiety Responsibility 9.38 6 0.153 0.001 0.004 -0.001
Anxiety Sex./Som./Ment. Ex. 7.96 3 0.047 0.002 -0.001 -0.001
Depression curr Fatori et al., 2020 39.49 28 0.073 0.002 0.021 -0.002
Depression curr modified Kim model 43.76 38 0.240 -0.001 0.017 -0.002
Depression curr Aggr. Impulses 4.11 4 0.392 0.000 0.003 -0.011
Depression curr Cleanliness 4.42 10 0.926 0.000 0.004 0.000
Depression curr Keeping Order 4.13 2 0.127 0.005 -0.003 -0.001
Depression curr Mag. Thinking 2.68 4 0.613 -0.001 0.009 0.000
Depression curr Mental Urges 5.71 3 0.127 0.010 -0.027 -0.011
Depression curr Pure Rep. 8.07 4 0.089 0.006 -0.008 -0.010
Depression curr Responsibility 8.25 6 0.220 0.001 0.005 0.000
Depression curr Sex./Som./Ment. Ex. 0.90 3 0.826 0.000 0.002 <.001
Depression life Fatori et al., 2020 40.81 28 0.056 0.002 0.023 0.000
Depression life modified Kim model 59.31 38 0.015 0.003 0.013 -0.001
Depression life Aggr. Impulses 2.54 4 0.638 0.000 0.000 -0.001
Depression life Cleanliness 5.93 10 0.821 0.000 0.004 0.000
Depression life Keeping Order 4.68 2 0.096 0.005 -0.001 -0.006
Depression life Mag. Thinking 2.42 4 0.660 -0.001 0.010 -0.002
Depression life Mental Urges 1.93 3 0.586 -0.004 0.012 -0.003
Depression life Pure Rep. 5.88 4 0.209 0.002 -0.002 -0.007
Depression life Responsibility 12.55 6 0.051 0.002 0.002 -0.001
Depression life Sex./Som./Ment. Ex. 0.39 3 0.942 -0.001 0.002 0.000
OCPD Fatori et al., 2020 32.58 28 0.251 0.001 0.019 -0.001
OCPD modified Kim model 43.15 38 0.261 0.000 0.014 -0.001
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OCPD Aggr. Impulses 3.78 4 0.437 0.000 0.000 -0.001
OCPD Cleanliness 10.56 10 0.393 -0.001 0.004 0.000
OCPD Keeping Order 1.77 2 0.413 -0.002 0.014 0.000
OCPD Mag. Thinking 3.82 4 0.430 -0.003 0.013 -0.001
OCPD Mental Urges 2.98 3 0.395 0.000 0.000 -0.003
OCPD Pure Rep. 4.25 4 0.374 -0.001 0.004 -0.002
OCPD Responsibility 8.41 6 0.209 0.003 0.001 -0.002
OCPD Sex./Som./Ment. Ex. 3.22 3 0.359 0.000 0.001 0.000
prev. treatment Fatori et al., 2020 34.94 28 0.172 0.001 0.020 -0.001
prev. treatment modified Kim model 46.71 38 0.157 0.001 0.013 -0.003
prev. treatment Aggr. Impulses 2.83 4 0.586 -0.003 0.019 0.000
prev. treatment Cleanliness 8.42 10 0.588 0.000 0.004 0.000
prev. treatment Keeping Order 2.16 2 0.340 0.000 0.007 -0.004
prev. treatment Mag. Thinking 4.39 4 0.356 -0.002 0.011 -0.002
prev. treatment Mental Urges 1.92 3 0.589 -0.007 0.019 -0.001
prev. treatment Pure Rep. 3.14 4 0.535 -0.003 0.012 -0.001
prev. treatment Responsibility 10.34 6 0.111 0.002 0.002 -0.002
prev. treatment Sex./Som./Ment. Ex. 3.44 3 0.328 0.000 0.002 -0.001
Motivation Fatori et al., 2020 38.35 28 0.092 0.001 0.026 -0.001
Motivation modified Kim model 51.42 38 0.072 0.004 0.010 -0.002
Motivation Aggr. Impulses 4.12 4 0.390 -0.001 0.006 -0.002
Motivation Cleanliness 11.23 10 0.340 0.000 0.004 0.000
Motivation Keeping Order 1.87 2 0.392 -0.001 0.014 -0.001
Motivation Mag. Thinking 4.32 4 0.365 -0.003 0.013 -0.002
Motivation Mental Urges 4.49 3 0.213 0.013 -0.031 -0.007
Motivation Pure Rep. 3.03 4 0.552 -0.004 0.011 0.000
Motivation Responsibility 5.17 6 0.522 -0.002 0.007 0.000
Motivation Sex./Som./Ment. Ex. 4.84 3 0.184 0.001 <.001 0.000
Gender Fatori et al., 2020 23.17 28 0.724 -0.003 0.030 -0.001
Gender modified Kim model 35.24 38 0.598 -0.003 0.021 -0.001
Gender Aggr. Impulses 2.07 4 0.723 -0.001 0.013 -0.001
Gender Cleanliness 25.47 10 0.005 0.001 0.002 -0.001
Gender Keeping Order 0.72 2 0.698 -0.003 0.017 0.000
Gender Mag. Thinking 3.02 4 0.555 -0.001 0.008 0.000
Gender Mental Urges 3.20 3 0.361 0.000 0.000 -0.005
Gender Pure Rep. 0.67 4 0.955 -0.003 0.020 -0.001
Gender Responsibility 7.58 6 0.271 0.000 0.005 -0.001
Gender Sex./Som./Ment. Ex. 9.71 3 0.021 0.002 -0.001 -0.002
Migration Fatori et al., 2020 40.78 28 0.056 0.001 0.026 0.000
Migration modified Kim model 47.99 38 0.129 -0.001 0.019 -0.001
Migration Aggr. Impulses 6.57 4 0.161 0.005 -0.004 -0.010
Migration Cleanliness 7.39 10 0.688 -0.001 0.005 0.000
Migration Keeping Order 1.89 2 0.388 -0.001 0.015 -0.001
Migration Mag. Thinking 7.61 4 0.107 0.002 0.000 -0.002
Migration Mental Urges 5.24 3 0.155 0.016 -0.018 -0.008
Migration Pure Rep. 2.02 4 0.733 -0.004 0.011 0.000
Migration Responsibility 11.17 6 0.083 0.003 0.002 -0.001
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Migration Sex./Som./Ment. Ex. 2.27 3 0.519 0.000 0.002 -0.001
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Table S3: Fit differences of configural v strong MI models for metric covariates

Covariate Scale ∆χ2 ∆d f p ∆AIC ∆BIC ∆aBIC

BDI-II Fatori et al., 2020 46.88 12 <.001 -13.5 45.7 7.6
BDI-II modified Kim model 45.32 14 <.001 -10.2 58.8 14.3
BDI-II Aggr. Impulses 56.70 10 <.001 -29.4 19.9 -11.8
BDI-II Cleanliness 33.41 22 0.056 10.7 119.2 49.3
BDI-II Keeping Order 39.60 6 <.001 -25.9 3.7 -15.4
BDI-II Mag. Thinking 12.41 10 0.259 8.1 57.4 25.7
BDI-II Mental Urges 20.84 8 0.008 -6.4 33.0 7.6
BDI-II Pure Rep. 30.39 10 0.001 -6.3 43.0 11.3
BDI-II Responsibility 36.07 14 0.001 -7.9 61.1 16.7
BDI-II Sex./Som./Ment. Ex. 56.34 12 <.001 -25.2 34.0 -4.1
MADRS Fatori et al., 2020 39.54 12 <.001 -12.4 47.2 9.0
MADRS modified Kim model 30.79 14 0.006 0.9 70.4 25.9
MADRS Aggr. Impulses 34.27 10 <.001 -12.4 37.2 5.5
MADRS Cleanliness 21.75 22 0.475 21.8 131.1 61.2
MADRS Keeping Order 16.51 6 0.011 -4.6 25.2 6.1
MADRS Mag. Thinking 3.76 10 0.957 15.3 64.9 33.2
MADRS Mental Urges 15.23 8 0.055 1.3 41.0 15.6
MADRS Pure Rep. 27.62 10 0.002 -9.0 40.7 8.9
MADRS Responsibility 33.02 14 0.003 -4.7 64.8 20.3
MADRS Sex./Som./Ment. Ex. 20.23 12 0.063 6.3 65.9 27.8
BSI Fatori et al., 2020 52.24 12 <.001 -21.3 38.3 0.2
BSI modified Kim model 43.43 14 <.001 -10.2 59.3 14.8
BSI Aggr. Impulses 67.42 10 <.001 -37.3 12.4 -19.4
BSI Cleanliness 50.58 22 <.001 -7.9 101.3 31.4
BSI Keeping Order 60.84 6 <.001 -45.3 -15.5 -34.6
BSI Mag. Thinking 9.69 10 0.468 9.9 59.6 27.8
BSI Mental Urges 15.27 8 0.054 -2.1 37.7 12.3
BSI Pure Rep. 32.63 10 <.001 -12.1 37.6 5.8
BSI Responsibility 54.84 14 <.001 -26.9 42.7 -1.8
BSI Sex./Som./Ment. Ex. 77.68 12 <.001 -30.5 29.1 -9.1
GAF Fatori et al., 2020 124.00 12 <.001 -89.1 -30.0 -68.1
GAF modified Kim model 128.45 14 <.001 -84.0 -15.1 -59.6
GAF Aggr. Impulses 38.10 10 <.001 -14.0 35.2 3.5
GAF Cleanliness 30.13 22 0.115 14.1 122.4 52.6
GAF Keeping Order 2.24 6 0.896 9.8 39.4 20.3
GAF Mag. Thinking 14.12 10 0.168 5.0 54.2 22.5
GAF Mental Urges 10.97 8 0.204 5.6 45.0 19.6
GAF Pure Rep. 32.60 10 <.001 -9.4 39.9 8.1
GAF Responsibility 16.69 14 0.273 12.7 81.6 37.2
GAF Sex./Som./Ment. Ex. 31.50 12 0.002 8.1 67.2 29.1
Age at onset Fatori et al., 2020 40.86 12 <.001 -11.7 47.6 9.4
Age at onset modified Kim model 62.56 14 <.001 -23.4 45.7 1.2
Age at onset Aggr. Impulses 17.29 10 0.068 2.0 51.3 19.5
Age at onset Cleanliness 38.39 22 0.017 3.7 112.3 42.4

73



Covariate Scale ∆χ2 ∆d f p ∆AIC ∆BIC ∆aBIC

Age at onset Keeping Order 4.58 6 0.598 7.3 36.9 17.8
Age at onset Mag. Thinking 15.87 10 0.104 3.1 52.5 20.7
Age at onset Mental Urges 5.30 8 0.725 9.2 48.7 23.3
Age at onset Pure Rep. 19.31 10 0.036 -0.5 48.9 17.1
Age at onset Responsibility 41.42 14 <.001 -15.5 53.6 9.1
Age at onset Sex./Som./Ment. Ex. 20.30 12 0.062 3.7 63.0 24.8
Years since onset Fatori et al., 2020 14.34 12 0.279 13.4 72.1 34.0
Years since onset modified Kim model 12.77 14 0.544 17.9 86.5 42.0
Years since onset Aggr. Impulses 3.76 10 0.958 16.9 65.9 34.1
Years since onset Cleanliness 28.25 22 0.167 15.3 123.1 53.2
Years since onset Keeping Order 9.51 6 0.147 1.6 31.0 12.0
Years since onset Mag. Thinking 11.69 10 0.307 8.4 57.4 25.6
Years since onset Mental Urges 12.99 8 0.112 3.2 42.4 16.9
Years since onset Pure Rep. 7.21 10 0.706 13.7 62.7 30.9
Years since onset Responsibility 22.98 14 0.061 5.8 74.3 29.9
Years since onset Sex./Som./Ment. Ex. 15.01 12 0.241 13.8 72.5 34.4
Age Fatori et al., 2020 63.49 12 <.001 -27.3 32.0 -6.1
Age modified Kim model 48.63 14 <.001 -11.6 57.6 13.1
Age Aggr. Impulses 16.64 10 0.083 2.5 51.9 20.1
Age Cleanliness 51.24 22 <.001 -10.3 98.4 28.5
Age Keeping Order 8.86 6 0.182 3.1 32.7 13.6
Age Mag. Thinking 30.86 10 0.001 -13.3 36.1 4.4
Age Mental Urges 14.67 8 0.066 0.7 40.2 14.8
Age Pure Rep. 28.05 10 0.002 -6.3 43.1 11.3
Age Responsibility 52.54 14 <.001 -26.3 42.8 -1.6
Age Sex./Som./Ment. Ex. 43.60 12 <.001 -0.7 58.5 20.4
SES Fatori et al., 2020 39.39 12 <.001 -9.6 49.3 11.2
SES modified Kim model 36.37 14 0.001 -3.3 65.4 21.0
SES Aggr. Impulses 32.22 10 <.001 -13.8 35.3 3.5
SES Cleanliness 48.29 22 0.001 -8.2 99.9 30.0
SES Keeping Order 7.81 6 0.252 3.8 33.3 14.2
SES Mag. Thinking 13.70 10 0.187 4.1 53.2 21.4
SES Mental Urges 7.61 8 0.473 8.4 47.6 22.2
SES Pure Rep. 7.07 10 0.719 13.1 62.2 30.4
SES Responsibility 31.51 14 0.005 -8.1 60.7 16.2
SES Sex./Som./Ment. Ex. 24.59 12 0.017 3.8 62.7 24.6
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C Manuscript 3

Schulze, D., Reuter, B., & Pohl, S. (2021). Measurement Invariance: Dealing with the uncertainty

in anchor item choice by model averaging. Manuscript submitted to Structural Equation Modeling:

A Multidisciplinary Journal.

A core challenge in modeling partial measurement invariance (MI) is choosing reference items

as anchors for which MI indeed holds. Many approaches dealing with this issue have been proposed,

each making a different assumption about MI and yielding a single set of anchor items. Here, we

consider the case where i) partial MI modeling is used for estimating effects, e.g.„ a group mean

difference, and ii) there is no straightforward theoretical reason to chose specific items as anchors.

We argue that in this situation the uncertainty of anchor item choice should be considered and

propose to use model averaging in the form of Bayesian model stacking. The approach allows not

only to depict uncertainty in the anchor items choice but also allows to include prior knowledge.

We derive the properties of the approach and illustrate its use with an example on the assessment

of obsessive-compulsive disorder.
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C.1 Introduction

Looking at group differences or comparisons over time makes up a substantial part of applied

research. Frequently, the constructs under consideration are assessed by tests or questionnaires,

leaving researchers with comparisons on the latent level. For solid subsequent comparative

analyses in latent variable modeling, measurement invariance (MI) is an essential requirement

(Byrne et al., 1989). MI means the stability of item properties across persons and time. This can

be checked in a structural equation model (SEM) by testing the equality of item parameters across

different levels of covariates (e.g., gender, age, or time; Meredith, 1993). E.g., a multi group SEM

for an observed response yipg of person p on item i and a single latent variable η is defined as

yipg =αig +λig ·ηpg +εipg. (C.1)

Here, loadings λig and intercepts αig need to be invariant across the g groups in order to

allow for meaningful comparisons (called strong MI; Chen, 2008). Note that not all items need to

fulfill the assumption of MI, but comparisons are still feasible as long as partial MI holds, that

is, as long as at least one item can be assumed to be measurement invariant (Byrne et al., 1989;

Van de Schoot et al., 2012). Various approaches exist that aim at finding a set of items, called

anchor items, for which MI can be assumed. These approaches make specific assumptions on MI

(see respective section later on) and result in a single set of anchor items. Here, we will instead

rely on the item cluster approach (Bechger & Maris, 2015; Schulze & Pohl, 2020), in which all

possible anchor item sets are identified. One may then choose one of these sets by making plausible

assumptions or using substantive considerations. If, however, as present in most applications, there

are no tenable reasons for making specific assumptions about MI, researchers are left with many

possible solutions. In this paper, we argue that in this case one should depict all plausible solutions

and propose a model averaging approach that allows a) for considering all possible solutions, b)

incorporating prior knowledge, and c) depicting the uncertainty arising from anchor item choice.

In the following, we will first introduce typical approaches and assumptions for identification of

anchor items.

C.2 Identification of anchor items

With respect to our applied example we will in the following resort to SEM for dichotomous data in

a two-group case. Note, that everything hereafter equally applies to standard SEM as given by

Eq. C.1 as well.15 Muthén (1984) define categorical SEM by introducing y∗ as a latent continuous

variable underlying the dichotomous observed variable yipg:

y∗ipg =αig +λig ·ηpg +εipg (C.2)

yipg =
1, if y∗ipg ≥ τipg

0, if y∗ipg < τipg

(C.3)

15For convenience, we provide R syntax reproducing all analysis steps for both, dichotomous and continuous data, in
the supplements.
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where the item intercepts α are constrained to zero, in order to estimate item difficulties in

terms of thresholds τ.

The goal of finding anchor items for partial MI modeling is impeded by a conceptual issue of

latent variable analysis: scale indeterminacy. As such, MI cannot be investigated without making

assumptions. In a one group case, the issue of scale indeterminacy is easily solved by fixing model

parameters, e.g., constraining the threshold of one item to zero and the respective loading to one.

In a two-group MI analysis, such identification constraints imply strict assumptions, as these

constraints have to be set in both groups. If an item’s parameters are constrained in both groups,

it is implied that MI holds true for that item. For a simple illustration of the problem, consider the

Rasch-type model for dichotomous items (Rasch, 1960), which has only item difficulty parameters,

i.e. all λ= 1. Consider a test with three items that was taken by two groups. We are interested in

comparing the competence of the two groups via the group mean difference δ. For item difficulties

τig in two groups g ∈ (1,2), differential item functioning (DIF) as a measure of MI is commonly

defined as

DIFτ = τi1 – τi2 (C.4)

In all subsequent cases, we set the mean of the latent variable in the first group to zero. This

constitutes an identification constraint for the first group. The latent variable in the second group

is identified by an invariance constraint, e.g., by setting the threshold of item 1 to be equal, making

it an "anchor item". We thus assume that item 1 is measurement invariant (Restriction A in

Figure C.1). As a consequence, we would conclude that item 2 and item 3 have DIF. If instead

item 3 is chosen as an anchor (Restriction B in Figure C.1), item 1 and 2 would appear to have

DIF. Restriction C in Figure C.1 illustrates the case where the latent means are used for model

identification, thus assuming that the groups do not differ in their average. Here, item 1 and 3

appear to have DIF.

As shown by Figure C.1 different model identification constraints can lead to drastically

different conclusions. The necessary but arbitrary choice of invariance constraints implies strong

assumptions and necessarily impacts results from DIF analysis and latent variable parameters

(note how group 1 and 2 shift their position relative to each other in restriction A and B). A

researcher has to make good arguments in favor of a particular model specification as it can heavily

influence conclusions in empirical research.

Note that we use the term measurement invariant for MI in the true model, i.e., in which the

constraint on the scale is true. DIF, on the other hand, shall describe item parameter differences

in a model with any identification constraint, that does not need to match the constraints in the

true model. As such, in the following, we will call items to function homogeneously when their DIF

is (approximately) the same, regardless of whether they are truly measurement invariant or not.

In this sense, item 1 and 2 function (approximately) homogeneously in the above examples. They

would be measurement invariant, if their difference in item parameters across groups is zero in

the true model.
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Invariance Constraint A: Item 1
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I1 I2 I3
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Invariance Constraint B: Item 3
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Invariance Constraint C: Means
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Figure C.1: Impact of different MI model constraints on the results of DIF analysis in a two group
case. Void = Identification constraint in first group, gray = Invariance constraint for equalizing
parameters, arrows = resulting DIF size per unconstrained item.

C.2.1 Assumptions about MI

Many anchor item selection strategies have been proposed, with varying assumptions about MI

(for an overview see, e.g., Hidalgo & Gómez-Benito, 2010; Magis et al., 2010). All approaches

discussed in this section assume that there is one true set of anchor items and imply a single

specific assumption. The approaches can be broadly grouped by the assumption they make: that 1)

MI holds for specific items, 2) MI holds for the majority of items, or 3) MI holds on average.
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1) MI holds for specific items

This type of assumption has several variants, some more complex than others. In the simplest case,

a researcher assumes MI for a single specific item based on their expert knowledge about item

content or psychological theory (single anchor). The researcher would then use this item as anchor

and assess latent differences stemming from the respective model. This approach is, however,

rarely used in practice, as researchers usually cannot resort to such a priori expert knowledge.

2) MI holds for the majority of items

The assumption, that MI holds for the majority of items might be easier to argue for than arguing

for MI of a single item. Respective approaches often try to find anchor items sequentially. For this

they specify different models, in each of which one item (single-item) or all but one item (all-other)

are assumed to be DIF-free. They then assess DIF for the other items and aggregate the results

across all analyses. Those items with the lowest DIF are then chosen as anchor items. An example

of such an approach can be found in Bauer (2017) or Wang (2004). A more sophisticated extension

of these approaches is iteratively building up the anchor set by repeating the aforementioned

process several times and adding another item to the anchor set at each step (see Kopf et al., 2015a,

2015b; Wang, 2004 for a comprehensive overview). Lastly, some methods use a rotation of the

parameter space instead of sequential modeling, but make the same basic assumption (Pokropek

et al., 2019). Specifically, the alignment method (Asparouhov & Muthén, 2014), regularization

methods (Pokropek et al., 2020), automated item selection (Schultze & Eid, 2018), and the anchor

point approach (Strobl et al., in press) allow for identifying anchor items that meet the assumption

that MI holds for the majority of items. Pohl et al. (in press) showed that these methods also work

when MI is holding for the largest group of homogeneously functioning items (which does not have

to be the actual majority).

3) MI holds on average

The commonly used equal-mean-difficulty approach (e.g., Verhagen & Fox, 2013) relies on the

assumption that on average no group is at a disadvantage, i.e., that in the true model DIF averages

to zero across all items ("balanced DIF"). In the equal-mean-difficulty approach, item DIF is

investigated by setting the mean difficulty of the items to be equal in both groups (for identification

usually to zero). The item parameters are then estimated in each group without any further

restrictions. Items displaying no DIF are then chosen as anchor items for group comparisons.

This approach’s underlying strong assumption has been considered not to be very plausible in

many applications (e.g., Pohl et al., 2016). When the assumption of balancedness is violated, group

comparisons will be biased (e.g., Wang, 2004).

C.2.2 Item cluster approach

The various approaches and assumptions in partial MI analysis leave applied researchers with

an extensive tool box. Still, the usage of these tools in practice is accompanied by a drawback:

As summarized by Doebler (2019), many applied papers do not declare the chosen approach, and

assumptions made are neither mentioned nor discussed. The appropriateness of the underlying
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model and the validity of conclusions are thus often hard to judge. One reason for this may be

that quite often it is difficult for researchers to plausibly argue for any of these assumptions in a

specific application.

Based on the work of Bechger and Maris (2015), Pohl et al. (in press) proposed the item

cluster approach that allows incorporating any assumption about MI into the course of analysis.

This is achieved by clustering the items into several item sets, for each of which items function

homogeneously within each set. In this first step of the approach no assumptions need to be made.

As such, all possible anchor item sets are identified16. In a subsequent step the researcher may

choose one of the resulting item clusters as anchor item set. This choice can be guided by expert

knowledge, one of the assumptions above (e.g., choosing a cluster containing the majority of items),

or a combination thereof. Extensions of the cluster approach for 2PL models (Pohl & Schulze, 2020)

and for continuous covariates (Schulze & Pohl, 2020) have also been proposed.

Researchers cannot plausibly argue for any of the assumptions in all applications, e.g., when

there are no systematic or substantial aspects that inform researchers about the reason for

violations of MI. A special cause of problems with MI is underlying multidimensionality (Strobl et

al., in press). In this case, different anchor item sets can be argued for depending on the dimension

chosen for defining the construct. There are scales, for which some multidimensionality is expected,

but for which researchers still want to estimate a single score representing all dimensions (e.g.,

Schnittjer et al., 2020). In these cases, there is not just one plausible anchor item set, but different

ones, each of them related to one dimension. Usually, in these settings, a researcher wants to

consider all item sets for anchoring. For such instances, Pohl et al. (in press) suggest to estimate

and present the parameter of interest (e.g., latent mean difference) using each of the possible

anchor item sets, thus depicting the variation in possible results. This can be regarded as some

kind of sensitivity analysis.

While such a sensitivity analysis is much more transparent in depicting the impact of assump-

tions on the results than previous approaches, a) it does not allow for combining all solutions into

one estimate whose standard error also depicts the uncertainty in anchor item choice. b) Such a

sensitivity analysis does not take into account that the researcher may have partial knowledge

about the plausibility of anchor item sets. They may, for example, see fit to exclude one of the

anchor item sets but find two other anchor item sets equally plausible.

C.2.3 Aim

Several core assumptions about MI exist that drive various partial MI approaches proposed in

the literature. In practice, it is very hard to judge if such an assumption is likely to hold or to

choose among multiple anchor item set candidates as provided by the item cluster approach. One

may report multiple effects, each of them derived from a different anchor item set. However, this

results in various parameter estimates on latent level. The aim of this paper is to provide a single

effect estimate that is aggregated from several anchor item set choices. This estimate shall depict

not only finite sample error but additionally the uncertainty stemming from anchor item choice.

Furthermore, we aim at describing a way to include (possibly vague) prior knowledge about the

plausibility of each identified anchor item set when aggregating the results.

16Further technical details on applying the item cluster approach are given in the Empirical Example section.
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C.3 Method

In order to incorporate multiple solutions, depict the uncertainty in anchor item choice, and to

incorporate prior knowledge, we propose Bayesian Model Averaging (BMA). In the following we

will describe the purpose of model averaging techniques, BMA in particular and our proposed

modification of BMA for usage in partial MI analysis.

Model averaging has risen to a common technique in heavily data-driven domains which make

use of machine learning approaches, like genetics (Yeung et al., 2005). Recently it has found its

way into psychological science, like in an investigation of test anxiety (Hinne et al., 2020) or facial

emotion recognition (Ithaya Rani & Muneeswaran, 2016). Model averaging techniques have also

been used in the domain of measurement models (e.g., Jin and Ankargren, 2019 and Rights et al.,

2018 for frequentist methods and Kaplan and Lee, 2016 for BMA).

Model averaging is used when there are several candidate models that describe a possible data

generating process and their results need to be aggregated. It provides parameter estimates that

are an aggregate across all models as well as a credibility interval of these parameters that depict

not only uncertainty due to sampling error but also uncertainty in model choice (Kass & Raftery,

1995).

Bayesian Model Averaging

As originally proposed by Madigan et al. (1996), BMA is employed to find an average of a parameter

of interest over several competing models, including the uncertainty of this parameter as expressed

by the variance of its distribution. Bayesian model averaging for a specific parameter is achieved

as follows: First, all K models of the model set are estimated using a Bayesian estimator, typically

a Markov chain Monte Carlo (MCMC) approach running for n iterations after burn-in. This results

in K posterior model probabilities (probability of the model given the data) as a measure of model

fit. These probabilities are subsequently used to determine weights wk for each model, where∑K
k=1 wk = 1. Models with higher posterior probabilities receive higher weights wk. The number of

n iterations times the weight wk gives the number of values that are drawn at random from the

posterior distribution of the parameter of interest in the respective model k. The BMA distribution

of this parameter , that is the distribution of parameter of interest across all models, is formed

by the weighted sum of the k posterior distributions. Higher weighted posterior distributions of

the parameter will dominate the BMA distribution, although models with low posterior model

probability will still contribute to the BMA distribution, however with a lower impact. The latter

models typically slightly increase the parameter’s variance - a behavior that reasonably reflects

the uncertainty in model choice.

C.3.1 Model Averaging for Partial MI

Our goal is to apply model averaging to the issue of parameter estimation in partial MI models

(e.g., group mean differences), where multiple candidates of anchor item sets are present (e.g., such

as the different possible anchor item sets that result from the cluster approach for partial MI). In

this case, group mean differences (or any other parameter of interest) are the parameters to be

averaged across models. The different models are represented by the choice of the anchor item set.
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BMA contains features that turn out to be critical in the context of partial MI modeling. First,

it is assumed that the true model is part of the model set (called M -closed perspective; Bernardo &

Smith, 1994). Second, the models are at least partly nested in each other in typical applications of

BMA, e.g., when searching the predictor space in regression analysis. Both features are problematic

in partial MI modeling.

The first issue, i.e. covering the true model, is thwarted by the latent variable and its scale in-

determinacy. As discussed in the introduction, the latter leads to many mathematically equivalent

models which carry different content in a MI analysis. From the perspective of model averaging, it

thus needs to be acknowledged that there is no single "true" parametrization and as such no single

true model. Imagine a two-group case with five items that are found to split into five single-item

clusters. The resulting five partial MI models are mere transformations of each other, although

they might convey very different results in the latent mean difference. Furthermore, model fit does

not differ between these models.17 The inadequacy of model fit is also underlined by the models not

being nested in each other. Instead, completely disjunct anchor item sets are tested. In summary,

posterior model probabilities are thus not suited as weights for BMA in partial MI modeling.

Traditional BMA thus falls flat in the context of partial MI modeling and we saw the need

to adapt and combine ideas from several areas. Firstly, we turned to model stacking (Yao et al.,

2018), an averaging approach in the M -open perspective that does not assume the true model to

be part of the model set. Yao et al. (2018) propose using the posterior predictive distributions and a

leave-one-out estimator for finding model weights. As the latter did not suit the disjunct models

well, we, secondly, propose to incorporate weights that are based on substantive considerations.

Instead of obtaining model weights in a purely data-driven way via posterior model probabilities,

model weights should be defined by the researchers themselves, reflecting their certainty about a

specific anchor item set. In an extreme case, a researcher could assign a weight of 1 to a single

model with a specific anchor item set and weights of 0 to all other models. This would echo current

approaches, where a single anchor item set is chosen with definite certainty. On the other hand,

assigning all models equal weight reflects a state of no expert knowledge. This approach reflects

the notion that researchers possess expert knowledge to some degree that can be used in the

analysis.

Our proposal for a model averaging procedure for partial MI models (MA-PMI)18 includes

the following steps. 1) Define a priori weights for each model, 2) estimate all K partial models

with a MCMC estimator, 3) generate wk ×n values of the K posterior predictive distributions for

the parameter of interest, and 4) merge these n values into one vector. The posterior predictive

distribution for the exemplary case of the group mean difference δ is generated by drawing from

a normal distribution whose mean and variance are taken from posterior distributions. More

specifically, means come from the posterior of δ and variance from the posterior of the group’s

variance ratio.

17This argument also holds for non-single-item anchors. Consider the comparison of i) a single anchor item partial
MI model with ii) a partial MI model in which many of the remaining items are used as anchors. The latter will always
have at least slightly worse model fit than the first, even if MI holds for the anchor items. This is due to small divergence
from perfect MI in a finite sample, which decreases model fit for models with more than one anchor item. Hence, single
anchor models would be advantaged by common BMA, although these comprise a less stable anchor.

18We deliberately decided to leave out the term Bayesian model averaging from the term MA-PMI in order to prevent
readers from confusing it with traditional BMA which includes weight determination by measures of model fit.
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The resulting MA-PMI distribution is a mixture of posterior predictive distributions. Although

such mixtures are complex (e.g., can be multimodal), their first two moments can easily be described.

The point estimate of our parameter of interest p can be readily derived from the mean of the

MA-PMI distribution. For any finite distribution it is:

p =
K∑

k=1
wk pk (C.5)

where pk is the parameter of interest for model k and w its weight. The variance of the BMA

distribution is given as follows (Frühwirth-Schnatter, 2006, p.11):

Var(p)=
K∑

k=1
wkσ

2
pk +

K∑
k=1

wk p2
k −

(
K∑

k=1
wk pk

)2

(C.6)

where σ2
pk is the variance of the parameter in model k.

C.3.2 Illustration of the approach

In order to illustrate the proposed approach, consider estimating the latent mean difference δ

between two groups. The latent variables are assessed by six items that conform to the Rasch model.

For simplicity, assume that the first three items and the last three items function homogeneously

within their group, but not between the item groups. Thus, there are two sets of possible anchor

items and we want to consider both. Applying MA-PMI to two models, the point estimate of δ is

a weighted average of the δis of the two models (Eq. C.5). As to the variance of the distribution

resulting from MA-PMI, in the case of two models Eq. C.6 simplifies to (see Proof 1 in the Appendix):

Var(δ)= w1σ
2
δ1
+w2σ

2
δ2
+w1w2(δ1 −δ2)2. (C.7)

These equations can be used to illustrate in which way the different terms impact point and

interval estimation in the MA-PMI.

Impact of differences in the parameter estimate across models. Assume a situation, in which

the variance of the posterior predictive distribution of the mean difference parameter σ2
δi

is unity

in both models, but their estimated mean differences δ are zero and one, respectively. If the two

models are weighted equally, E(δ)= 0.5 (see Eq. C.5) and Var(δ)= 1.25 result (see Eq. C.6). This

increase in variance (from 1 in each single solution to 1.25 in the averaged solution) is a direct result

of model selection uncertainty - a source of variance in the parameter which is neglected when only

a single anchor item set is chosen. Naturally, the MA-PMI variance increases monotonically in the

form of a quadratic function with increasing parameter differences in the models (see Figure C.2).

Impact of parameter variances. While the mean of the MA-PMI distribution is not affected

by the parameter’s variances nor differences of those variances across different models, Var(p)

depends on them, as shown in Eq. C.6. Imagine a setup like the initial example from the last

paragraph. Given everything is kept constant but σ2
δ2

, the lowest possible value of Var(δ) is 0.75

for σ2
δ2

approaching zero. When σ2
δ2

increases, Var(δ) increases linearly.

Impact of weighting. Weights impact both the point estimate as well as the variance of this

estimate in MA-PMI. To illustrate the impact of weights, we use the example from above with a
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difference of δ2 −δ1 = 1 and σ2
δ1

=σ2
δ2

= 1, but vary the weights. As can be seen in Eq. 4, the mean

of the BMI distribution moves linearly by weight toward the higher weighted model parameter

value. As can be seen in Fig. C.2, given both models have the same variance of the parameter,

the parameter’s variance is highest for equal weights. It decreases as either model is weighted

higher. If one of the models receives a weight of 1, which corresponds to choosing one of the anchor

items sets, the variance of the respective model (here 1) results. The greater variance of δ for equal

weights reflects the fact that this expresses a state of maximum uncertainty. On the contrary, more

unequal weights express increased certainty.

Figure C.2: Dependence of the variance of a parameter in the MA-PMI distribution on the difference
of parameter estimates between models (left) and on the chosen weights (right). This is shown for
a two-model case, in which both models provide distributions with a variance of 1.

C.4 Empirical Example

In the following, we will illustrate our approach with data of the assessment of obsessive-compulsive

disorder (OCD). We used data on N = 1036 outpatients at the start of therapy, who received

treatment at a university outpatient clinic specialised in OCD (for more info see Schulze et al.,

2018). In the course of initial diagnostics, the German Yale-Brown Obsessive Compulsive Inventory

(Y-BOCS, Goodman, Price, Rasmussen, Mazure, Delgado, et al., 1989; Goodman, Price, Rasmussen,

Mazure, Fleischmann, et al., 1989; Hand & Büttner-Westphal, 1991) was applied. The Y-BOCS

interview is a gold standard in the diagnostic process of OCD (Fatori et al., 2020) and consists

of a symptom catalogue among others. The items are dichotomously scored with a score of 1

indicating the presence of the symptom and a score of 0 indicating its absence. Schulze et al. (2018)

showed that OCD symptoms can be reduced to a total of 10 distinct dimensions. Here, we focus on

the Cleanliness subscale, which consists of 12 items subsuming contaminant obsessessions and
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cleaning compulsions (see Table C.1).

Table C.1: Items of the Y-BOCS Cleanliness scale and item cluster analysis results with gender as MI
covariate.

# Item Cluster rel. DIFλ rel. DIFτ δ̂ (SE)

1 Concerns with bodily waste or secretions

A

-0.18 0.46

0.10 (0.08)

6 Bothered by sticky substances or residues -0.05 0.42
9 Excessive or ritualized hand washing -0.12 0.30

10
Excessive or ritualized showering, bathing,

-0.19 0.16
tooth brushing, or grooming

12
Other measures to prevent or remove contact

-0.19 0.10
with contaminants

2 Concerns with germs or dirt

B

-0.02 -0.46

0.28 (0.08)

7 Concerned will get ill because of contaminant -0.08 -0.14

8
Concerned will get others ill by spreading

-0.08 -0.10
contaminant

11
Involves cleaning of household items and

-0.05 -0.16
inanimate objects

3
Excessive concerns with environmental

C
0.25 0.22

0.24 (0.10)contaminants
4 Excessive concern with household items 0.09 -0.18
5 Excessive concern with animals D 0.62 -0.61 0.43 (0.11)

Note. Partial MI analysis results in four clusters found by the item cluster approach. rel. DIF = relative
DIF effect as defined in Schulze and Pohl (2020) as the foundation of the item cluster approach. Effects were
centered on zero. δ̂ = estimated standardized mean difference with female as focus group (standard error).

For the illustration of our approach, we compared Cleanliness symptoms between the two

groups of self-identified females and males (n f = 573,nm = 463). The applied research question

at hand is thus to detect a possible difference in Cleanliness symptoms between female and male

patients.

C.4.1 MI Analysis

In the first step, we applied a model as given in Eq. C.3 to scale the responses to the items of the

Y-BOCS. We tested for violations of MI in both item difficulties τ and item loadings λ. We used the

weighted least squares estimator as implemented in the package lavaan (Rosseel, 2012) in R (R

Core Team, 2020). Syntax can be found in the Appendix. A global test of MI of the Cleanliness

subscale compared the configural model with a strong MI model in which loadings and thresholds

were constrained to equality. It yielded a significant difference indicating substantial violation of

MI (χ2(10)= 25.19, p = 0.005). This finding was supported by large ranges in DIF effects in both

loadings and difficulties (DIF range log(λ) = .81, DIF range τ = 1.07, see Table C.1).

In order to identify sets of items that are functioning homogeneously in both item parameters

within each set, we applied the item cluster approach for two groups (Pohl & Schulze, 2020). This

approach has to main steps: 1) Calculate DIF effects for each item parameter that are relative to

an arbitrarily chosen item. Such relative DIFs have the advantage to be invariant to changing

model constraints, i.e. to circumvent the scale indeterminacy issue. On the downside, such

DIF effects cannot be interpreted on an absolute scale, i.e. a value of zero does not convey zero
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true DIF. 2) These relative DIF effects provide the source for clustering the items: Items with

approximately equal relative DIF are closely measurement invariant to each other. The cluster

process is steered by setting maximum ranges of relative DIF values within each item cluster

(corresponds to the small amount of residual DIF still allowed). We set these ranges to be 0.2 for

item loadings and of 0.5 for item intercepts, which can be considered moderate (for rating of DIF

size see González-Betanzos & Abad, 2012).

The item cluster approach yielded four distinct item clusters in this example (see Table C.1),

which upon closer inspection depicted different contents of the overarching Cleanliness symptom

domain. Cluster A involved obsessions and compulsions directed at touch and having contaminants

on the body’s surface while cluster B subsumed mostly items concerning general illness. Cluster

C consisted of two items on hazards in the environment, and cluster D covered a single item on

animals.

C.4.2 Bayesian Analysis and Model Averaging

Using Bayesian estimation, we implemented four partial MI models in STAN (Carpenter et al.,

2017). In each of the models one of the item clusters was used for anchoring.19 This resulted in

four group mean differences δ in Cleanliness symptoms between female and male patients with

all four models indicating a higher symptom prevalence for females. Still, the models differed

substantially in the magnitude of standardized mean differences (see Table C.1). The standard

errors of the mean difference ranged from 0.08 to 0.11 across the models, yielding a significant δ

for all clusters but the model of cluster A. Figure C.3A depicts the posterior distributions of the

four partial MI models.

When naively assuming MI for all items (full MI, Figure C.3B), a significant standardized mean

difference in Cleanliness scores of δ= 0.19 (SE=0.07) in favor of women was estimated.

Figure C.3C depicts the MA-PMI distribution with equal and thus uninformative weights

(1
4 , 1

4 , 1
4 , 1

4 ). Here, an estimated standardized mean difference of δ= 0.26 (SE=0.15) resulted. Note

that the mean difference was close to the one when assuming MI for all items20, but the standard

error was substantially larger, leaving the credibility interval to include zero.

We also incorporated substantive and expert knowledge about the plausibility of anchor item

sets by using informed weights (Figure C.3D). When looking at the item content differences between

the item clusters, we found that cluster A and B resembled the general concept of contamination

obsessions and cleaning compulsions more closely than cluster C and D which contained rather

specific niches of this symptom domain. On the one hand this was due to higher item counts in

cluster A and B, but these clusters furthermore reflected generalized core aspects of touching,

cleaning, and illness. The results of the item clusters approach thus unraveled a factor structure

within the Cleanliness factor. Such unaccounted latent structures are likely sources of MI violations.

We chose the weights 0.45, 0.45, 0.10, 0.00 and thus decided to put emphasis on cluster A and

19We ran multi-group 2PL models in STAN for 100000 iterations (warm-up = 50000). There were no signs of
non-convergence (maxRhat = 1.001, medianRhat = 1.00001, minEffN = 836, medianEffN = 72052). Both the STAN and
R syntax can be found in the Appendix.

20The small difference occurs due to the fact that when assuming full MI all items equally contribute to the estimate,
while in the cluster approach each cluster equally contributes to the aggregated estimate; the number of items, however,
differs between clusters.
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B without differentiating in their importance. Cluster C adds a little to the content domain of

Cleanliness symptoms but was not discarded completely as anchoring candidate. Cluster D, which

contained only a single item on a niche phenomenon (animals), was excluded as anchor candidate

by setting its weight to zero. The resulting MA-PMI distribution was shifted towards the mean

difference found by cluster A and B. Thus, a somewhat smaller effect of δ= 0.19 compared to equal

weighting resulted. It was statistically insignificant.
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Figure C.3: Distributions of the standardized mean difference for female and male patients on
the Cleanliness scale. C and D are MA-PMI distributions. Values in parentheses are parameter
variances in terms of standard deviations. Dashed lines indicate the bounds of 95% credibility
intervals.

C.5 Discussion

Here we introduced a model averaging approach for estimating latent differences while incorporat-

ing uncertainty in anchor item choice. As common partial MI analysis techniques demand making

a choice for a single anchor item set, these approaches fall prone to making unstated, unchecked, or

unfounded assumption on the nature of partial MI. We rely on the idea that different assumptions

may be plausible and that the variety of choices of plausible assumptions should be depicted

in the results. From this perspective, unavailable strong expert knowledge results in all items

or item clusters being plausible anchors to some extent. Our approach provides a tool to make

flexible choices about the degree of belief in different sets of anchor items. By making different

assumptions and their impact on analysis results transparent fosters much more informed results

that may be used for replication studies or for further studies on the topic.
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There exists an extensive theoretical literature on model combination techniques, primarily dis-

cussing the automated delineation of model weights from model fit in the sense of machine learning

approaches. This strand of research has produced various elaborate mathematical approaches, like

BMA (Madigan et al., 1996), model stacking (Wolpert, 1992; Yao et al., 2018), bagging (Breiman,

1996), and Bayesian model combination (Monteith et al., 2011). These approaches use model fit or

prediction accuracy as determinants of model weight and are not suited for partial MI modeling:

Due to scale indeterminacy, model fit does not display bias of latent group differences resulting

from anchor item choice. As such, it is not a suitable measure for plausibility of assumptions.

Instead, we propose using substantive considerations about prior beliefs as weights. This notion

refers to core aspects of Bayesian statistics in the sense of probability as a mathematical expression

of a person’s degree of belief.

We have illustrated the properties of the proposed approach - which are straightforward in the

sense that they are grounded in basic mixture distribution calculation. The averaged parameter

mean depends on the parameters estimated in the different models and the weights assigned to the

models. Parameter variance increases with a) an increase in variance of the parameter estimates

in the different models, b) an increase in differences in parameter estimates across the candidate

models and c) decreasing information (i.e., equality of weights) on the plausibility of the candidate

models.

In our applied example, we found four inherently measurement invariant item clusters which

reflected multidimensionality of the scale. These four item sets provided viable candidates for

anchors. With respect to the substantive research question at hand, the the latent difference in

Cleanliness symptoms between females and males, different anchor choices led to varying effect

sizes and, more importantly, to different decisions on the statistical significance of this effect.

When choosing one of the clusters B, C, or D for anchoring, a significant effect resulted. The same

conclusion would have been drawn when neglecting the violation of MI all together. The latent

difference was insignificant when anchoring with cluster A (which is the largest one and would

thus pose a natural candidate aside from content-wise considerations) or when applying model

averaging of any kind. As the latter takes the uncertainty due to anchor item choice into account,

it seems to be a sound approach on the conservative side of statistical testing.

MA-PMI uses a priori weights stemming from expert knowledge. If one has no grounds to

decide between two or more given anchor item sets, their weights will be equal in order to express

this maximum uncertainty. Setting a weight to zero on the other hand expresses maximum

certainty about excluding it as an anchor candidate. We illustrated such reasoning in the applied

example via two different weighting schemes. While these two weight sets were for the purpose of

illustration, an applied researcher should only use a single set of weights for which they can state

substantive arguments. These arguments are then open for scientific debate. In order to avoid the

impression of p-hacking and likewise unscientific endeavors, the rationale for finding weights and

the extent of expert knowledge could be laid down as part of a study’s preregistration.

Although we made use of models for dichotomous items in our illustrations and the example,

the described principles of MA-PMI can be applied to any other latent variable model type as

well. In this respect, we supply code for models with dichotomous as well as continuous items in

the supplements. Further models of interest are the case with more than two groups as well as
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continuous MI covariates ((like age, Schulze & Pohl, 2020). Furthermore, MA-PMI is a general

approach and can be applied to any parameter of interest and is not restricted to the latent mean

difference.

We illustrated the MA-PMI approach using the anchor item sets identified by the item cluster

approach. It is of course also possible to identify candidates for anchor item sets by other ways

(e.g., substantive considerations or other MI approaches) and apply MA-PMI to these different

options. For example, researcher may be aware of the different underlying sub-dimensions and

may deliberately choose some or all of these as possible anchor item sets. Furthermore, MA-PMI

could also be applied without using anchor sets but single items instead. Single-item anchors come

at the cost of increased standard errors for the latent parameter under scrutiny (e.g., δ) when

compared to longer anchors.

Similarly to setting prior distributions for parameters in Bayesian analysis, future research

may address how to systematically translate expert knowledge and knowledge from previous

studies into weights for different anchor item sets (i.e. models). This may require applications that

serve as blueprints but also reviews of the amount of measurement invariance, typical differences

in estimated parameters as well as their standard errors in different partial MI models. These

may serve for simulation studies investigating the effect on approaches used and weights chosen

and can result in more detailed guidelines for how to deal with violations of MI in applications.

Future applications of this approach will show in which way making assumptions transparent

and depicting uncertainty helps understanding the issue at hand. Furthermore, such applications

could also help in performing meta-analyses on reasons for measurement invariance. This could

in turn help test developers to construct tests for which measurement invariance either does not

occur or is deliberately introduced (e.g., in multidimensional scales). We also believe that the

transparency inherent in our approach will facilitate designing replication studies and to estimate

the effect of changing design factors on replicability of the results (Steiner et al., 2019).
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C.6 Appendix

C.6.1 Proof

We show that the variance of the by MA-PMI averaged parameter of interest p = δ over two models

is
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C.6.2 Bayesian Model Averaging for Measurement Invariance Models - cont.
items

# Bayesian partial measurement invariance models for two groups and classic CFA
models

# and Bayesian model averaging for such models
library(blavaan)

model <- "Factor =~ item1 + item2 + item3 + item4 + item5" # set up measurement
model in lavaan syntax

items <- c("item1", "item2", "item3", "item4", "item5")
clustering <- c(1, 1, 1, 2, 2) # cluster coding
weights <- c(0.5, 0.5)
iter <- 5000
muAver <- NULL #averaged mean difference

for (currCluster in unique(clustering)) {
currNonAnchor <- which(clustering != currCluster)
partialItems <- append(partialItems,

paste0(lv, "=~", items[currNonAnchor]),
paste0(items[currNonAnchor], "~ 1"))

res_blavaan <- bcfa(model,
data = Data,
group = "group",
std.lv = TRUE,
group.equal = c("loadings", "intercepts"),
group.partial = partialItems,
burnin = iter/2,
sample = iter/2,
n.chains = 2,
bcontrol = list(cores = 2))

fit <- res_blavaan @external$mcmcout

# Bayesian model averaging by weighting

post <- extract(fit)
nSims <- weights[currCluster]*(iter/2)
draws <- sample((iter/2):iter, nSims)

muAver <- append(muAver,
rnorm(nSims,

post$Alpha_free[draws],
post$Psi_var[draws]/sqrt(nrow(Data))))

}

C.6.3 Bayesian Model Averaging for Measurement Invariance Models - binary
items

# Bayesian partial measurement invariance models for two groups and 2PL models
# and Bayesian model averaging for such models
library(reshape2)
library(rstan)
options(mc.cores = 2)
rstan_options(auto_write = TRUE)

# prepare data for STAN:
# data frame should contain only the items in a dichotomous 0/1 coding
# Transformation as model syntax expects a long data format with subject and item

indicators. Group indicator is seperate.
Data$sbjct <- 1:nrow(Data)
DataInput <- melt(Data, value.name="y", id.vars="sbjct")
DatInput$item <- rep(1:ncol(Data), each=nrow(Data))

group <- as.numeric(group) # group indicator has to be numeric with 1 and 2
table(group)

# Estimation:
# setting up input for STAN
Dat2plMG <- list(N =nrow(Data),

K =ncol(Data),
Ntot=nrow(Data)*ncol(Data),
jj=DatInput$item,
ii=DatInput$pbn,
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y =DatInput$y,
g =group,
gg=rep(group, ncol(Data)),
G =2,
NconItem = 2, # 2 anchor items
conItem = c(1, 6), # ... which are item 1 and 6
freeItem = 2:5) # ... while all other items are freely

estimated
# Estimate (takes a while)
Sys.time()
fit <- stan(file = ’2PL multigroup partial MI.stan’,

data = Dat2plMG,
iter=20000, chains=2)

Sys.time()

# Having a look at the aggregated results for the core parameters
res <- summary(fit)
# mean difference
round(res$summary[grep("mu", attr(res$summary, "dimnames")[[1]]), ], 3)
# variance ratio
round(res$summary[grep("sigma", attr(res$summary, "dimnames")[[1]]), ], 3)
# item difficulties
round(res$summary[grep("^b\\[", attr(res$summary, "dimnames")[[1]]), ], 3)
# item discriminations
round(res$summary[grep("^v", attr(res$summary, "dimnames")[[1]]), ], 3)
# look for convergence issues via Rhat and Effective sample size
summary((res$summary[, 9:10]))

# Bayesian model averaging for partial MI models:
# Repeat the above analysis multiple times and obtain multiple models, e.g., 2.
post1 <- extract(fit1)
post2 <- extract(fit2)
iter <- 20000

# Obtain a weighted averaged posterior for the mean difference parameter
weights <- c(0.5, 0.5)
muAver <- NULL
for (currCluster in unique(clustering)) {

nSims <- weights[currCluster]*(iter/2)
draws <- sample((iter/2):iter, nSims)

muAver <- append(muAver,
rnorm(nSims,

get(paste0("post", currCluster))$mu2[draws],
get(paste0("post", currCluster))$sigma2[draws]/sqrt(nrow(

DataInput))))
}

############## STAN file, saved as "2PL multigroup partial MI.stan" ######
data{

int<lower = 1> N; // number of examinees
int<lower = 1> K; // number of items
int<lower = 1> Ntot; // number of data points
int<lower = 1> jj[Ntot]; // item id
int<lower = 1> ii[Ntot]; // person id
int<lower = 0> y[Ntot]; // responses
int<lower = 1> g[N]; // group
int<lower = 1> gg[Ntot]; // group
int<lower = 1> G; // number of groups
int<lower=1> NconItem; // number of constrained items
int<lower=1> conItem[NconItem]; // item constraint
int<lower=1> freeItem[K - NconItem];

}
parameters{

vector[N] PersPar; // person parameters
real mu2; // freely estimated
real<lower=0> sigma2; // freely estimated
vector[NconItem] equalB;
matrix[K - NconItem, 2] unequalB;
vector<lower=0>[NconItem] equalV;
matrix<lower=0>[K - NconItem, 2] unequalV;

}
transformed parameters{

matrix<lower=0>[K, G] v;
matrix[K, G] b;

b[conItem, 1] = equalB;
v[conItem, 1] = equalV;
b[conItem, 2] = equalB;
v[conItem, 2] = equalV;
b[freeItem, ] = unequalB;
v[freeItem, ] = unequalV;
}
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model{
// prior person parameter
for(i in 1:N){

PersPar[i] ~ normal((g[i]-1)*mu2, (g[i]-1)*sigma2+((g[i]-2)*(-1)));
}
mu2 ~ normal(0, 5);
sigma2 ~ cauchy(0, 5);

// prior item parameter
to_vector(unequalB) ~ normal(0, 5); // discrimination
equalB ~ normal(0, 5); // discrimination
to_vector(unequalV) ~ normal(0, 5); // difficulties
equalV ~ normal(0, 5);
for(n in 1:Ntot){

target += bernoulli_logit_lpmf(y[n] | (v[jj[n], gg[n]]*(PersPar[ii[n]]) - b[jj[n
], gg[n]]));

}
}

########
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C.6.4 Item Cluster Analysis for 2PL Models and Two Groups

# The IRT estimators used come from mirt.
# No data is provided in these examples.
# requested packages:
library(mirt)
library(doParallel)
library(plyr)
library(rlist)
library(Ckmeans.1d.dp)
library(shape)
# Main function: twoStepThreshold for the 2 groups case to apply the cluster

algorithm with various thresholds at once.
######################### Two Groups ##########################
# DIF analysis for 2 groups. Returns a list with the results.
# Prints a duration estimate. Has its own summary class.
res <- twoStepThreshold(
data, # observed data (items answers only)
group, # grouping variable
aThreshold = 0.3, # alpha threshold (can be a scalar or vector)
bThreshold = c(0.5, 0.6), # beta threshold (can be a scalar or vector)
nCPUs = 4) # (maximum) number of processors to be used in parallel in

the second step (the first step is single core only)
# An overview over the final cluster results for varying threshold combinations:
summary(res)
# A detailed look at the returned list. It is generally structured in the way: list(

alphaThresholds = list(betaThresholds))
str(res, 2)

########### Estimate 2PL Model for Specific Cluster Solution ############
cluster <- res$‘aThresh=0.3‘$‘bThresh=0.5‘$cluster2ndStep
anchor <- which(cluster == 1) # Get positions of the anchor items. Here, cluster 1

is used as an example.

mod <- mirt:::multipleGroup(data,
group = group,
invariance = c("free_means", "free_var", names(data)[anchor]), # the invariant items
model = 1,
itemtype = "2PL")
coef(mod, simplify=T) # show item parameters and latent moments

################# Functions ##############
# 1) 2step algorithm for 2PL model for groups.
# Yields a list with the resulting cluster memberships and parameter estimates per

step.
twoStepThreshold <- function(
Dat,
groups,
aThresholds, # can be a single value or a vector of values (i.e., a sequence)
bThresholds, # can be a single value or a vector of values (i.e., a sequence)
nCPUs = 1
) { # (maximum) number of processors to be used in 2nd step

threshL <- list() # intialize level 2 list
if (length(unique(groups)) > 2) stop("Group number is wrong. Exactly 2 groups are

needed.")

# initial model
cat("Estimating initial model...")
t0 <- proc.time()
mod1 <- multipleGroup(Dat,
model = 1,
itemtype = "2PL",
#method = "MHRM",
group = groups,
invariance = character(),
SE = T, verbose=F)
t1 <- proc.time()
tDiff <- as.numeric(t1 - t0)[3]

params1 <- getItemParams(mod1, SE=F)

if (min(params1[c(2, 4)]) < 0) {
"Negative loadings. Cannot continue."
stop()
}
## 2step approach
# 1st step: alphas

for (aThresh in aThresholds) { # main loop for various a-thresholds
dR_alpha <- drids2PL(mod1)$dR_alpha
cluster1stStep <- kMeansThresh(dR_alpha[, 1], aThresh)
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cat("\r", "Current alpha threshold =", aThresh, "with approx. duration =",
ceiling(ceiling(max(cluster1stStep) / nCPUs)*tDiff/60), "minutes")

# 2nd step: betas
cluster2ndStepL <- list(cluster1stStep = cluster1stStep, model1stStep = list(params

= params1,
output = capture.output(mod1)))
for (bThresh in bThresholds) cluster2ndStepL[[paste0("bThresh=", bThresh)]][["

cluster2ndStep"]] <- vector(length = length(cluster1stStep)) # initialize
lower storage list

cluster1stStep_1 <- unname(which(table(cluster1stStep) == 1)) # check for
1-item alpha clusters...

cluster1stStep_for2ndStep <- unname(which(table(cluster1stStep) > 1)) # ...and
here all clusters with more than 1 item

# parallized 2nd step estimation (only for alpha clusters with at least 2 items)
cl <- makeCluster(nCPUs) # initialize parallization
registerDoParallel(cl)

mod2L <- foreach(curr1step = cluster1stStep_for2ndStep, .inorder=T, .combine=append,
.packages=c("mirt","Ckmeans.1d.dp"), .errorhandling=’stop’) %dopar% {

currCluster <- which(cluster1stStep == curr1step) # get current items
anchorMod <- paste0("F1 = 1-", length(cluster1stStep),"
CONSTRAINB = (", paste(curr1step, collapse=", "), ", a1), (", sample(curr1step, 1),

", d)") # constrain item of current alpha cluster and a random intercept from
the current cluster

mod2 <- multipleGroup(Dat,
model = anchorMod,
itemtype = "2PL",
#method = "MHRM",
group = groups,
invariance = c("free_var"), #"free_means",
SE = T, verbose=F)
}
stopCluster(cl) # cleanly exit parallel threads

if (length(cluster1stStep_for2ndStep) == 1) mod2L <- list(mod2L) # achieve list
structure even when there is only 1 entry

for (i in cluster1stStep_for2ndStep) {
curr1step <- which(cluster1stStep == i) # get current items

params2 <- getItemParams(mod2L[[which(cluster1stStep_for2ndStep == i)]], SE=F)
dR_beta <- drids2PL(mod2L[[which(cluster1stStep_for2ndStep == i)]])$dR_beta
cluster2ndStepL[["model2ndStep"]][[paste0("1st cluster=", i)]] <- list(params=

params2,
output=capture.output(mod2L[[which(cluster1stStep_for2ndStep == i)]]))

for (bThresh in bThresholds) {
curr2step <- kMeansThresh(dR_beta[curr1step, 1], bThresh)
cluster2ndStepL[[paste0("bThresh=", bThresh)]][["cluster2ndStep"]][curr1step] <-

curr2step + i*100 # i*100 produces unique cluster labels
historySteps <- rep(NA, length(cluster1stStep)) # save history
historySteps[curr1step] <- curr2step
cluster2ndStepL[[paste0("bThresh=", bThresh)]][[paste0("history: 1st cluster=", i)]]

<- historySteps
}
}

for (i in cluster1stStep_1) {
for (bThresh in bThresholds) {
cluster2ndStepL[[paste0("bThresh=", bThresh)]][["cluster2ndStep"]][cluster1stStep==i

] <- rep(i, 1) # for 1-item clusters: give cluster codes that will not occur
otherwise (below 100)

}
}
# unify cluster labels
for (bThresh in bThresholds) cluster2ndStepL[[paste0("bThresh=", bThresh)]][["

cluster2ndStep"]] <- as.integer(factor(cluster2ndStepL[[paste0("bThresh=",
bThresh)]][["cluster2ndStep"]]))

## end 2step approach

threshL[[paste0("aThresh=", aThresh)]] <- cluster2ndStepL
}

class(threshL) <- "twoStepClass" # give the result list a class attribute in order
to be able to apply a customized summary-function

return(threshL)
}
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summary.twoStepClass <- function(threshL,
inRows = F
) {
stopifnot(inherits(threshL, "twoStepClass"))
Res <- data.frame()
i <- 0
nItems <- length(threshL[[c(1, 3, 1)]])

if (inRows == F) {
for (aThresh in 1:length(threshL)) {
for (bThresh in 1:(length(threshL[[1]]) - 3)) {
i <- i + 1
Res[1, i] <- sub(".......=", "", names(threshL[aThresh])) # save a-

threshold
Res[2, i] <- sub(".......=", "", names(threshL[[aThresh]][bThresh + 2])) # save b-

threshold
Res[3, i] <- max(t(t(threshL[[c(aThresh, (bThresh + 2), 1)]]))) # save

number of clusters
Res[4, i] <- ""
Res[5:(nItems + 4), i] <- t(t(threshL[[c(aThresh, (bThresh + 2), 1)]])) # save

cluster code
}
}
rownames(Res) <- c("aThresh", "bThresh", "nClusters", "", paste0("i", 1:nItems))
colnames(Res) <- NULL
cat("#### Final clusters found in 2step algorithm ####", "\n")
} else {
for (aThresh in 1:length(threshL)) {
for (bThresh in 1:(length(threshL[[1]]) - 3)) {
i <- i + 1
Res <- rbind(Res, as.numeric(c(sub(".......=", "", names(threshL[aThresh])),

# save a-threshold
sub(".......=", "", names(threshL[[aThresh]][bThresh + 2])), # save b-threshold
max(t(t(threshL[[c(aThresh, (bThresh + 2), 1)]]))), # save number of

clusters
threshL[[c(aThresh, (bThresh + 2), 1)]]))) # save cluster code
}
}
colnames(Res) <- c("aThresh", "bThresh", "nClusters", paste0("i", 1:nItems))
cat("#### Final clusters found in 2step algorithm ####", "\n", "\n")
}
return(Res)
}

################# Auxilary functions ##########################
## retrieve parameters from mirt in a digestable way
getItemParams <- function(mod, # mirt-model
params = c("d", "a1"), # character[i]: names of the item parameters to be extracted

(in general: d/a1/g/u)
SE = TRUE, # logical: should parameter standard errors be reported as

well?
addVar = NULL, # numeric[k]: add an additional/ multiple variables to the

output (for ecample to compare simulated values), use cbind() to give them
useful names

roundTo = 5 # numeric[1]: decimals, the values should be rounded to
#-> Q4
){

containsSE <- !is.na(vcov(mod)[1,1]) # does the model include SEs? (estimated with
SE = TRUE?)

if (!containsSE && SE) {
warning("Standard errors were requested but not estimated. They will not be reported

...")
SE <- FALSE
}
itNames <- extract.mirt(mod, "itemnames")
grpNames <- extract.mirt(mod, "groupNames")
out <- data.frame(matrix(NA, nrow = length(itNames), ncol = 1))
cfg <- coef(mod, printSE = TRUE)
res <- data.frame(t(data.frame(cfg)))
for (g in grpNames){
if (length(grpNames) > 1) {
grpIdx <- grep(g, rownames(res))
} else {
grpIdx <- 1:nrow(res)
}
s <- strsplit(rownames(res),".", fixed = TRUE)
parVec <- sapply(s,function(x) x[length(x)])
for (p in params){
parIdx <- which(parVec == p)
curr <- res[intersect(parIdx,grpIdx),]
if (!is.numeric(curr)) curr <- curr[,"par"]
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if (length(grpNames) == 1) {
colName <- p
} else {
colName <- paste(g, p, sep = ".")
}
out[colName] <- curr
if (SE && containsSE){
curr <- res[intersect(parIdx,grpIdx),]
out[paste(colName, "SE",sep = ".")] <- curr[, "SE"]
}
}
}
out <- out[-1]
rownames(out) <- itNames
if (!is.null(addVar)) out <- cbind(out, addVar)
return(as.data.frame(round(out, roundTo)))
}

## apply k-means clustering with a threshold
kMeansThresh <- function(drids, # relative DIF-values for the items (taken

from delta-R matrix)
thresh = NULL # threshhold as a stopping rule. Threshold is maximum cluster width

on logit scale
){
k <- 1
currRange <- max(drids) - min(drids)
while(max(currRange) > thresh & k < length(drids)) {
k <- k + 1
clusCode <- Ckmeans.1d.dp(drids, k=k)$cluster
currRange <- NULL
for(i in 1:max(clusCode)) {
clusCode2 <- clusCode # helper copy
clusCode2[clusCode2 != i] <- NA # make picking vector
clusCode2[clusCode2 == i] <- 1
currRange[i] <- max(clusCode2*drids, na.rm=T) - min(clusCode2*drids, na.rm=T) #

get current range
}
}
res <- Ckmeans.1d.dp(drids, k=k)$cluster
res
}
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