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Abstract

Background: The Big Five personality inventory provides reliable and valid measures through its
lexical self-report method. Drawmetrics (DM) is an expressive-semantic personality assessment that
evaluates personality attributes through graphical drawings and their corresponding linguistic
terms. Methods: Linguistic terms were used to derive psychometric scores for evaluating reliability,
and structural, criterion, and convergent validity relative to the Big Five model. The Bidirectional
Encoder Representations from Transformers (BERT) language model was used to process DM data
for analysis. Analyses detected patterns in the data, which were then tested. The evaluation included
the reliability of the a, w, and wy parameters, as well as network edge stability and consistency in
centrality measurements. Results: The DM assessment achieved high internal consistency and a
stable network structure. Network modularity analysis detected five domains that closely followed
the Big Five personality trait structure. DM demonstrated convergent validity through high
correlation coefficients, while discriminant validity established clear distinctions between DM and
the Big Five. Structural validity estimates indicate that the DM domains align with the Big Five latent
composites, and the criterion validity assessments confirm this alignment. Conclusion: DM
demonstrated its psychometric viability by showing how people express their personality traits
through nonverbal symbolic expressions.

Keywords: DM; Big Five; nonverbal assessment; computational linguistics; natural language
processing; network psychometrics

1. Introduction
1.1. Background and Problem

The evaluation of personality is a core component that underlies both practical psychological
applications and organizational recruitment processes and leadership training programs. The Big
Five model of personality has ruled organizational and personality psychology since the 1990s by
establishing a cogent classification system that organizes traits into five major categories (John &
Srivastava, 1999; Costa & McCrae, 1992; McCrae & John, 1992; Goldberg, 1992). The taxonomy serves
as a common methodological framework by linking scientific data with common definitions of its
terminology. Despite its strengths, the method is sometimes criticized for studying general language
patterns rather than analyzing storytelling elements (Uher, 2013; McAdams, 1992) and for failing to
provide comprehensive explanations (Block, 2010; Block, 1995). Self-report inventories require people
to rely on their internal experiences and word choices instead of actual expressions for their
assessment. The current study is the first in a three-part validation program designed to establish the
psychometric evidence base for DM. The research aims to determine whether DM maintains the same
structural pattern as the Big Five personality traits and demonstrates psychometric properties equal
to or better than those of current lexical trait assessment methods. This work served as a foundation
for the validity of DM as an expressive assessment framework. Four aims guided this study. The first
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aim required NLP and network psychometrics to assess the structural validity of DM relative to the
Big Five structure using the same sample. The second aim required assessing DM reliability using
conventional assessment methods and network-based evaluation approaches. Aim three involved
testing factorial and criterion validity of DM. Aim four tested for convergent and discriminant
validity of DM relative to the Big Five.

1.2. Conceptual Gap

To improve an organization’s success, it needs specific personality-based behavioral data that
shows how employees work together, stay practical, and generate new ideas. The geometric structure
of personality can be revealed through the analysis of linguistic and expressive data that provides
rich information for psychometric analyses. The Big Five Inventory assesses how people describe
themselves and others using verbal, self-report-based language. DM uses nonverbal and semantic
production to understand personality structure, as people express their personality through their
expressive-semantic manifestations in doodling and term association. DM employs personality
assessment through expressive methods that function independently of language needs,
introspection, and response bias. The DM approach to personality assessment has yet to be rigorously
evaluated psychometrically. This study addresses this gap in research literature.

1.3. Nonverbal Testing of Personality

Psychologists have studied nonverbal and projective methods for almost 100 years to measure
personality traits that standard word-based assessments cannot assess. The first tests in this field
were developed by Murray (1943), who created the Thematic Apperception Test, and Cattell (1957),
who designed drawing assessments. The assessment methods show promise, yet they fail to meet
necessary psychometric standards because experts view them as subjective, untransparent, and non-
scientific (Lilienfeld et al.,2000). The Big Five taxonomy was developed through lexical approaches
(Uher, 2013; Costa & McCrae, 1992; Goldberg, 1992; McCrae & John, 1992), which established a
fundamental system for personality research. DM offers a novel alternative to the lexical approach to
personality assessment. During the DM assessment, participants create simple hand-drawn sketches
using doodles that map to their professional and personal attributes. This mapping is then used to
build an organized semantic field. The projective methods retain their expressive power through
individualized meaning systems, or semantic graphs, that enable computational assessment.
Personality assessment now uses new methods that move beyond traditional lexical and
introspective inventory approaches to serve real-world needs. This research applied Taxonomic
Graph Analysis (TGA) from Golino and Eskamp (2017) to study how DM terms related to Big Five
domains and facets through network-based clustering methods. The TGA method works best for this
purpose by detecting network clusters at different resolution levels from term embeddings, enabling
researchers to study how clusters relate to one another. It was hypothesized that DM would discover
term clusters that linked to Big Five facets and domains and those that did not exist to validate (a)
the scientific merit of personality lexicon-semantic associations, (b) reveal concealed structural
patterns, and (c) produce workstyle descriptions that fulfill organizational needs.

1.4. Significance of the Study

This study adds value to psychometric science by demonstrating how expressive—semantic data
can be converted into quantitative measurement models. The DM system assesses personality
through visual and textual relationships rather than standard word-based self-evaluation techniques.
Here, I used NLP embedding techniques to transform DM semantic content into vectorized forms,
thereby creating a geometric framework for assessing internal reliability and structural and criterion
validity. Results of the NLP process were validated through various tests that evaluate the Big Five
personality traits against the DM-transformed scale using network and latent-space alignment
methods (canonical correlation, RV, Procrustes, and distance correlations). Particularly novel in this
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work is the use of representational measurement, network psychometrics, and natural language
processing to test whether expressive-semantic structures can replicate and extend traditional lexical
trait architectures. The results of this integrated approach demonstrated that DM functions as an
effective personality assessment measurement tool, enabling researchers to develop new
psychometric applications through its embedded models. Two new paradigms are included in this
paper. First, by operating in a geometric vector space, reliability and consistency can be estimated
using semantic coherence and network stability, in addition to Cronbach’s a (Cronbach, 1951) or w
(McDonald, 1999). To the best of my knowledge, this research marks the first time RMT has been
integrated with network psychometrics and natural language modeling of expressive—-semantic
structures.

2. Materials and Methods

2.1. Participants

An official employed at AttituX Ltd. Pte. used convenience sampling by sending emails to
respective organization contacts to solicit volunteers to participate in a scientific study evaluating the
psychometric properties of DM and benchmarking it against the Big Five Inventory. The final sample
consisted of data from one hundred eighty-five (N=185) individuals who completed DM and the Big
Five assessments. All participants were provided with an anonymous report for their DM and Big
Five results. Respondent information was anonymous to the researchers and others involved in the
study. The data collection official obtained informed consent prior to participants taking the DM and
Big Five assessments. The researchers did not collect demographic information or any personal
identifiers from participants to prevent exposure of their identities. Organizations included in the
sample were universities, workforce and staffing companies with candidates, businesses including
multi-national employees, and bosses from C-Suites, middle management, and entry-level staff. The
sample included Asia Pacific (10 countries), Australia and New Zealand, Western Europe (Italy,
Spain, France, and Germany), the Middle East (Saudi Arabia and the UAE), and the Americas
(Canada).

2.2. Measures

DM is a nonverbal assessment that uses expressive-semantic-based methods to evaluate
personality attributes through symbolic doodles that convert expressive semantics into geometric
embeddings. These expressive elements are analyzed using natural language embeddings,
producing structured term-based personality profiles. The DM framework incorporates conceptual
components of representational measurement theory (RMT) from Suppes et al. (1959) in its
measurement methodology. For example, Krantz et al. (1971) established an empirical relational
structure through the expressive connections between semantic and graphical terms. The semantic
embedding process converts these relationships into a vector space that preserves the structural
relationships among psychological constructs via a homomorphic representation. Here, I evaluated
how well the mapping system preserves the established organizational structure of personality
domains through validity assessments. These analyses evaluated how well representational mapping
(structural homology) matched real-world data from a pragmatic perspective. The pragmatic
measurement approach enables the transformation of expressive semantic meanings into geometric
representations, as described by Hand (2004) and by Golino & Christensen (2020) in network
psychometrics.

When taking the DM assessment, respondents are presented with a set of figures (i.e., stimuli
presented as standardized drawings). Respondents use sketches or doodles to create images from the
standardized line drawings, which they then assign descriptive terms. Each figure is conceptualized
as an “item” or “stimulus,” and each participant creates a doodle for ten separate line drawings,
which serve as the basis for the doodling process. For each figure created, participants supply a word
or phrase for their doodle that represents attributes describing either a professional orientation or a
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personal orientation. The object receives its name through a process that connects it to attitudinal
terms established by professionals and academics who have served, or who currently serve, as
subject-matter experts. Post testing, a person’s data comprises 10 professional terms and 10 personal
terms from the doodle drawings. The test contains 5 foil figures that show neutral or ambiguous
content to detect intentional response manipulation through their semantic variations. The system
produces individual participant reports that display their personalized attitude terms, their affective-
task attitude relationships, and their organizational role suitability. The test duration depends on
doodling speed, and most participants complete it within 15 to 20 minutes. The creation of summary
reports proceeds by processing responses and generating an attribute- or term-based inventory
organized into personal and professional categories. Automated reports are immediately provided
to the person assessed. The Big Five Inventory (BFI) is a self-report assessment tool that measures the
Five-Factor Model of personality by evaluating Openness to Experience, Conscientiousness,
Extraversion, Agreeableness, and Neuroticism (Kwapil, T. R., 2002). The BFI-44 inventory contains
44 short statements that respondents rate on a scale from 1 (strongly disagree) to 5 (strongly agree).
The International Personality Pool (IPIP-NEO 120, Johnson, 2014; Goldberg, et al., 2006) contains 120
items organized into five domains, with six facets per domain and four items per facet, for a total of
30 facets. The system provides domain-level and facet-level trait scores for assessment. The BFI lacks
foil items, but some questions appear in reverse order to reduce acquiescence bias. The system
produces reports through domain- and facet-score calculations and normative sample-based
standardization. The final output provides T-scores and percentile ranks for each of the five domains,
together with their respective facets. The IPIP-NEO 120 inventory requires 20 to 40 minutes to
complete. The system produces reports instantly when it uses automated scoring keys. The five
domain scales demonstrate adequate to high internal consistency reliability, with alpha values
ranging from .79 to .86, while all facet scales achieve reliability coefficients above .60 (Johnson, 2014).
The IPIP-NEO 120 was used in this study.

The Big Five is based on latent-variable confirmatory factor models that sometimes mask
structural interdependencies among traits, facets, and behavioral indicators. Network psychometrics
accounts for interdependence among behavioral indicators by using a systems-based approach. In
the system approach, observed variables represent hidden traits and states, while network models
show these variables as system nodes that connect through relationships (Eskamp et al., 2017). The
approach reveals how personality traits form cohesive groups that link different domains while
occupying central or peripheral positions within the network. Network models also enable
researchers to study patterns of stability and change over time and facilitate testing network
structural invariance. The properties provided in network models aid researchers in understanding
how personality traits remain stable while also predicting future changes. For example, highly central
traits may act as “hubs” (Costantini et al., 2015; Barabasi & Albert, 1999) whose activation influences
a wide range of behaviors, while peripheral traits may vary without destabilizing the system. The
DM assessment uses semantic term similarity and clustering to connect individual responses to
personality-related terms, yielding detailed observations of how people express their core
characteristics. Here, semantic NLP methods are used to analyze DM through structural property
measurement, Big Five domain and facet comparison, and the discovery of new traits that traditional
trait assessments fail to detect. The Big Five is the starting point for developing an integrated method
that unites traditional trait terminology with contemporary network analysis and computational text
processing methods.

2.3. Data Processing

Data processing occurred after importing respondents’” data in Portable Document Format (PDF)
and batch-extracting terms using Python (2023, version 3.11) scripts. Terms were captured then
reviewed for accuracy using established DM criteria and, where necessary, corrected using a custom
sanitizer to remove duplicates and noise (e.g., “nan,” advertising text, etc.). IPIP-NEO 120 responses
were provided as portable document format (PDF), and domain and facet scores were batch-
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extracted using Python (2023, version 3.11) scripts written by the author. To prepare the raw data for
semantic network analysis, a Python script was written to extract and clean the data (van Rossum,
G., & Drake, F. L., Jr., 2009). The script extracts facet terms from DM PDFs and facet/score values from
Big Five PDFs, then outputs comma-separated value (CSV) files in both wide and long formats.

2.4. Rater Agreement Analysis

Prior to network psychometric analysis, a rating-scale analysis was performed by three subject
matter experts using a content rating worksheet to examine the absolute agreement of terms using
syntactic and semantic rules on DM and the Big Five. Expert ratings of trait intensity served as a
human check of content validity regarding the alignment produced by natural language processing.
The content rating worksheet included an ordinal graded response numerical format for sematic and
syntactic terminology with numerical values ranging from 1 (no match-terms are entirely unrelated),
2 (weak match-very little similarity, vague or indirect connection), 3 (moderate match-clear similarity
in meaning or structure, but notable differences remain), 4 (substantial match-high degree of
similarity, terms are closely aligned with minor difference), 5 (exact match-terms are identical or
interchangeable in context). Rater reliability was assessed using the intraclass correlation coefficient
(ICC; Shrout & Fleiss, 1979) based on a two-way random-effects model for absolute agreement. The
intraclass correlation coefficient (ICC = .88) revealed high absolute agreement among raters.
Established guidelines suggest that ICC values above .75 indicate good reliability and those above
.90 indicate excellent reliability (Shrout & Fleiss, 1979; Koo & Li, 2016).

2.5. Data and Network Analysis

Network analyses were conducted to evaluate the reliability, structural, and convergent validity
of DM relative to the Big Five. Reliability and validity analyses were conducted using conventional
and network-based psychometric techniques.

The participants recorded 20 expressive DM terms for each response (mean =~ 20, range = 19-24),
describing their personal characteristics and attitudes. The BERT model (Devlin et al., 2019) analyzed
DM and Big Five terms to create high-dimensional semantic representations, which allowed the
author to perform vector-based similarity assessments that demonstrated contextual comprehension.
The all-MiniLM-L6-v2 Sentence Transformer (Reimers & Gurevych, 2019) produced 384-dimensional
semantic representations for DM terms, enabling researchers to calculate semantic similarity using
cosine distances. The embedding process for Big Five facet terms was treated the same as for DM
terms to achieve measurement consistency. The resulting embeddings were aggregated into thirty
DM facet-level composites corresponding to the Big Five personality domains. Big Five facet terms
(n=30) were processed using the same embedding procedure to ensure methodological equivalence.
A psychometric network analysis using Taxonomic Graph Analysis (TGA) was then conducted
separately for the DM and Big Five data to identify attitudinal clusters via community detection. The
Louvain and hierarchical clustering methods from Blondel et al. (2008) detected attitudinal clusters
while network-level metrics evaluated internal structure and cross-model alignment through
centrality and bridge expected influence and modularity measurements. The network-based
approach enables researchers to evaluate structural validity, convergent and discriminant validity,
and criterion validity through quantitative assessments of the similarity between the DM and Big
Five latent architectures. The geometric representation enabled the creation of numeric scales through
cosine similarity calculations, projection methods, and regression-weighted analysis, which allowed
for verification of structural validity and reliability and for assessing convergent and discriminant
validity against Big Five Likert-based scores and semantic structures.

2.6. Reliability Analysis

Reliability estimation was conducted using established psychometric metrics and new
semantic-geometric methods to evaluate internal consistency and structural stability. The use of a
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semantic-geometric approach enabled the generation of vectors, which in turn allowed the creation
of a correlation matrix. The inter-item (term) correlation matrix was used to estimate domain- and
facet-level reliability indices using Cronbach’s a and McDonald’s w (total). The stability and bias of
estimated values were assessed using 95% percentile bootstrap confidence intervals, based on 1,000
resampling iterations.

Next, a bifactor confirmatory factor analysis was used to test the hierarchical structure of a
general factor and five group factors, each with at least 5 indicators. The assessment of internal
semantic reliability used vector-based similarity metrics derived from BERT embeddings. The DM
term vectors from each participant were combined to generate similarity matrices, which were used
for calculating mean inter-vector coherence as a measure of semantic space consistency. In all, the
three methods for evaluating reliability were: classical internal consistency assessment, bifactor
modeling, and semantic-network stability analysis. Each participant’'s DM term vectors were
aggregated to compute pairwise cosine similarity matrices, from which mean inter-vector coherence
was calculated as an estimate of internal consistency in semantic space. The network’s structural
stability was assessed using a bootstrapped structure-recovery approach. Christensen et al. (2020)
demonstrated that network recovery frequencies above .66 indicate reliable dimensional recovery.
Network reliability indices in this study achieved parameter recovery indices exceeding 0.66.
Reliability was evaluated using three methods: classical internal consistency, bifactor modeling, and
semantic-network stability analysis. The R programming environment (R Core Team, 2025) served
as the platform for performing all reliability assessments.

3. Results
3.1. Classical Reliability

Internal consistency and general factor strength for each DM domain were assessed using
Cronbach’s a, McDonald’s w, and Hierarchical wy, (Zinbarg, 2006). These indices were derived from
the bifactor model results. The reliability estimates appear in Table 1.

Table 1. Reliability Estimates for Drawmetrics Domains.

0,
I
Domain N k a w % (Z:)C Wh Interpretation
Agreeableness 176 56 92 94 [94-95] .74 Strong general fa'ictor, high internal
(A) consistency
Conscientiousnes 176 32 82 86 [84-89] 46 Moderate gerilerfﬂ' factor, good
s (C) reliability

Extraversion (E) 176 17 .84 .85 [.83-.88] .49 Good internal consistency
Acceptable w; a lower due to
heterogeneity
Reliable composite; wn not
estimate due to (k<5)

Openness (O) 176 9 54 71 [.65-76] .65

Neuroticism (N) 176 3 .81 .85 [.81-.88] -

Note. k = number of indicators or composite terms contributing to the reliability estimate. o« = Cronbach’s
coefficient alpha; w = McDonald’s omega (total); w» = omega hierarchical; CI = 95% percentile bootstrap

confidence interval based on 1,000 resamples.

Reliability estimates were good to excellent, with o values between .81 and .92 and w values
between .71 and .94. The reliability of Openness (a = .54) was lower than that of the other domains.
The hierarchical omega (wn) values indicated that most domains contained substantial general factor
components, ranging from .46 to .74. This range represents a wh variance of .21-.55 in the general
factor after accounting for group- or individual-level domain factors. The hierarchical omega (ws)
values indicate that Conscientiousness and Extraversion were largely multidimensional.
Agreeableness and Openness include a general factor, with domains making unique contributions.
The internal consistency of Agreeableness and Conscientiousness was highest due to their general
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factor loadings of (wn = .74 and .52, respectively). Their alpha values exceeded .84 and their omega
values exceeded .85. Extraversion showed good reliability with a = .84 and w = .85. and wy = .49. The
three Neuroticism indicators demonstrated high reliability even though they consisted of only three
items (k = 3; a = .81, w = .85). The Openness scale yielded an a coefficient of .54 and w coefficient of
.71. Omega hierarchical (wn) reached .65 with multidimensionality across multiple dimensions. The
Bootstrap confidence intervals (95 %) confirmed the precision of these estimates through their
standard errors, which ranged from +.02 to +.04.

The results confirmed that the internal organization of DM domains was preserved, with a
moderate to strong general factor and good to excellent domain Omega (w) reliability (i.e., .71 - .94).

3.2. Item-Level Analysis

Evaluation of the internal structure also included item-level diagnostic tests across all domains
of the DM assessment. The corrected item-total correlations (ri) ranged from .07 to .39 across
domains, while the mean values ranged from .20 to .24, indicating moderate internal homogeneity
(Price, 2016). The range of item—total correlations is likely due to the open-ended response format of
DM terms. The removal of any single item from the assessment produced a change in ot and w values
of less than 0.02, confirming that domain items remain coherent, as indicated by the Table 1 reliability
results. The results from item analysis appear in Table 2.

Table 2. Item-Total Correlation Diagnostics for Drawmetrics Domains.

Domain Nitems Meanr: Minr, Max ri Interpretation
Moderate h ity;
Agreeableness 56 0.21 0.08 038 - occrate NOMogenelty
items vary in contribution
Conscientiousn Moderate-strong
32 0.24 0.11 0.39 coherence; consistent with
ess s
good reliability
Extraversion 17 0.22 0.14 09 ~ Moderate cohesion across
indicators
Small scale; items
Neuroticism 3 0.20 0.18 0.23 consistent but limited
coverage
Heterogeneous item set;
Openness 9 0.20 0.07 0.30 acceptable for expressive
data

Note. ri: = corrected item—total correlation. Item—total correlations were computed within each domain to assess
indicator quality and internal coherence. Higher r; values indicate stronger homogeneity among domain

indicators. Values reflect expressive-semantic heterogeneity expected in Drawmetrics open-response data.

3.3. Network Reliability

Network reliability analysis used a bootstrap-based resampling method to examine how well
the Big Five structure of DM’s semantic-attitudinal structure exhibited stability and consistency. The
analysis used case-dropping bootstrap sampling to calculate centrality stability coefficients (CS)
(Epskamp et al. 2018; Christensen and Golino, 2021). The CS assesses the stability of network
centrality results after bootstrap procedures remove cases. It represents the most significant
proportion of participants that can be removed while maintaining a correlation of at least.70 between
the original and bootstrapped centrality values. According to Christensen and Golino (2021), network
stability remains stable at .50 and above but becomes unstable when values fall below .25. Edge-
weight bootstrapping was used to assess the frequency and magnitude consistency of pairwise
connections across 1,000 network replications. Network modularity and community structure were
examined using the Louvain clustering algorithm (Blondel et al., 2008) to determine whether DM
produced stable personality domains that correspond to the Big Five personality traits.
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The DM centrality stability coefficients showed high reliability through all indices, with CS
(strength) at 0.73, CS (betweenness) at 0.58, and CS (closeness) at 0.55. The Big Five network showed
similar results with stability coefficients of 0.78, 0.61, and 0.63. The stability of network measures
reaches good levels at 0.50 and excellent levels at 0.70 and above. The edge stability analyses
produced identical results because the mean edge retention frequencies were 0.82 (DM) and 0.86 (Big
Five), and the median bootstrapped edge-weight correlations were r = .88 and r = .91, respectively
(not shown in Table 3). The networks maintained stable community organization, as indicated by
modularity coefficient analysis (Q_DM = 0.42; Q_B5 = 0.48), which identified five main clusters, with
edge weights of 0.37 (DM) and 0.41 (B5) within each cluster. The two models displayed identical
global strength indices (12.4 vs. 13.1) and densities between .31 and .33, indicating equal network
connectivity and model simplicity.

Table 3. Network Reliability Metrics for Drawmetrics and Big Five Networks.

Metric Index Drawmetrics Big Five Interpretation Reference
. Excellent (>0.70);
Centrality . Epskamp et
Stability (CS) Strength 0.73 0.78  highly ?225; central al, 2018
. Good (>0.50);
Centrality . . Epskamp et
Bet . .61 liabl
Stability (CS) etweenness 0.58 0.6 re 1?:d(iecl;1;c1§1ng al, 2018
. Good (>0.50);
Centrality ) Epskamp et
1 . . k
Stability (CS) Closeness 0.55 0.63 conilj::gar:ie;clvor al, 2018
Mean High reproducibility
Edge Stability Retention 0.82 0.86 of edges across 1,000 —
bootstraps
. Strong
E
Edge Stability Medla: dge 0.88 091  correspondence of —
edge weights
Consistent five-
Modularity Blondel et al,,
— 42 4 i lari
(Louvain Q) 0 048 domasﬁ::ziz arity 2008
Comparable overall

Global Sum of Edge

Strength Weights 12.4 13.1 connectivity and —

parsimony
Balanced network
0.31 0.33 sparsity; avoids —
overfitting

Network  Edges/(Nodes
Density )

Note. CS = centrality stability coefficient; Q = Louvain modularity index; Edge retention and correlation values
were derived from 1,000 bootstrap replications. Values above 0.50 indicate good stability, and values above 0.70
indicate excellent reliability of network features. Network density was calculated as the proportion of realized

edges relative to all possible edges, providing an estimate of global connectivity and model parsimony.

The findings show that the network system functions with high reliability, representing a
contemporary version of internal consistency measurement in traditional psychometric assessment.
The DM semantic network shows stability through multiple resampling tests, which produce
identical edge patterns and maintain domain separation and Big Five-related centrality patterns. DM
maintains a reliable personality structure that emerges from expressive-semantic data, and network
analysis confirms its measurement properties.

3.4. Validity Analyses
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Validity tests were conducted to verify that the expressive-semantic structures from DM align
with the established latent personality structure of the Big Five. The study evaluated Big Five domain
associations with DM at the facet level to determine convergent and discriminant validity. The
analyses included using TGA, EGA, canonical correlation, RV, Procrustes, and distance correlation
analyses to evaluate both factorial and structural validity. Global network metrics were used to assess
criterion validity by comparing the two networks’ performance.

3.4.1. Convergent and Discriminant Validity

The evaluation of convergent and discriminant validity required estimating DM measurement
relationships with Big Five facets through various psychometric and geometric assessment methods.
The analysis included the complete set of validity metrics, which were collected from the entire
network. The analysis of 30 matched facets yielded 435 potential correlations at the individual level.
The convergent edges between models showed a mean correlation of r = .61, which fulfills the
conventional psychometric criteria for strong trait-level congruence (Campbell & Fiske, 1959). The
analysis showed that Openness ("= .70), Conscientiousness (= .64), and Agreeableness (1= .59) had
the strongest convergence. Different domains showed weak connections (f = .21, range = .05-.34),
while the average absolute difference between domains was |Arl = .26. These results demonstrate
that DM maintains separate construct domains while also aligning with Big Five domains. The study
used all 435 DM and Big Five correlations to calculate the mean values which amount to r= .61 for
convergent and 1 = .21 for discriminant. The top 25 illustrative edge pairs from Appendix A Tables
A1-A2 provide a reference for interpretation. The mean values (1 = .61) for convergent and (1= .21)
for discriminant are from all 435 DM and Big Five correlations.

3.4.2. Structural and Factorial Validity

The Taxonomic Graph Analysis (TGA) together with the Louvain community detection method
showed that the data were organized into five domains, which followed the Big Five theoretical
framework (Q_DM = 0.42; Q_B5 = 0.48). Analyses included using Exploratory Graph Analysis (EGA)
and Bayesian Gaussian Graphical Models (BGGM; Williams, 2020) to confirm that the model
produced reliable dimensional results. Factorial validity was verified through its high canonical
correlation between DM and Big Five composite variables (r« = .88) showing that expressive-
semantic embeddings maintained the fundamental structure of personality traits. The analysis
produced coefficients with moderate to strong geometric agreement. The RV coefficients measured
.21, while Procrustes (Hurley & Cattell, 1962) correlation reached .31, and distance correlation
reached .71. The study established that latent spaces show partial homology because their intricate
connection patterns share common elements. The RV coefficient (Abdi, 2007; Robert & Escoulfier,
1976) served as a multivariate version of the squared Pearson correlation to measure the total
structural alignment between two multivariate data sets, which included the DM and Big Five facet
configurations. The geometric correspondence between two matrices becomes more similar as the
value approaches 1, while it becomes completely unstructured at 0.

3.4.3. Criterion and Structural-Functional Validity

The global network metrics showed that DM and Big Five architecture shared similar structural
patterns. The two models demonstrated equivalent strength (DM = 12.4; B5 = 13.1) and network
density (0.31 vs. 0.33), which produced identical model complexity and relationship organization.
The modular design and network-bridge connections between systems display uniform patterns that
confirm that DM’s expressive-semantic mappings represent genuine psychological distinctions
rather than following linguistic patterns. The results confirm that DM demonstrates both convergent
and discriminant validity, as well as structural and factorial validity. The Big Five personality traits
follow an expressive—semantic model that explains their organization and offers fresh perspectives
on nonverbal and attitudinal expressions. The analysis of DM through canonical, geometric, and
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network-based methods shows that the model maintains psychometric stability while showing
structural patterns that align with the Big Five model. DM detects most hidden elements that
traditional self-report surveys indirectly measure, as evidenced by its high canonical correlation (r©
= .88) and distance correlation (.71). The model shows both strong and weak relationships with the
original data, as its Procrustes and RV coefficients range from 0.5 to 0.7.

Table 4 illustrates the pattern of cross-network associations of the convergent validity estimates.
The table presents a summary of DM validity indices that compare the Big Five personality traits
through both correlation-based and network-level metrics.

Table 4. Summary of Validity Metrics for Drawmetrics and Big Five Models.

Validity Type = Metric Drawmetrics Big Five Interpretation Reference
M St

Comvergent (o1 ergent 061 hetween | Compbell &

Validity 8 ‘ Fiske, 1959

facets) homologous facets
Low cross-domain
associations

Discriminant Mean r (cross- 021 SUpport Campbell &
Validity domain) ‘ SUPP Fiske, 1959
discriminant
validity
. Canonical Strong canonical
Factorial . .
. Correlation 0.88 — alignment of latent —
Validity
(ro) spaces
Moderate
Structural structural Escoufier,
RV Coeffici 21 — ’
Validity Coefficient 0 similarity (shared 1973
variance ~4%)
Moderate
Stru(':tt'lral Procrus’.ces 0.31 _ geometric Gower, 1975
Validity Correlation correspondence
across spaces
Strong nonlinear
Structural Distance 071 association Székely et al.,
Validity Correlation ’ between latent 2007
structures
Criterion Global Comparable overall
. 12.4 13.1 network —
Validity Strength .
connectivity
Criterion Network Equlvalent
. ) 0.31 0.33 parsimony and —
Validity Density

relational structure

Note. r@© = canonical correlation coefficient; RV = multivariate structural similarity index; Distance correlation
quantifies nonlinear dependencies between latent structures. Global strength and network density were derived
from psychometric network analysis to assess structural homology. Higher values indicate stronger convergence

and shared latent organization between Drawmetrics and the Big Five.

The research provides supporting evidence for current personality theories through
experimental methods while developing new theoretical models about how people express their
attitudes across different situations. The two networks demonstrate their structural and functional
validity by preserving their five-domain modularity and maintaining stable edge configurations and
equivalent global strength. A summary of the strongest convergent and discriminant edges (top 25
facet-level DM-Big Five linkages) and associated metrics is provided in Appendix A (Tables Al and
A2).

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.


https://doi.org/10.20944/preprints202511.0414.v1
http://creativecommons.org/licenses/by/4.0/

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 7 November 2025 d0i:10.20944/preprints202511.0414.v1

11 of 20

4. Discussion
4.1. Theoretical Contributions

The research confirms that DM is the first standardized personality assessment tool to use
expressive-semantic methods to measure personality traits. The research combined natural language
embedding techniques with network psychometric methods and canonical correlation analysis to
prove DM assessments follow the structural design and theoretical value of conventional lexical
assessment tools.

The analysis established convergent validity through findings showing that DM measures were
strongly correlated with Big Five domains at the facet level (r = .61). The expressive semantic
representations in DM assessments preserve the same personality structure that self-report
assessments like the Big Five use to measure personality traits. The fundamental word-matching
system in DM terms expands into a high-dimensional space that maintains its hidden Big Five
organizational structure. The low inter-domain correlations (r'=.21) confirmed discriminant validity
because DM maintained separate constructs. The results show that expressive—semantic data yields
identical psychometric relationships to those obtained with established methods while delivering
results that are equal to or more precise.

DM scores remained highly stable throughout the assessment process. The internal consistency
of all domains achieved acceptable to high levels, as indicated by classical estimates using Cronbach’s
a and McDonald’s w. The network-based recovery analysis produced stable results because all
bootstrapped tests showed edge recovery rates above 0.66. The semantic embedding method uses
graph-based metrics for aggregation to produce reliable constructs without needing traditional Likert
rating systems. The method uses semantic coherence and network recovery to create a novel method
for evaluating the reliability of expressive data.

The results provide validity evidence for DM through Big Five Trait Topology alignment and
structural validity tests, which preserve its unique expression patterns. The Canonical correlation and
Procrustes analyses produced similar results, but distance correlation and RV coefficients identified
that the shared variance resulted from actual structural alignment rather than random similarities.
The canonical and geometric indices of criterion validity indicate that DM yields predictive validity
that equals or exceeds that of traditional inventory assessments, especially for the Conscientiousness
and Openness traits that match expressive—cognitive characteristics.

The measurement-theoretic framework of DM creates a semantic expression-personality
construct mapping that aligns with Hand’s (2020) pragmatic measurement theory and
representational measurement theory (Suppes et al.,1959). The geometric-semantic mapping allows
researchers to extract reliable and valid measurements from language data through a homomorphism
that links expressive meaning to trait structure.

4.2. Expressive versus Lexical Models of Personality: Conceptual Integration

The Big Five personality model and other traditional personality models derive from the lexical
tradition, which states that social characteristics exist in natural language and can be discovered
through factor analysis of trait-descriptive adjectives (Goldberg, 1990; John et al., 1988). People use
the Big Five framework to describe themselves with words that do not always reflect their actual
behavior or physical appearance. DM shows personality through vector-based embeddings that
extract attitudinal meaning from doodle-based representations, their corresponding descriptors, and
nonverbal and semantic outputs. The expressive—semantic foundation studies how people develop
their personal meaning systems through geometric patterns that exceed traditional lexical self-report
assessment methods. The current research shows that DM upholds the Big Five structure while
revealing additional expressive information that standard language-based assessments fail to
measure. The current research supports a new assessment system that combines lexical and
expressive evaluation through self-description and expressive production to study personality. DM
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unites lexical traits with attitudinal meaning to establish a single psychometric framework that
connects language to symbolism and behavioral expressions for personality assessment.

4.3. Applied Contributions

The research develops innovative personality assessment techniques by creating and validating
DM as an expressive assessment tool that offers an alternative to traditional self-report
questionnaires. The DM system uses nonverbal and semantic signals to function well in situations
where self-report questionnaires lose effectiveness due to language barriers, cultural differences, and
deliberate deception. DM provides its greatest value by helping organizations select candidates and
lead teams through expressive behavioral assessment, which reveals motivational and attitudinal
patterns that lexical self-descriptions cannot detect. The system enables automated, scalable scoring
through NLP and network analysis, which evaluates semantic and geometric consistency in
expressive responses to support high-volume or remote locations. The Big Five framework maintains
its interpretive continuity because DM established the structural match, demonstrating how
adaptability, creativity, and interpersonal skills manifest in behavioral actions. The assessment
system of DM stands out because it combines psychological measurement approaches with data
science and organizational deployment, leveraging connections between expressive assessment and
digital and cross-cultural human capital management systems.

4.4. Limitations and Future Directions

This study has several limitations to acknowledge. The study used a convenience sampling
method, which brought together participants from various locations with different professional
backgrounds, which might influence their word interpretation. A larger sample is recommended in
future studies on DM to provide sufficient statistical power for more advanced analyses. The study
conducted cross-validation on a single dataset at a single point in time; however, a longitudinal study
will evaluate how the DM assessment maintains performance stability over time. The scalability of
semantic embeddings poses challenges for researchers, who need specialized methods to extract
psychological features from high-dimensional similarity matrices. Research on DM should include
additional behavioral data collection and cultural diversity studies. The DM validation program will
conduct two additional assessment phases to evaluate (a) criterion validity through predictive
models for occupational and interpersonal results and (b) temporal stability through repeated-
measures and cross-sample replication. The research will determine whether DM serves as a viable
alternative to personality assessment or maintains its current role as an additional assessment tool.

5. Conclusions

DM demonstrates reliable and valid expressive measurement of personality, showing strong
structural correspondence and concurrent criterion validity with the Big Five, establishing a
foundation for predictive and longitudinal validation.
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Abbreviations

The following abbreviations are used in this manuscript:

DM DM

BERT Bidirectional Encoder Representations from Transformers
BGGM Bayesian Gaussian Graphical Model

BF Big Five

BFI Big Five Inventory

r(c)  canonical correlation

EGA Exploratory Graph Analysis

NLP Natural Language Processing

TGA Taxonomic Graph Analysis

r discriminant separations expressed as an average correlation
o coefficient Alpha

® coefficient Omega

Wh coefficient Omega hierarchical

CS coefficient of stability in network psychometrics
Q Louvain modularity index

rcorrelation coefficient
Appendix A

Table Al. Top 25 Convergent Drawmetrics-Big Five Edges and Associated Metrics.

Drawmetric DM Big Five B5

Rank s Term Domain Facet Domain Meanr  Interpretation
Facet-level
alignment within
Works hard Perseveres
1 . C . C 0.54 Or across
to achieve with tasks .
personality
domains
Attuned to Facet-level
2 Cheerful E inner @) 0.51  alignment within
feelings Or across
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10

11

12

Tends to
trust others

Warm

Anxious

High energy

Warm

Helpful

Dominant

Cheerful

Warm

Likes order
and
organizatio
n

Helpful

Tends to
trust
others

Self-
conscious

Works
hard to
achieve

Helpful

Works
hard to
achieve

Works
hard to
achieve

Tends to
trust
others

Adheres to
obligations

Adheres to
obligations

0.47

0.47

0.44

0.40

0.40

0.39

0.39

0.38

0.37

0.37
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alignment within
Or across
personality
domains
Facet-level
alignment within
Or across
personality
domains
Facet-level
alignment within
Or across
personality
domains
Facet-level
alignment within
Or across
personality
domains
Facet-level
alignment within
Or across
personality
domains
Facet-level
alignment within
Or across
personality
domains
Facet-level
alignment within
Or across
personality
domains
Facet-level
alignment within
Or across
personality
domains
Facet-level
alignment within
Or across
personality
domains
Facet-level
alignment within
Or across
personality
domains
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14

15

16

17

18

19

20

21

22

23

Dominant

Enjoys
being with
others

Sees self as
capable

Anxious

Seeks
stimulation
and novelty

Enjoys
being with
others

High energy

Dominant

Helpful

Appreciates
art and

beauty

Cheerful

A

High
energy

Tends to
trust A
others

Likes
order and
organizati

on

Imaginativ
e

Imaginativ
e

Cheerful E

Appreciate
s art and @)
beauty

Adheres to
obligations

Avoids
conflict

Helpful A

Adheres to
obligations

0.36

0.36

0.35

0.35

0.32

0.31

0.31

0.30

0.29

0.27

0.27
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Facet-level
alignment within
OT across
personality
domains
Facet-level
alignment within
OT across
personality
domains
Facet-level
alignment within
OT across
personality
domains
Facet-level
alignment within
OT across
personality
domains
Facet-level
alignment within
OT across
personality
domains
Facet-level
alignment within
OT across
personality
domains
Facet-level
alignment within
Or across
personality
domains
Facet-level
alignment within
Or across
personality
domains
Facet-level
alignment within
Or across
personality
domains
Facet-level
alignment within
Or across
personality
domains
Facet-level
alignment within
Or across
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personality
domains
Facet-level
alignment within
24 High energy E Cheerful E 0.27 Or across
personality
domains
Facet-level

Appreciate alignment within
25 Imaginative O s art and (@) 0.25 Or across
beauty personality
domains

Note. The table lists the 25 strongest cross-network associations between Drawmetrics and Big Five facets,
ranked by mean absolute correlation (Mean r). These edges represent high semantic and structural

correspondence and underpin the convergent validity results presented in Table 4.
Appendix B

Table A2. Top 25 Discriminant Drawmetrics-Big Five Edges and Associated Metrics.

B5
Drawmetric DM Big Five . .
Rank . Domai Irl Interpretation
s Term Domain Facet
C -d i
1 toward N inner O 0.00 L &
. discriminant
sadness feelings .
separation
Tends ' Crotssr—ld'orcrll'air;'
mismatch indicatin
2 toward N Sympathetic A 0.00 .. 8
discriminant
sadness .
separation
oo
mismatch indicatin
3 toward N Cheerful E 0.00 L &
discriminant
sadness .
separation
Cross-domain
. h indicati
4 Anxious N Warm E 0.00 Imsm'atc. 11'1d1cat1ng
discriminant
separation
Cross-domain
5 Sel.f— N Warm E 0.00 mism'atc}.\ irildicating
conscious discriminant
separation
, Thinks ' Cro,css};(%O?air;'
erseveres mismatch indicatin
6 . C before  C  0.00 arer mdicating
with tasks . discriminant
acting .
separation
elf- mismatch indicatin
7 _ N before  C  0.00 e &
conscious . discriminant
acting .
separation
Thinks Cross-domain
8 Anxious N before C 0.00 . R
. mismatch indicating
acting
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11

12

13

14

15

16

17

18

19

20

21

Helpful

Adheres to
obligations

Anxious

Cheerful

Prone to
anger

Anxious

Tends
toward
sadness

Likes order
and
organizatio
n

Prone to
anger

Works hard
to achieve

Self-
conscious

Sees self as
capable

Anxious

Sympathetic

Perseveres
with tasks

Tends to
trust others

Sees self as
capable

Humble

Avoids
conflict

Thinks
before
acting

Perseveres
with tasks

Thinks
before
acting

Thinks
before
acting

Open to

new
experiences

Adheres to
obligations

Cheerful

0.00

0.00

0.00

0.00

0.00

0.00

0.00

0.00

0.00

0.00

0.00

0.00

0.00
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discriminant
separation
Cross-domain
mismatch indicating
discriminant
separation
Cross-domain
mismatch indicating
discriminant
separation
Cross-domain
mismatch indicating
discriminant
separation
Cross-domain
mismatch indicating
discriminant
separation
Cross-domain
mismatch indicating
discriminant
separation
Cross-domain
mismatch indicating
discriminant
separation
Cross-domain
mismatch indicating
discriminant
separation
Cross-domain
mismatch indicating
discriminant
separation
Cross-domain
mismatch indicating
discriminant
separation
Cross-domain
mismatch indicating
discriminant
separation
Cross-domain
mismatch indicating
discriminant
separation
Cross-domain
mismatch indicating
discriminant
separation
Cross-domain
mismatch indicating
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discriminant
separation
Cross-domain
Seeks Open to mismatch indicatin
22 stimulation E new (@) 0.00 .. 8
. discriminant
and novelty experiences .
separation
Cross-domain
3 Sel.f- N Intelle?tuall o 0.00 mism'atc}} ir'ldicating
conscious y curious discriminant
separation
eres to mismatch indicatin
24 e C before  C 000 e 8
obligations . discriminant
acting .
separation
Cross-domain
Sees self as Perseveres mismatch indicatin
25 C _ C 000 oy meeating
capable with tasks discriminant

separation

Note. The table lists the 25 largest cross-domain associations between Drawmetrics and Big Five facets. These
edges reflect low semantic or structural overlap across theoretically distinct domains, supporting evidence of

discriminant validity.
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