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significance of core profile coordinates during interpretation. We analyzed the same cross-sectional
data using cluster analysis and latent profile analysis and compared the results to amplify the PAMS
utility over the other methods because it holds more information. We also demonstrated the utility
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each data set, in addition to limitations and suggestions for potential PAMS in R users.
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Introduction

A profile in this article refers to a row vector (or pro-
file) of a person’s observed responses to items (or sub-
scales). Most datasets in the social sciences have a rect-
angular shape where a row can be viewed as person ’s
profile (: =1, ..., I) consisting of each column subscale
j(=1,...J),and I > J. The subscores in the data are
assumed to be related and continuous.

When a researcher wants to compare group mean dif-
ferences, univariate or multivariate analysis of variance
can be conducted. Or when a researcher wants to inves-
tigate linear relationships or latent structures among vari-
ables, they conduct univariate/multivariate linear regres-
sion or factor analysis. The factor or principal component
analysis (e.g., Jolliffe, 2011; Kim & Mueller, 1978) is de-
signed to identify homogenous sets of variables to define

factors/components from a simple structure that is a load-
ing matrix where a set of homogeneous variables loads
strongly on one factor but not others, usually after a rota-
tion is applied to an initial factor solution.

The univariate and multivariate statistics addressed
above are useful for addressing certain research questions,
but they are not designed to study person profiles included
in I x J rectangular shape data. (Davison, 1996) first intro-
duced profile analysis via multidimensional scaling (PAMS)
to study person profiles in the I x J data set. PAMS is de-
signed to identify a small number of core profiles from a
sample of person profiles to understand central response
patterns in a population. Each person profile consists of
two features: level and pattern that determine uniqueness
of person profiles.
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Level

Person ¢’s level is defined as person ¢’s numerical
mean of the subscores included in her profile: m; =
(1/J) Z;']:1 m;j, where m,;; represents person ¢’s observed
score on subscale j (see details in Kim et al., 2004). The
height of person ¢’s profile is determined by this level. Per-
son levels are often converted to z-scores to facilitate com-
parisons between individuals. The level variance in [ in-
dividuals is the measure of the between-person variance,
which is estimated with

I
(1/ (1= 1) Y (mi —m)?,

=1

where m = (1/1) Y1, m.
Pattern

Person ¢’s pattern, on the other hand, is defined as
ipsatized subscores around person ¢’s mean. Thus,
(m; —m;), where m; is person i’s profile: m; =
(M1, ...mij, ..., miy)" and m; = m;1, which is the
J x 1 mean vector of person ¢. The pattern of person i’s
profile is uniquely defined by a vector of ipsatized scores,
(m; — m;). In person 4’s profile of cognitive ability scores
(i=1, ..., I), for instance, peaks represent person #’s
strengths in specific cognitive ability domains, whereas val-
leys represent person ¢’s weaknesses in specific cognitive
ability domains. The pattern variance for each individ-
ual (e.g., person ¢) is described as within-person variance
across J subscales such as

1/ =1) 3] (myy =)’

in person ¢. Finally, the total within-person variance is de-
fined as

DER(IEEN) DRCREA

Such patterns contain contextual and qualitative infor-
mation that cannot be found in any aggregated score, such
as the mean of subscores. For example, Person A’s profile is
(65, 80, 65) with a level of 70, whereas Person B’s profile is
(35, 50, 35) with a level of 40; the levels are different. How-
ever, they share the same response patterns: The pattern
of Person A is (65 - 70 =-5, 80 - 70 = 10, 65 — 70 = -5), while
the pattern of Person B is (35 — 40 = -5, 50 - 40 = 10, 35 - 40
=-5). In a further instance, two individuals with the same
level but distinct patterns: Person C’s profile is (45, 60, 45)
and Person D’s profile is (60, 30, 60); both profiles have a
level of 50. However, these individuals’ patterns are dis-
tinct: Person C’s pattern is (45 — 50 = -5, 60 — 50 = 10, 45 -
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50 = -5) and Person D’s pattern is (60 — 50 = 10, 30 — 50 =
—20, 60 — 50 = 10). In this instance, the clinical diagnoses of
these persons would differ because their pattern informa-
tion is distinct, despite the fact that the level information is
identical.

The level information is useful to study individuals’ dif-
ferences in terms of person means, which can be used
as a global assessment for person mean differences (i.e.,
the case of Persons A and B in the previous example).
Whereas the profile pattern information is clinically use-
ful when clinicians want to diagnose specific individual pa-
tients based on their response patterns of symptom indica-
tors (i.e., the case of Persons C and D in the example). Based
on the patients’ response patterns, clinicians can specify
which symptom indicators (included in the patients’ pro-
files) are improved, little changed, or deteriorated after
treatment.

Different Profile Analysis Methods

Cluster Profile Analysis (CPA)

In the past, core profiles were identified using cluster anal-
ysis (Aldenderfer & Blashfield, 1984; Konald et al., 1999).
The goal of a cluster analysis is to group people into mean-
ingful clusters, where individuals within each cluster are
more similar to one another than to individuals in other
clusters, and each cluster is relatively independent of the
others. The mean of each subscale for all people in the clus-
ter is used to describe the cluster’s profile characteristics; in
other words, a subscale mean profile (or level information
defined by PAMS) is considered a core profile for each clus-
ter. There is modal profile analysis, a hybrid method that
combines Q-factor and cluster analysis, which was used to
extract profile pattern information, but it is obsolete and
only applicable to small sample sizes (Kim, 2023; Kim et al,,
2007). For instance, Steer (1982) used only 25 males and 25
females out of 700 patients as a test sample for modal pro-
file analysis, indicating its impediment for analysis of large
sample data that were (n = 1,650) used in the present
study.

Latent Profile Analysis (LPA)

Recently, latent profile analysis (LPA) has been used to iden-
tify latent profiles from continuous data sets (e.g., Armour
et al., 2011; Parker et al,, 2014), using the Mplus statistical
software (Muthen & Muthén, 1998). LPA is a subset of Gaus-
sian finite mixture modeling, which is a probabilistic model
in which all data points are generated by a mixture of a fi-
nite number of Gaussian distributions with unknown pa-
rameters (Rosenberg et al., 2018; Scrucca et al., 2016; Shire-
man et al., 2017). The LPA estimates the likelihood that indi-
viduals belong to latent classes. The average of the individ-
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uals’ subscale scores for each latent class forms a latent pro-
file. Liu et al. (2022) conducted an ANOVA on the average of
the participants’ subscale means for the latent classes to de-
termine the significant mean differences among the latent
classes. This suggests that subscale means within each la-
tent class essentially determine the latent profile. Thus, ev-
ery latent profile in LPA lacks pattern information but only
level information (defined by PAMS), like the cluster profile
analysis. Due to a lack of information about response pat-
terns, the latent profiles in LPA cannot replicate the level
and pattern information observed in person profiles. For a
comparison of the outcomes of LPA, CPA, and PAMS, consult
the supplementary materials.

Necessity of PAMS

Davison (1996) introduced PAMS to compensate for the
shortcomings of cluster and latent profile analysis. PAMS
explains person profiles with level and pattern parameters
estimated by PAMS, assuming that the pattern parameters
depict the central response patterns. PAMS is an extension
of the Q-factor model in that it focuses on the analysis of
person profiles utilizing nonmetric multidimensional scal-
ing (MDS) to identify core profiles. Since nonmetric scaling
employed in PAMS analyzes a test X test proximity matrix
(rather than a person x person proximity matrix) to iden-
tify core profiles, unlike cluster profile analysis, the matrix
to be analyzed does not grow as sample size increases, and
PAMS (and PAMS in R) can be performed on samples of any
size. While MDS has been employed to visually analyze the
relationships between variables on a two-dimensional map
(Davison, 1983; Torgerson, 1958), Davison (1996) modeled
person profiles across dimensions using dimensional scale
values.

Adopted MDS in PAMS in R for Double Centering

PAMS in R also utilizes MDS with double-centering for data
scaling, and the double-centering controls level effects. The
double-centering refers to the process of centering of data
using both row and column means. Particularly when data
contain dominant level effects (as is the case with the cur-
rent data sets), they are confounded with pattern effects,
preventing the identification of meaningful pattern effects.
However, the double-centering ensures that there is no
level effect in the core profile (for details, see Kim, 2023).
Double-centering of data is not required by researchers
prior to executing the PAMS in R. This is because the PAMS
in R automatically performs the double-centering process
when scaling the data.

On the other hand, if factor analytic paradigms such
as maximum likelihood estimation-based factor analysis
(Kim, 2013) or principal component analysis (Kim & Kim,
2017) are applied to model person profiles, the level effects
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cannot be controlled because the core profiles estimated
by the factor analytic paradigms are identified from either
an intervariable correlation or covariance matrix that is a
column centering-based matrix. The numerator of the cor-
relation/covariance matrix between variables X and Y is
computed by

Y -X)(Yi-Y),
7

wherei=1, ..., LX = (1/) X! X, v = (1/1) 1 v,
and I is a sample size. This numerator is expressed with
a product of the X and Y column-centered entities, and
the level effects are still present in the column centered co-
variance/correlation matrix. Therefore, if researchers use
factor analytic paradigms to identify core profiles carrying
pattern effects, they must remove level effects before anal-
ysis, unlike PAMS in R (Kim, 2023). Factor analysis exclu-
sively interprets positive factor loadings, whereas PAMS in
R considers both negative (indicating lowered symptoms or
achievement) and positive (indicating increased symptoms
or achievement) values as equally meaningful. These val-
ues are then represented in a core profile with peaks and
valleys.

Modeling Person Profiles with PAMS in R

Unlike profile analysis based on clustering or Q-type factor-
ing that analyzes an inter-person / x [ proximity matrix to
identify core profiles, PAMS in R analyzes an inter-variable
J xJ proximity matrix to identify core profiles and then re-
lates the core profiles to person profiles. Thus, in the PAMS
in R model, each person profile is expressed with a linear
combination of alevel parameter, a pattern parameter, and
an error term (Kim et al., 2007):

mi:mil—l—(mi—mil):cil—i-Xwi—i—ep (1a)

or

The initial portion of Equation 1 represents person level
and pattern in raw scores, where m; is person ¢’s profile
and m; is a model estimate of ¢;. The second portion in
the equation expresses person i’s profile using the PAMS
in R model parameters, where X is a J x K core pro-
file matrix (e.g., Davison et al., 1996; Frisby & Kim, 2008;
McKay et al.,, 2014, 2018); w; is a K x 1 vector of person
i’s weights on K core profiles; and e, is a residual term
for person ¢ that characterizes differences between m; and
m; (= ¢1+ XW;) which is a model expected person 4’s
profile where error is contained, assuming X to be fixed.
The PAMS in R model, like other scaling methods (Ramsay,
1977; Takane et al., 1977; Kruskal, 1964a, 1964b; Shepard,
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1962a, 1962b), assumes homogeneity of variance and nor-
mality for the residuals. These assumptions are also re-
quired by the regression model, which assumes equal vari-
ance and normality for the residuals.

In the PAMS in R model, an individual’s pattern ef-
fect (h; — m;1) is estimated with a product of two model
parameters, Xw;, as shown in Equation 1, implying that
X carries only pattern information. Although PAMS in R
estimates both level and pattern, since person levels can
be easily computed with person means (i.e., ¢; = m; =
(1/J) Z}]:1 m;;) without the use of PAMS in R, the main
advantage of using PAMS in R is that it allows researchers
to identify a small set of core profiles to understand the
central response patterns from a large number of person
profiles. It would be nearly impossible to grasp the central
pattern information by inspecting every (1h; — m;1) from
I people (e.g., I =1,650 in our example data). Since the core
profiles carry only pattern information, person ¢’s profile of
J ipsatized subscores can be expressed with the PAMS in R
model parameters

T1K
+ Wi | (2)
m;J Ty TJK
In Equation 2, since the sum of the left-hand side is always
zZero: ijl (m;; — m;) = 0, the sum of the right side must

be zero as well: w;;, Z;’ x ;1 = 0. Since the person weight is
not assumed to be zero, w;; # 0, the sum of core profile £’s
coordinates must be zero, Zj zijpy =0 (k=1, ..., K).
The coordinates of every core profile are scaled to be ip-
sative, which is a necessary and sufficient condition for
core profiles to carry only pattern information (e.g., Kim,
2013, 2023).

Modeling Longitudinal Person Profiles with PAMS in R.
PAMS in R can be easily applied to longitudinal data analy-
sis to estimate response pattern trajectories over time. For
longitudinal data, that m;py = (m;1, ..., m;r) is a per-
son profile of observed 7' responses over 7' time points,
where the subscript 7" refers to time point 7. Then, as
shown in the cross-sectional PAMS in R (Equation 1), person
7’s longitudinal profile of observed responses over time can
be modeled with core trajectory profiles such as: m;7) =
¢yl + Xrwiry + €1y or M1y = ¢yl + Xy,
where c;(1) is the person ¢’s level; X7 is a matrix of core tra-
jectory profiles; w; () is person 7’s weights on the core tra-
jectory profiles; and e, (7 is the difference between m; (7
and r;(7), which is the model’s expected person 4’s longi-
tudinal profile where error is contained. All parameter es-
timates in the longitudinal data are calculated identically
to those in cross-sectional PAMS in R.
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Despite the fact that PAMS has been demonstrated to be
useful for assessment in a variety of substantive domains,
no PAMS software is available for public use. ProfileR is the
only open-source R software available for profile analysis
(https://www.r-project.org), but it is Torgerson’s scaling in
fact (Torgerson, 1958), which is unpopular due to its poor
data fitting. PAMS in R incorporates ProfileR as a "classical”
scaling option for researchers wishing to implement Torg-
erson’s scaling.

PAMS in R is used with smacof that is based on scal-
ing by majorizing a complicated function. This algorithm
seeks an ideal stress value (which is the difference between
observed and model estimated dissimilarities) through the
optimization process in order to solve local minima prob-
lems on the Stress’s bumpy surface (Borg & Groenen, 2005;
de Leeuw & Mair, 2009). The data transformations “ordi-
nal,” “interval,” “ratio,” and “mspline” built-in in smacof
are also included in PAMS in R. However, PAMS in R is
unique in that it estimates bootstrap standard errors and
confidence intervals for core profile coordinates, which
are not available in other scaling methods such as original
PAMS, ProfileR, or smacof. In the absence of testing the sig-
nificance of coordinates, the interpretation of core profile
data would be misleading. The recent version of smacof in-
cludes the “bootmds” function, which employs bootstrap-
ping to create confidence regions around coordinates in a
two-dimensional plot. However, it does not estimate con-
fidence intervals for the coordinates in each core profile.
Consequently, researchers using bootmds in smacof are un-
able to assess the statistical significance of individual coor-
dinates in a core profile.

Motivation of Making PAMS in R

Four Estimation Procedures in PAMS in R

The first part is to install smacof, which is available on
the R platform (Borg & Groenen, 2005; de Leeuw & Mair,
2009), identifying the path containing a data file and an R-
based PAMS package, Boot Smacof .R (included in Sup-
plementary Materials). The first part includes the choice
of “ordinal” scaling, the Stress value estimation (< 0.05,
as recommended by Kruskal, 1964a), generation of empiri-
cal sampling distributions of core profile coordinates (from
2,000 bootstrap samples), and identification of specific in-
dividuals of interest for in-depth evaluation. For example,
the initial ten participants in this study were included for
the purpose of demonstration.

The second part contains estimation of correlations
between the subscale mean profile and the core profiles
and 95% of the bias-corrected and accelerated (BCa) con-
fidence intervals for individual scale values (or coordi-
nates) of the core profiles along with the scale value con-
fidence bands. Given 2,000 bootstrap samples, for each
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Figure 1 m Plotting Dimensions as Core Profiles. The 1st core profile was flipped so that its pattern was the same as the
array of 18 subscale means (or a subscale mean profile). Because of the space limit, the figures the horizontal axes were
labeled with only 5, 10, and 10, which were [1 = Oral Vocabulary, 2 = Number Series, 3 = Verbal Attention, 4 = Letter-
Pattern Matching], 5 = Phonological Processing, [6 = Story Recall, 7 = Visualization, 8 = General Information, 9 = Concept
Formation], 10 = Numbers Reversed, [NP11 = Number-Pattern Matching, 12 = Nonword Repetition, 13 = Visual-Auditory
Learning, 14 = Picture Recognition], 15 = Analysis-Synthesis, [16 = Object-Number Sequencing, 17 = Pair Cancellation, and

18 = Memory for Words].

Dim 1 Core Profile

Dim 2 Core Profile

Dim 3 Core Profile

° o

Coordinate
Coordinate

Coordinate

[

z;; that is a coordinate of subscale j in core profile

kE, (j=1,...,J; k=1,..., K), a sampling distribu-
tion is constructed with the 2,000 bootstrapped coordinates
such as {le ko oo :%5;6000}. In the coordinate sampling dis-

tribution, a 95% of the BCa confidence interval is bounded
by the lower 2.5th percentile and the upper 97.5th per-
centile. If the confidence interval does not contain zero, we
consider the coordinate to be significant, indicating that it
differs significantly from zero.

The third partincludes the mean R-squared value for all
participants, person weights, and person correlations. As
explained previously, the person weights in the raw score
metric, and to enhance interpretation, we estimate person
weights with correlations between person with core pro-
files.

The fourth part is designed to assess a specific person
of interest (Person #9 for our example. To enhance the
comparison between the specific person’s profile and a cer-
tain core profile, we juxtapose the person profile with the
core profile to visually inspect the similarity between them.
Based on person correlations, every individual’s response

pattern can be easily interpreted in terms of core profile
patterns. If person ¢ has a substantial correlation on core
profile k (e.g., r;x = 0.71 or larger that accounts for at least
50% of shared variance between person ¢’s profile and core
profile k) but trivial ones on other core profiles, person 4
would be defined as having of core profile k’s characteris-
tics. If person ¢ has a substantial but negative correlation
on core profile k (e.g., 7;x = —0.71) but trivial ones on other
core profiles, then person ¢ would be defined as a mirror
image of the characteristics of core profile k.

Example 1: PAMS in R of Cross-Sectional Data

The cross-sectional PAMS in R was conducted on the stan-
dardization sample of the Woodcock-Johnson IV Cogni-
tive Ability Battery (n = 1,650) with ages ranging from
18 to 35 (M = 23.79, SD = 5.50) (McGrew et al., 2014;
Schrank et al, 2014). The sample was assessed using
18 cognitive subscales, including: Oral Vocabulary (OV1;
M = 52444, SD = 13.58), Number Series (NS2;
M = 51831, SD = 19.17), Verbal Attention (VA3;
M = 520.08, SD = 15.53), Letter-Pattern Matching
(LP4; M = 547.64, SD = 23.86), Phonological Pro-
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Table 1 m The Coordinates of Core Profiles, Standard Errors, and Confidence Intervals

CP1 sel L1 U1 CP2 se2 L2 U2 CP3 se3 L3 U3
ovi 0.09 0.02 0.07 0.13 0.02 0.05 —-0.06 0.12 0.04 0.07 -0.10 0.14
NS2 —0.12 0.03 —-0.14 -0.01 0.14 0.14 0.01 0.42 0.35 0.08 0.17 0.41
VA3 —0.06 0.02 —-0.09 —-0.01 0.14 0.05 0.02 0.22 —-0.06 0.05 —-0.15 0.02
LP4 1.45 0.02 1.41 1.49 0.20 0.05 0.08 0.27 0.07 0.09 —-0.13 0.22
PP5 —0.24 0.01 —-0.25 —-0.21 0.03 0.02 0.01 0.08 0.01 0.03 —-0.05 0.06
SR6 —0.72 0.01 —-0.74 -0.69 -0.05 0.04 -0.12 0.02 0.02 0.05 -0.11 0.09
VS7 —0.47 0.01 -0.49 —-0.44 -0.03 0.02 —-0.06 0.04 0.05 0.03 0.01 0.09
GI8 0.34 0.03 0.22 0.35 0.12 0.14 -0.21 0.33 0.15 0.19 —-0.24 0.33
CF9 —0.23 0.04 -0.32 —-0.20 —-0.20 0.08 —-0.27 —-0.11 0.03 0.11 -0.21 0.19
NR10 0.11 0.04 0.05 0.19 0.37 0.12 0.34 0.44 0.04 0.17 —-0.27 0.26
NP11 0.90 0.03 0.84 094 -0.21 0.09 —-0.34 -0.15 0.17 0.13 —-0.30 0.30
Nwi12 —-0.33 0.04 —-0.42 —-0.30 0.01 0.12 —-0.25 0.24 —-0.28 0.16 —0.34 —-0.09
VA13  —0.69 0.02 —-0.73 —-0.67 —0.16 0.04 —-0.24 -0.10 -0.10 0.07 —0.20 —-0.02
PR14  —0.55 0.02 —-0.60 —0.51 —0.20 0.06 —-0.27 —-0.17 -0.01 0.09 —-0.13 0.16
AS15 —0.21 0.03 —-0.25 —-0.14 -0.19 0.07 —-0.27 0.27 0.27 0.14 0.16 0.36
ON16 —0.13 0.02 —-0.19 —-0.09 0.02 0.08 —-0.18 0.12 —-0.15 0.08 —-0.21 0.02
PC17 1.45 0.02 1.41 1.51 —-0.32 0.10 —0.46 0.06 —0.38 0.13 —-0.54 —-0.24
MW18 —0.59 0.03 —-0.62 —0.50 0.32 0.11 0.06 0.41 -0.20 0.16 —0.42 0.23

Note. OV1 = Oral Vocabulary; NS2 = Number Series; VA3 = Verbal Attention; LP4 = Letter-Pattern Matching; PP5 =
Phonological Processing; SR6 = Story Recall; VS7 = Visualization; GI8 = General Information; CF9 = Concept Formation;
NR10 = Numbers Reversed; NP11 = Number-Pattern Matching; NW12 = Nonword Repetition; VA13 = Visual-Auditory
Learning; PR14 = Picture Recognition; AS15 = Analysis-Synthesis; ON16 = Object-Number Sequencing; PC17 = Pair Can-
cellation; and MW18 = Memory for Words; CP = core profile; se = standard error; L = the lower limit of the 95% BCa CI;
U = the upper limit of the 95% BCa CI. The coordinate confidence intervals that do not include zeros are bolded and

considered statistically different from zero.

cessing (PP5; M = 514.94, SD = 12.55), Story Recall
(SR6; M = 502.43, SD = 9.08), Visualization (VS7;
M = 508.80, SD = 12.33), General Information (GIS;
M = 527.61, SD = 17.35), Concept Formation (CF9;
M = 515.13, SD = 17.52), Numbers Reversed (NR10;
M = 52259, SD = 19.77), Number-Pattern Matching
(NP11; M = 535.77, SD = 21.79), Nonword Repeti-
tion NW12; M = 513.66, SD = 16.22), Visual-Auditory
Learning (VA13; M = 503.65, SD = 12.68), Picture
Recognition (PR14; M = 508.09, SD = 12.43), Analysis-
Synthesis (AS15; M = 516.15, SD = 18.81), Object-
Number Sequencing (ON16; M = 517.50, SD = 17.97),
Pair Cancellation (PC17; M = 545.54, SD = 28.11), and
Memory for Words (MW18; M = 508.59, SD = 21.15).
The grand mean of the 18 subscales is 520.20 (SD = 12.24)

Part 1: Setting Up

We first ran PAMS in R to determine dimensionality. The
stress values for the two-, three-, and four-dimensional so-
lutions, respectively, were 0.069, 0.047, and 0.027. Given
the Stress value (less than or equal to 0.05, as recom-
mended by Kruskal, 1964a) and dimension interpretability
(as core profiles), the three-dimensional solution was cho-

sen because the four-dimensional solution was redundant
in comparison to the three-dimensional one. These selected
three dimensions or core profiles correspond to the scale
value matrix X that characterizes each individual’s pattern
effect, as described by (m; — m;1) in Equation 1.

Since PAMS in R allows us to flip dimension directions
to improve interpretation of them as core profiles; in Fig-
ure 1, we flipped the first dimension and depicted the di-
mensions as core profiles. Dimension 1 had two peaks (LP4
for letter-pattern matching and PC17 for pair cancellation)
and two valleys (SR6 for story recall and VA13 for pair can-
cellation). SR6 and VA13 are Long-Term Retrieval Factors
in the CHC (Cattell-Horn-Carroll) factor structure, whereas
LP4 and PC17 are parts of the Cognitive Processing Speed
Factor. As a result, the first dimension was labeled as High
Cognitive Processing Speed with Low Long-Term Retrieval
Profile.

Peaks in Dimension 2 included MW18 (auditory mem-
ory span factor) and NR10 (numbers reversed, a compo-
nent of CHC short-term working memory factor), while
valleys included PC17 (pair cancellation, a component of
CHC cognitive processing speed factor) and NP11 (number-
pattern matching, a component of Number Facility in Nar-
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Listing 1= Person’s weights W1 to W3 of 10 patients

> round (empprofile$Weight[1:10,]1, 2)

@ CrgssMark

wl w2 w3 level R"2 corDiml corDim2 corDim3
#1 5.23 -7.62 29.11 499.91 0.22 0.27 -0.12 0.40
#2 18.44 4.85 -35.18 522.52 0.59 0.72 0.08 -0.48
#3 20.13 32.34 24.13 496.48 0.70 0.80 0.53 0.41
#4 17.63 24.18 18.16 528.80 0.57 0.72 0.39 0.29
#5 17.33 -10.75 43.94 528.42 0.69 0.77 -0.22 0.65
#6 12.03 36.26 12.11 534.54 0.38 0.50 0.46 0.16
#7 25.58 21.22 0.06 532.92 0.83 0.91 0.47 0.00
#8 14.98 28.23 -3.87 512.12 0.31 0.51 0.31 -0.04
#9 31.14 5.53 -3.28 528.17 0.86 0.93 0.13 -0.07
#10 13.93 -8.35 42.34 516.88 0.67 0.74 -0.19 0.68

row Ability and Other Clinical Clusters). This dimension
was labeled as High Working Memory with Low Cognitive
Processing Profile.

Dimension 3 was labeled as High Fluid Reasoning with
Low Processing Profile due to its two peaks of NS2 (num-
ber series) and AS15 (analysis-synthesis), which are com-
ponents of the CHC Fluid Reasoning Factor, and two val-
leys of NW12 (nonword repetition), which is a component
of the CHC-Auditory Processing Factor, and PC17 (pair can-
cellation), which is a component of the CHC Cognitive Pro-
cessing Speed Factor.

Bootstrapping of the 1,650 x 18 Data Matrix

Using PAMS in R, we bootstrapped the 1,650 x 18 origi-
nal data matrix, considering it as a finite population, 2,000
times and ran a 3-dimensional solution for each of the
2,000 bootstrap samples to generate the empirical distri-
bution of every coordinate in given dimension £ (or core
profile k) with 2,000 bootstrap replications of the coordi-
nate. On dimension k, a sampling distribution of 2,000
bootstrap coordinate replicates is built for each subscale j
:E?k b=1, ..., 2,000). For nonmetric scaling, we selected
"ordinal" and chose the Euclidian distance option to com-
pute dissimilarities, but users may choose the squared Eu-
clidean distance if a faster conversion is needed. However,
be aware that by squaring, small distances become smaller
and large distances become larger, distorting the original
differences. Because all subscales were in the same metric,
we did not standardize data, but users could standardize
them if each subscale included in data has a different mea-
surement unit (e.g., weights versus heights). We used the
95th percentile confidence interval (CI), but (CI = 0.99) or
(CI = 0.90) can be chosen. We set the number of bootstrap-
ping to 2,000, but users can choose any number they want;
however, at least 1,000 bootstrap (i.e., nboot = 1000) sam-
ples are recommended for estimating empirical confidence
intervals (Efron & Tibshirani, 1993; Shao & Tu, 1995).

Part 2: Estimating Correlation between Mean and Core
Profiles and 95% CIs

Typically, in cognitive ability or school achievement (math
or reading) data, a general or g factor is included to rep-
resent general intelligence or overall math/reading ability.
Given that WJ-IV cognitive ability data are analyzed in this
study, g factor or general intelligence is anticipated. The
first core profile in this case usually represents the g factor,
which is estimated using an array of the J subscale means,
or the subscale mean profile (e.g., Kim, 2010a, 2010b; Kim
et al., 2007). Thus, we estimated the correlation between
the first core profile and the subscale mean profile to be
r = 0.994, implying that the first core profile pattern coin-
cides with the g factor structure. On the other hand, the cor-
relations between the subscale mean profile and the second
and third core profiles were » = —0.006 and » = 0.001, in-
dicating that the second and third core profiles do not have
the g factor structure but response pattern structures.

Then, for the core profile coordinates, we calculated
95% BCa CIs and included them in Table 1. For example,
core profile 3 was chosen and Figure 2 includes the 95%
BCa CIs surrounding the core profile 3 coordinates. The co-
ordinates would not be statistically significant if their CIs
contained zeros.

Consistent with the numerical results included in Table
1, the CIs for NS2 (Number Series), NW12 (Nonword Rep-
etition), VA13 (Visual-Auditory Learning), AS15 (Analysis-
Synthesis), and PC17 (Pair Cancellation), did not include ze-
ros and were considered statistically significant.

Part 3: Estimating Individual R? values and Person
Correlations

We estimated how much pattern variance in 1,650 person
profiles were explained by three core profiles, and 1,650
R? values for all persons are estimated. The mean of these
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Figure 2 m The 95% BCa Confidence Intervals Around the Coordinates of Core Profile 3. The CIs for the coordinates of

NS2 (Number Series), NW12 (Nonword Repetition); VA13 (Visu

al-Auditory Learning); AS15 (Analysis-Synthesis), and PC17

(Pair Cancellation) did not include zeros, indicating that these subscale coordinates of core profile 3 were statistically
different from zero, but the other subscale coordinates that included zeros were not statistically different from zero.
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1,650 R? values is 0.61 (SD = 0.20, min = 0.01 and max =
0.96).

Part 4: Assessment of Specific Persons

Individual person profiles can be evaluated. This assess-
ment is useful when a psychologist wants to assess individ-
ual participants’ strengths and weaknesses in their specific
cognitive abilities using the interpreted core profile char-
acteristics. In order to facilitate visual comparisons, we
specifically selected the first ten patients out of a total of
1,261 and provided the PAMS in R outputs. These outputs
include person weights (W1-W3), level estimates (level),
R-squared values (R?), and person correlations with core
profiles (corDim1-corDim3). Patient #9 was chosen as an
example of a particular person evaluation among ten pa-
tients, as seen in Listing 1.

Person #9 was evaluated as a visual illustration of the
person’s profile juxtaposed with core profiles, but other
person profiles can be examined in the same manner. This

person’s level is 528.17, which is slightly higher than the
grand mean of M = 520.20 (SD = 11.24), implying that
this person’s average cognitive performance (across 18 cog-
nitive domains) is slightly better than that of 1,650 partici-
pants on average. The correlations between Person #9 and
the core profiles are r = 0.93 for core profile 1, r = 0.13
for core profile 2, and » = —0.07 for core profile 3.
Because this person’s correlation with core profile 1 is
substantial but minor with other core profiles, the person
profile pattern is similar to core profile 1, as illustrated in
Figure 3. As a result, Person #9 is expected to have the cog-
nitive ability of High Cognitive Processing Speed with Low
Long-Term Retrieval as part of core profile 1. The squared
multiple correlation for Person #9 is R? = 0.86, implying
that the three core profiles, but primarily core profile 1, ac-
count for 86% of Person #9’s profile pattern variance, with
core profile 1 accounting for the majority of it due to the
person’s strongest relationship with core profile 1.
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Figure 3 m The Comparison Between Cross-Sectional Core Profiles and Person #9’s Profile. The dashed lines depict core
profiles, while the solid lines represent the profile of Person #9. Since the person correlation with core profile 1 is consid-
erable, r = (.93, but other correlations are negligible, Person #9’s profile pattern resembles that of core profile 1.

Core Profile 1

Core Profile 2

Core Profile 3

Coordinate
Coordinate

Coordinate

Example 2: PAMS in R of Longitudinal Data

Because the detailed procedures for the longitudinal PAMS
example are the same as for the cross-sectional data, we
demonstrate briefly how longitudinal data are analyzed
with PAMS in R and the results are interpreted. The sample
consists of 1,261 female anorexic patients who completed
the Eating Disorder Inventory-2 (EDI-2; Garner, 1991) at ad-
mission (Pre) and discharge (Post). The EDI-2 is made up of
11 subscales that are used to assess 11 ED symptom indica-
tors: 1 = Drive for Thinness; 2 = Bulimia; 3 = Body Dissatis-
faction; 4 = Ineffectiveness; 5 = Perfectionism; 6 = Interper-
sonal Distrust; 7 = Interoceptive Awareness; 8 = Maturity
Fears; 9 = Asceticism; 10 = Impulse Regulation; and 11 = So-
cial Insecurity are the 11 subscales. The age range of the
sample is 13 to 54 (M = 20.42, SD = 7.89), and it is 95.2% Cau-
casian, 2.4% Mixed/Unknown, 0.8% Hispanic, 0.8% Asian,
and 0.8% African American. The IRB has approved the data
analysis.

Because the data consists of two repeatedly measured
subscores (Pre and Post), the input variables total 22 (11 Pre
subscales + 11 Post subscales). We ran PAMS in R with the
Pre and Post EDI-2 subscores simultaneously to examine
which ED symptom indicator improves or deteriorates af-

ter treatment. To assess treatment efficacy for each symp-
tom indicator (measured by the EDI-2 subscales), we ex-
amined the coordinates of the subscales in each core pro-
file at Pre and Post. Because the subscales are intended to
assess the severity of symptom indicators, high subscores
represent deteriorated symptoms and low subscores rep-
resent improved symptoms; similarly, in a core profile, co-
ordinates above zero indicate deteriorated symptoms and
coordinates below zero indicate improved symptom:s.

Part 1: Setting Up

As with the cross-sectional PAMS in R, we begin by exam-
ining the Stress values for the 2-, 3-, and 4-dimensional so-
lutions, which are 0.078, 0.049, and 0.029, respectively. The
3-dimensional solution is chosen with the stress value of
0.049 and dimension interpretability as core profiles.

Part 2: Estimating Correlation between Mean and Core
Profiles and 95% Coordinate CIs
Examine Pre and Post Core Profiles.

For visual inspection, we depicted Pre and Post core pro-
files along with the 95% BCa confidence intervals (CIs)
around their respective coordinates in each dimension.
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The purpose of comparing Pre and Post core profiles in
each dimension was to examine treatment efficacy for ev-
ery symptom indicator measured by each subscale. Simi-
larly, the Pre and Post core profiles in each dimension rep-
resented particular aspects of the central response patterns
observed in a sample of person profiles. We used coordi-
nate CIs in each dimension to evaluate the statistical signif-
icance of the coordinates.

The 1st Core Profile. Taking two contrasting traits from
the 1st Pre core profile depicted in Figure 5, the Pursuit of
Slim Body core profile is constituted of the valley of sub-
scale 2 (Bulimia) and the peak of subscale 3 (Body dissat-
isfaction), as both subscales describe the patient behavior
of pursuing a slim body. Although, as shown in the figure,
the Pre and Post core profile patterns are comparable, la-
beling was based on the valleys and peaks of the Pre core
profile because the Post core profile pattern could be sub-
ject to change after treatment. Except for Bulimia (= 2),
all eating disorder symptom indicators improved following
treatment. The overlap of the Pre and Post CIs for Bulimia
indicates that the disorder did not improve after treatment.
Note that although the Post Perfectionism (= 5) was not sig-
nificantly different from zero because its CI included zero,
its Pre CI did not include zero, and we consider Perfection-
ism to have improved because there is no overlap in Figure
5 between its Pre and Post CIs.

The visual inspection results correspond to the numer-
ical results presented in Table 2, where the overlapping CIs
between Pre and Post are highlighted in red and underlined
for Bulimia (= 2), indicating no treatment for Bulimia de-
spite the statistical significance of both its Pre and Post co-
ordinates. However, due to Bulimia’s significant Pre CI, its
Pre coordinate was used when labeling the 1st core profile.
The Subscale Mean Profile vs. Core Profile 1. When a
general factor of eating disorder appears in the data, it is
typically estimated using subscale means (Kim, 2013; Kim
et al, 2017). As previously explained, if this is the case,
the 1st core profile depicts the general factor pattern (es-
timated using the subscale mean profile) (e.g., Kim et al,,
2007). The correlation between a profile of 22 subscale
means and the 1st core profile was r = 0.991, indicating
that the 1st core profile represents the structure of the eat-
ing disorder general factor.

Additionally, we used Bonferroni corrected t-tests to ex-
amine the differences in subscale mean scores between Pre
and Post. Table 3 is a summary of the results. All mean
differences are highly significant, with a range of small to
medium effect sizes, indicating that all eleven symptom in-
dicators of eating disorder improved after treatment. How-
ever, the results based on the coordinates are somewhat
different; the first core profile for Bulimia (= 2) reveals no
treatment efficacy. However, the subscales at each time

@ EngssMark

point are expected to be highly correlated given that they
are designed to measure a singular construct, eating dis-
order. Pre 11 subscale correlations range from r = 0.11
tor = 0.76 (p < 0.001), while Post 11 subscale correla-
tions range from r = 0.14 tor = 0.81 (p < 0.001). Sig-
nificant inter-subscale correlations may introduce bias into
the paired t-test when comparing the mean differences be-
tween Pre and Post for any given subscale.

The 2nd Core Profile. As previously stated, the 1st core
profile contains the same information as the subscale mean
profile, and their data are interchangeable. However, the
2nd core profile information is unique and completely ab-
sent from the observed scores (e.g., subscale means). The
subscale coordinate comparisons in the 2nd core profile
are unique information that is only available in PAMS in
R and not in any observed score domains (e.g., subscale
means).

As shown in Figure 5, since the CI of 2 (= Bulimia) in-
cludes zero, we select another valley (5 = Perfectionism)
and a peak (8 = Maturity fears) and name the second core
profile Pursuit of Perfect Body. The difference between the
Pre and Post profiles in the figure indicates that the patients
have significantly improved following treatment. In con-
trast to the distances between the 1st Pre and Post core pro-
files (in Figure 4), the distances between the 2nd Pre and
Post core profiles (in their CIs) are significantly greater, im-
plying that treatment is more effective for patients with a
similar pattern of the 2nd core profile. Figure 5 shows that
there isno overlap between any Pre and Post CIs, indicating
that all eleven symptom indicators have improved follow-
ing treatment. The numerical results listed in Table 4 agree
with those of the visual inspection depicted in Figure 5.
The 3rd Core Profile. Figure 6 contrasts the Pre and Post
3rd core profiles with a peak of Pre Ineffectiveness (= 4) and
a valley of Pre Perfectionism (= 5); the 3rd profile is labeled
as the Ineffective Chase of Perfectionism profile. Similar to
the 2nd core profile, none of the 3rd core profile informa-
tion is available in any observed score domain; however, as
shown in Figure 6, seven confidence intervals for the Pre
and Post symptom indicators overlap, with the exception
of four indicators 1 (= Drive for thinness), 4 (= Ineffective-
ness), 6 (= Interpersonal distrust), and 11 (= Social insecu-
rity), indicating that treatment is moderately effective in
the 3rd core profile dimension. Patients with the same re-
sponse pattern as the 3rd core profile would respond less
favorably to treatment than those with the same response
pattern as the 1st or 2nd core profile. We omit the numeri-
cal results on purpose because a visual examination of Fig-
ure 6 is sufficient to comprehend ineffective treatment ef-
ficacy for the seven symptom indicators (2, 3, 5, and 7-10).

The Quantitative Methods for Psychology

239



https://www.tqmp.org
https://crossmark.crossref.org/dialog/?doi=10.20982/tqmp.20.3.p230

| 2024mVol. 20mno. 3

T = o

@ CrossMark

Figure 4 m The 95% BCa Confidence Bands for the 1st Core Profile Coordinates Between Pre and Post. The dotted lines
around the coordinates represent the 95% BCa CIs. 1 = Drive for thinness; 2 = Bulimia; 3 = Body dissatisfaction; 4 = Inef-
fectiveness; 5 = Perfectionism; 6 = Interpersonal distrust; 7 = Interoceptive awareness; 8 = Maturity fears; 9 = Asceticism;

10 = Impulse regulation; and 11 = Social insecurity.
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Part 3: Estimating Individual R? values and Person
Correlations

Person weights, levels, person R? values, and person cor-
relations are estimated by PAMS in R for 1,261 individual
patients. The average of the 1,261 R? values is R?> = 0.62
(SD = 0.22, min = 0.00 and max = 1.00), meaning that 62%
of pattern variance is accounted for by the three core pro-
files.

Part 4: Assessment of Specific Persons

Individual patient profiles can be evaluated. This assess-
ment is useful when a clinician wants to diagnose individ-
ual patients’ symptom improvement and deterioration af-
ter treatment using the interpreted core profile character-
istics. In order to facilitate visual comparisons, we specif-
ically selected the first ten patients out of a total of 1,261
and provided the PAMS in R outputs. These outputs in-
clude person weights (W1-W3), level estimates (level), R-
squared values (R?), and person correlations with core
profiles (corDiml1-corDim3). Patient #9 was chosen as an
example of a particular person evaluation among ten pa-
tients.

We juxtaposed the patient’s profile with the three (lon-

6 8 10
Post_CoreProfile 1

gitudinal) core profiles (see Figure 7). Patient #9’s level of
4.77 is lower than the mean level of M = 6.46 (SD = 3.18)
for 1,261 patients, indicating that this patient’s eating dis-
order has improved as a result of treatment, relative to the
mean level. The correlations between Patient #9 and core
profiles 1-3 were: r = 0.89, r = —0.30, and » = —0.60, re-
spectively, and Patient #9’s profile would be similar to core
profile 1. As illustrated in Figure 7, this patient’s profile is
similar to core profile 1, and Patient #9’s eating disorder
symptom is classified as Pursuit of Slim Body, which is a la-
bel of core profile 1. (R? = 0.82) The three core profiles
account for 82% (R? = 0.82) of Patient #9’s within-person
variance, with core profile 1 accounting for the majority of
it due to the person’s strongest relationship with core pro-
file 1.

Discussion

This study demonstrates the efficacy of PAMS in R for com-
prehending the most typical response patterns of individ-
ual profiles in both cross-sectional and longitudinal data.
We performed a cross-sectional data analysis using CPA
(cluster profile analysis) and LPA (latent profile analysis)
to showcase the utility of PAMS in R for identifying the cen-
tral response patterns. This is essential for evaluating indi-
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Figure 5m The 95% BCa CIs between the Pre and Post Coordinates of Core Profile 2. The dotted lines around the coor-
dinates represent the 95% BCa CIs. 1 = Drive for thinness; 2 = Bulimia; 3 = Body dissatisfaction; 4 = Ineffectiveness; 5 =
Perfectionism; 6 = Interpersonal distrust; 7 = Interoceptive awareness; 8 = Maturity fears; 9 = Asceticism; 10 = Impulse

regulation; and 11 = Social insecurity.
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vidual response profiles. In addition, we conducted a com-
parison between the results obtained using PAMS in R and
the findings from CPA and LPA. Both CPA and LPA were pri-
marily designed to estimate level information rather than
pattern information. Therefore, they were unsuitable for
analyzing individual response profiles that encompassed
both level and pattern information, unlike PAMS in R. The
Supplementary Materials contained comparison findings.
Since PAMS in R relies on nonmetric scaling, which ne-
cessitates a monotone transformation of the input data,
meeting the normality assumption for the data is not neces-
sary. However, PAMS in R requires normality and homoge-
neous variance for the error terms, which we can estimate
using residuals (m—m) from the fitted model. We used both
cross-sectional and longitudinal data in this study. To see
if their residuals were normal, we performed the Shapiro-
Wilks test (Shapiro & Wilk, 1965). To see if the residual vari-
ance was homogeneous, we conducted the Breusch-Pagan
test (Breusch & Pagan, 1979). The normality and homoge-
neous variance assumptions were met in PAMS in R, as all
test results were statistically not significant at alpha = 0.05.
The R codes for these tests were included in the supplemen-

T T 1
6 8 10
Post_CoreProfile 2

tary materials.
Limitations

PAMS in R is an effective analytical tool for understanding
core response patterns in substantive domains. Neverthe-
less, due to its reliance on nonmetric scaling, it is not fea-
sible to determine the statistical significance of individual
core profiles. Instead, we relied on the global measure of
stress (< .05) to ascertain the number of core profiles, as
demonstrated in this study. The profile analysis based on
factor analysis can test statistical significance of core pro-
files if parallel analysis is utilized (Horn, 1965), although
this nonmetric scaling-based PAMS in R typically fit bet-
ter to data than a metric version of profile analysis such
as factor analysis (e.g., Kim, 2013). To improve data fitting
and to enable statistical significance testing for core pro-
files, principal component analysis and singular value de-
composition were introduced to scale individual response
profiles (e.g., Kim, 2023; Kim & Kim, 2017). However, these
two profile analyses do not include a test function to evalu-
ate statistical significance of the coordinates of a core pro-
file such as bootstrap confidence intervals utilized in PAMS
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Table 2 m The 95% BCa Cls for the Coordinates of the 1st Pre and Post Core Profiles

Pre core profile

Post core profile

PreCP1 PrelLl PreUl PostCP1 PostL1 PostU1l
1 Dt 0.98 0.95 1.02 0.34 0.30 0.39
2 Bu —0.85 —0.88 —0.83 —0.89 —0.90 —0.86
3 Bd 1.47 1.44 1.52 1.11 1.04 1.15
4 In 0.66 0.59 0.70 —0.05 —0.11 —0.01
5 Pf 0.13 0.08 0.18 —0.01 —0.03 0.04
6 Id —0.25 —0.29 —0.22 —0.50 —0.53 —0.49
7 Ia 0.28 0.22 0.34 —0.26 —0.31 —0.23
8 Mf —0.26 —-0.32 —-0.20 —0.47 —0.50 —0.43
9 As 0.12 0.08 0.16 —0.19 —0.22 —0.16
10 Ir —0.55 —0.58 —0.52 —0.65 —0.69 —0.63
11 Si 0.10 0.07 0.14 —0.27 —0.29 —0.23

Note. CP1 = the 1st core profiles. L1 = the lower (2.5th %) bound of the 95% BCa CI; U1 = the upper (97.5th %) bound
of the 95% BCa CI. Dt = Drive for thinness; Bu = Bulimia; Bd = Body dissatisfaction; In = Ineffectiveness; Pf = Perfec-
tionism; Id = Interpersonal distrust; Ia = Interoceptive awareness; Mf = Maturity fears; As = Asceticism; Ir = Impulse
regulation; and Si = Social insecurity. Italicized and red-highlighted confidence intervals were excluded from inter-

pretation because they overlapped or contained zero.

Listing 2 m Person’s weights W1 to W3 of 10 patients

> round (empprofile2$Weight [1:10,1]1,2)

wl w2 w3 level R"2 corDiml corDim2 corDim3
#1 7.61 5.06 -4.19 7.68 0.63 0.78 0.35 -0.21
#2 5.49 2.7 -5.83 6.64 0.62 0.76 0.25 -0.36
#3 8.74 11.39 4.53 7.36 0.81 0.87 0.72 0.27
#4 6.04 -2.21 -1.63 7.95 0.61 0.78 -0.20 -0.10
#5 3.99 7.19 -6.12 3.05 0.67 0.72 0.64 -0.44
#6 5.24 -1.44 -6.14 4.77 0.53 0.7 -0.12 -0.34
#7 1.36 5.72 -9.50 2.91 0.53 0.32 0.54 -0.60
#8 4.15 2.17 -=7.74 3.45 0.70 0.79 0.29 -0.59
#9 7.06 -2.55 -8.78 4.77 0.82 0.89 -0.30 -0.60
#10 4.05 -3.81 7.07 7.09 0.43 0.58 -0.29 0.36

in R, which remains for future research.
Suggestions

PAMS in R is considered a dimension reduction technique,
necessitating at least five input variables for both cross-
sectional and longitudinal data. For profile analysis of lon-
gitudinal data, if the average or sum of subscores for each
time point is analyzed, at least five time point means are re-
quired so that each longitudinal core profile (or trajectory)
over time consists of at least five coordinates (e.g., Ding et
al., 2005; Kim, 2010a).

However, if subscale means are used for this study’s
longitudinal data, there will be only two data points (Pre
and Post) over time, and PAMS in R cannot be performed
with only two input variables. Therefore, we used 11 sub-

scale scores at each time point as input variables instead.
When there are fewer than five time points in longitudinal
data, a researcher may choose to use individual subscale
(or item) scores as input variables when conducting lon-
gitudinal PAMS in R, rather than using aggregated scores.
Using subscale or item scores (as input variables) not only
allows PAMS in R to run for scaling them when there are
fewer than five time points.

Prior to conducting cross-sectional or longitudinal
PAMS in R, if variables are not in the same unit, they must
be standardized; otherwise, interpretation of the core pro-
file coordinates would be misleading. It is conceivable for
some individuals to have correlations of equal strength
with the core profiles. In this instance, none of the core
profile patterns resemble the profile patterns of these in-
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Table 3m Comparing 11 Subscale Means Between Pre and Post (n = 1,261)

Pretest Posttest Paired t

M (SD) M (SD) Pre — Post p-value Cohen’s d
1 Dt 12.07(6.88) 7.98(6.85) 4.90 p <.001 0.64
2 Bu 1.05(2.13) 0.47 (1.34) 0.58 p<.001 0.29
3 Bd 1425(8.18) 12.87(8.71) 1.38 p <.001 0.19
4 In 10.26 (7.56) 6.07(6.19) 4.19 p < .001 0.62
5 Pf 790(4.75) 6.86(4.46) 1.04 p<.001 0.28
6 Id 5.28 (4.25) 3.25(3.48) 2.03 p <.001 0.53
7 Ia 8.30(6.34) 4.80 (5.03) 3.50 p <.001 0.60
8 Mf 6.12(5.34) 4.14 (4.29) 1.98 p<.001 045
9 As 742459 563(393) 179 p <.001 044
10 Ir 291(3.83) 2.05(3.10) 0.86 p <.001 0.25
11 Si  7.56(4.62) 4.82(4.000 2.74 p < .001 0.66

Note. Dt = Drive for thinness; Bu = Bulimia; Bd = Body dissatisfaction; In = Ineffectiveness; Pf = Perfectionism; Id = In-
terpersonal distrust; Ia = Interoceptive awareness; Mf = Maturity fears; As = Asceticism; Ir = Impulse regulation; and
Si = Social insecurity. Due to significant correlations between subscales in the Pre or Post condition, the results of the

paired t-test would be biased.

dividuals, making it challenging to interpret their profiles
in terms of a specific core profile pattern. We suspect that
these individuals share common characteristics or traits
with all core profiles. Kim et al. (2017) demonstrated that
multi-trait person profiles can be replicated using a linear
combination of the core profiles weighted by the person
correlations. For instance, if a person’s correlations with
core profiles 1-3 are » = 0.6, r = 0.5, and r = 0.6, respec-
tively, then this multi-trait person profile can be replicated
by a linear combination of 0.6 x the coordinates of core
profile 1, 0.5 x the coordinates of core profile 2, and 0.60
X the coordinates of core profile 3 (see details in Kim et
al., 2017). Person correlations can also be used as predictor
variables if researchers desire to examine the relationships
between core profiles and other variables of interest.

Handling Large Number of Item in PAMS in R

Interpreting the core profiles in longitudinal PAMS analy-
sis in R can be challenging when the measures consist of
a large number of items, such as 50 items, at each time
point, and there are no subscales. This is because there are
multiple sets (with the same number of time points) of 50
coordinates distributed over multiple time points. In this
situation, a researcher may wish to conduct exploratory
factor analysis or cluster analysis with 50 items at the ini-
tial time point (Time 1) to identify a few distinct clusters
within the items. These clusters, which represent differ-
ent subscales, can then be generated for subsequent time
points such as Time 2, Time 3, and so forth, based on the ini-
tial exploratory clusters at Time 1. We suggest employing
exploratory (clustering) analysis on the item scores from
Time 1 instead of other time points, as the treatment or time

effect (such as maturity) might have influenced the scores
after Time 1. As a result, the researcher can use the indi-
vidual person mean scores from the newly derived clusters
or subscales as input variables to implement longitudinal
PAMS in R. If this is a single instance of analysis at Time 1,
then it is a cross-sectional analysis using the PAMS method
inR.
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Figure 7m The Comparison Between Longitudinal Core Profiles and Person #9’s Profile. The dashed lines are longitudinal
core profiles, and the solid lines are the profile of Patient #9. The first eleven numbers (1-11) represent Pre subscales,
while the last twelve numbers (12-22) represent Post subscales. Patient #9’s profile resembles longitudinal core profile 1
because the correlation with core profile 1 is substantial, » = 0.89, compared to other correlations.
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