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Feature Article

Creativity has been viewed as a major component or out-
come in many models (Gagné, 2005; Renzulli, 2005; 
Renzulli & Reis, 2014; Sternberg, 2003; Subotnik & Jarvin, 
2005) and definitions of giftedness (Marland, 1972; Rinn 
et al., 2020). According to the 2018–2019 State of the States 
in Gifted Education Report (Rinn et al., 2020), creativity was 
explicitly mentioned in 31 states’ definition of giftedness in 
the United States. Beyond gifted education, creativity is a 
relevant, in-demand skill for the workforce and innovation-
centered economy (Frey & Osborne, 2017; Lichtenberg 
et al., 2008; Petrone, 2019). In the revised form of Bloom’s 
taxonomy (Krathwohl, 2002), “creating” is the highest level 
of thinking. These practical and theoretical accounts under-
line the need for further study of creativity and educational 
programming to foster it for all students, consistent with con-
temporary educational frameworks (e.g., Partnership for 21st 
Century Skills, 2006).

The field of gifted education has given particular attention 
to creativity. Giftedness without creativity may imply raising 
information consumers rather than information producers, 
innovators, groundbreakers, and change-makers (Wiley & 
Voss, 1996). From a conceptual and psychometric stand-
point, decades of research have indicated that intelligence 
and creativity have smaller relationships to each other at 

higher levels of intelligence, which is known as the threshold 
hypothesis (Dumas, 2018; Guilford, 1967; Jauk et al., 2013; 
Karwowski et al., 2016), although see Weiss and colleagues 
(2020) for recent counter-evidence to this hypothesis. Thus, 
assessment of intelligence alone does not cover creative gift-
edness (Castejón et al., 2016; Kim et al., 2013; Zenasni et al., 
2016). Furthermore, failure to assess creativity in gifted 
identification may lead to favoring and overidentification of 
schoolhouse giftedness as a result of excluding students who 
think differently, challenge the status quo, question authority, 
and go beyond the accepted paradigms (Kaufman et al., 
2012; Renzulli, 2005). To avoid this potential pitfall, identi-
fication of gifted students includes creativity assessment in 
certain states (e.g., Georgia, Arkansas) and districts (Krisel 
& Cowan, 1997; Peters et al., 2020; Rinn et al., 2020).
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Gifted Identification

Current literature on gifted identification urges educators to 
apply multiple criteria to identify students for gifted pro-
grams (Acar et al., 2016; McBee et al., 2016), but how those 
multiple criteria are used also is of great importance (Lee 
et al., 2020; Peters et al., 2020). Given the representation dis-
crepancy in gifted identification by race (Grissom & Redding, 
2016), English-language learner status (Mun et al., 2020) 
and socioeconomic status (Grissom et al., 2019; Peters et al., 
2019), strategies such as universal screening and universal 
consideration (McBee et al., 2016), the use of local norms 
(Peters et al., 2019), and the use of alternative assessment 
(Silverman & Gilman, 2020) seem to have the potential to 
improve the representational fairness of the identification 
process.

Creativity is one such alternative assessment approach 
that may improve underrepresentation of children who are 
from low socioeconomic status families, English-language 
learners, or racial/ethnic minorities (Kaufman et al., 2012; 
Luria et al., 2016; Matthews, 2015). The use of a creativity 
assessment does not need much extra justification on the 
basis of conceptualizations of giftedness because most theo-
retical conceptualizations of giftedness include creativity in 
their theorizing (Gagné, 2005; Renzulli, 2005; Sternberg, 
2003; Subotnik & Jarvin, 2005). However, one could argue 
that there is no point of including a creativity measure in 
identification if programs and services for gifted students do 
not explicitly aim to foster creativity. Indeed, discarding the 
measures of creativity could appear to provide a better align-
ment between the programs and identification, but this leads 
to a more concerning misalignment, which is between the 
services/programs and the field’s theoretical conceptualiza-
tion of giftedness. Thus, although creativity is key to gifted-
ness and including creativity measures in gifted identification 
is consistent with many conceptualizations of giftedness, this 
is most critical when the programs and services offered in the 
gifted programs target or involve creativity and creative 
thinking skills. Although there are a number of alternatives 
for capturing creativity, such as consensual assessment tech-
nique and checklists or ratings scales by teachers, peers, or 
parents (see Kaufman et al., 2012), the Torrance Tests of 
Creative Thinking (TTCT; Torrance, 2008) has been the 
most popular tool used for gifted identification (Hunsaker & 
Callahan, 1995).

TTCT

The TTCT builds on the concept of divergent thinking, which 
originated from Guilford’s (1967) Structure of Intellect (SOI) 
model. Divergent thinking tasks are open-ended and allow 
responding to the tasks in various ways (i.e., “In what ways 
can you use a brick?” “List things that move on wheels” 
“How are a pencil and pajamas alike?” “What does this figure 
look like?”). Lack of a set of defined acceptable or correct 

responses has been a defining characteristic of divergent 
thinking tasks (and of most challenges requiring creative 
thinking), but this characteristic also makes the scoring of 
divergent thinking tasks time-consuming and laborious. The 
traditional scoring method involves the indices of fluency 
(the number of relevant, meaningful responses), flexibility 
(the number of distinct clusters or categories in the produced 
responses), originality (statistically infrequent responses), 
and elaboration (amount of detail and elegance of the 
responses). Among those, originality is the most essential 
component of creativity (Acar et al., 2016; Diedrich et al., 
2015), which is the focus of the present study.

There are various versions of the TTCT such as Figural, 
Verbal, and Abbreviated. The present study focuses on scor-
ing of originality in the verbal form of the TTCT. TTCT-
Verbal, the focus of the current study, has two parallel 
forms—Form A and Form B—both of which consist of six 
activities: asking, guessing causes, guessing consequences, 
toy improvement, unusual uses, unusual questions, and just 
suppose test. Each activity is scored on three indices: flu-
ency, flexibility, and originality. The norms are available for 
both forms from age 6 and above. Said-Metwali et al. (2021) 
conducted a factor analysis of the Arabic version of the 
TTCT-Verbal that yielded a second-order factor structure 
where each activity formed its own factor under a general 
divergent thinking factor. They found poor discriminant 
validity among the three indices, which is a likely conse-
quence of a fluency confound in the originality and flexibil-
ity scores (Forthmann et al., 2020). Said-Metwali et al. 
(2021) also reported evidence supportive of measurement 
invariance by gender and academic major that are partly con-
sistent with Krumm et al.’s (2016) results that, again, reported 
six factors, where each activity forms its own factor. 
However, Krumm et al. did not explore a general higher-
order factor.

These factor analytic studies used all three indices (i.e., 
fluency, flexibility, and originality) and, due to fluency con-
found, it could be argued that scoring the tasks for all three 
may not be always necessary due to high overlap among the 
three scores despite their theoretical distinctness and impor-
tance. This high overlap also explains why each activity 
forms its own factor rather than fluency, flexibility, and orig-
inality making up three factors. To make sense of it, a closer 
look at how originality is scored could help.

Originality scoring in TTCT-Verbal is based on zero-orig-
inality lists, which supply the common responses for each 
activity. The scorers use the zero-originality lists to deter-
mine whether a response deserves a point for originality. For 
example, “animal house” or “throw away” is provided in the 
zero-originality list for Activity 5, which asks to list different 
uses for a cardboard box. Hence, those responses would get 
zero points, whereas a response such as “shield” would get 1 
because it is not on the zero-originality lists, yet it makes 
sense. The responses that are on the zero-originality lists do 
not get any originality points, whereas those that are relevant 
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and not on the zero-originality lists get 1 point for originality. 
Therefore, as more responses are produced by a participant, 
originality also increases proportionally with fluency. 
Alternative scoring procedures may prove useful and poten-
tially could avoid any undue overlap among originality and 
fluency.

Currently, TTCT-Verbal is scored by trained, certified rat-
ers who compute the scores manually using the guidelines in 
the TTCT manual. This makes the scoring process quite 
time-consuming and costly especially when a large number 
of people take the tests, which would be the case with univer-
sal screening and consideration. As a matter of fact, the pres-
ence of zero-originality lists (and the list of categories for 
flexibility scoring) is more practical than developing sample-
based zero-originality lists, which is how other divergent 
thinking tasks are often scored. Still, the cost of scoring is a 
huge burden on school districts and limits the usability of the 
TTCT-Verbal (Glover & Albers, 2007). Consequently, it may 
deter many school districts from using such standardized 
tests and rely instead on other forms of assessment such as 
teacher referral, or resort to “home-made” creativity mea-
sures that lack solid psychometric evidence. Ideally, more of 
schools’ resources should be used for programming and dif-
ferentiation than for assessment and identification. Therefore, 
novel methods and approaches are necessary to obtain psy-
chometrically robust and cost-effective measurement of cre-
ativity. A recent approach, known as semantic distance, 
allows for the rapid and automated scoring of divergent 
thinking tasks (Acar et al., 2020; Dumas & Dunbar, 2014) 
and may be applicable to at least some activities on the 
TTCT-Verbal.

Automated Scoring of Divergent 
Thinking Tasks

The use of semantic networks as a method for scoring origi-
nality has recently gained attention in creativity research 
(Acar & Runco, 2014; Dumas & Dunbar, 2014; Forster & 
Dunbar, 2009). In one such investigation, Acar and Runco 
(2014) used words and concepts obtained from three differ-
ent associative networks (WordNet, Word Association 
Network, and IdeaFisher) as if they were socially established 
zero-originality lists; the mention of the words and concepts 
from these networks in the responses imply making a close 
association and thereby lower originality. The WordNet is a 
lexical network with words organized by relations on several 
levels such as hyponymy (subtype relations such as “horse” 
is a subtype of “animal”) and meronymy (supertype or part-
whole relations such as “arm” is a part of “body”). The Word 
Association Network is a website that compiles vocabulary 
based on its use in classical and contemporary literature. 
Finally, the IdeaFisher is a system built on word association 
for the purpose of priming the retrieval of words with seman-
tically close other words. Although these three networks vary 
in size, Acar and Runco (2014) scored the responses as 

original or unoriginal based on the utilization of the words 
and concepts provided by each of the networks, respectively. 
These researchers reported that originality scores obtained in 
this way had a significant correlation with the attitudes and 
values toward creativity. They also found more semantically 
distant responses in the second half than the first half of the 
response list produced by the participants. Known as the 
order effect (Beaty & Silvia, 2012; Runco, 1986), this has 
been one of the most replicable findings on originality and its 
applicability to semantics-based originality adds to the valid-
ity of this scoring method.

Latent Semantic Analysis

Although Acar and Runco (2014) demonstrated the useful-
ness of word association networks, their method was not 
completely automated. Thus, to improve the efficiency and 
objectivity of divergent thinking measures without the use of 
human raters, creativity researchers have used some specific 
text-mining methods such as latent semantic analysis (LSA) 
through which semantic distances are calculated (Acar & 
Runco, 2019; Dumas & Dunbar, 2014; Forster & Dunbar, 
2009; Hass, 2017b; Heinen & Johnson, 2018; Prabhakaran 
et al., 2014). LSA is a highly effective quantitative text ana-
lytics method that estimates the latent similarity between 
words or phrases by using a large corpus of text representing 
the meaning of words and phrases specific to the context of 
interest (e.g., English language, children; Dumas et al., 2020; 
Prabhakaran et al., 2014). LSA analyzes the text-corpus to 
build a matrix in which vectors represent the co-occurrences 
of words (Chen et al., 2011; Dumas & Dunbar, 2014). 
Semantic distance is then calculated from the cosine of the 
angle between the two vectors and subtracted from 1 to pro-
duce an originality score (Dumas & Dunbar, 2014; Dumas 
et al., 2020; Heinen & Johnson, 2018). A greater semantic 
distance is indicative of less similarity between the divergent 
thinking task prompt and response and therefore a greater 
originality score.

One potential factor that is likely to influence these origi-
nality scores is the corpus used to model the word co-occur-
rences. The magnitude (e.g., number of words) and scraping 
method (e.g., source of the words) of the corpus might influ-
ence the outcomes. The topical domain of the corpora may 
also affect the resulting model. In the past, creativity research 
has typically employed models trained on corpora of general 
language (Dumas et al., 2020) or of language extracted from 
educational texts (Dumas & Dunbar, 2016; Landauer & 
Dumais, 1997). It is possible that a corpus tuned to child-
specific texts (e.g., Wild et al., 2013) would be more appro-
priate for working with measurement for children, although, 
at this point, the strength of this effect is not known.

Several studies have demonstrated LSA is a more effi-
cient, reliable, and valid means of scoring originality on 
divergent thinking tasks compared with traditional scoring 
methods (Acar & Runco, 2019; Dumas & Dunbar, 2014; 
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Forster & Dunbar, 2009; Heinen & Johnson, 2018). Early 
work by Dunbar and colleagues supported that LSA scores 
were stronger predictors of human-rated originality com-
pared with fluency- and elaboration-based assessments 
(Forster & Dunbar, 2009). In addition, Forster and Dunbar 
(2009) suggested that LSA originality scoring can discrimi-
nate between creative use and common use prompts for 
Alternative Uses Tests (Guilford, 1967). Later, Dumas and 
Dunbar (2014) examined the relationship between original-
ity and fluency using LSA originality latent scores on the 
Alternate Uses Test. Findings from this study revealed that 
LSA-based originality scores can have greater reliability 
compared with fluency scores. In addition, Dumas and 
Dunbar (2014) established discriminant validity between 
LSA originality scores and fluency scores and proposed that 
using LSA for divergent thinking scoring reduces measure-
ment error, giving creativity researchers stronger predictive 
validity to determine originality scores from divergent think-
ing tasks. Results from Dumas and Dunbar’s (2014) study 
bolstered the claims that operationalizing originality as 
semantic distance, using LSA techniques, is a psychometri-
cally beneficial, productive, and objective method for origi-
nality measurement.

Several other creativity researchers have provided strong 
support for discriminant (Dumas & Dunbar, 2016; Dumas & 
Runco, 2018; Gray et al., 2019; Prabhakaran et al., 2014), 
convergent (Forthmann, Oyebade, et al., 2019; Hass, 2017b; 
Heinen & Johnson, 2018), predictive (Dumas & Strickland, 
2018; Dumas et al., 2020), and concurrent (Beketayev & 
Runco, 2016; Dumas et al., 2020) validity for LSA Originality 
scoring. Hass (2017a) provided evidence of validity for using 
LSA to calculate local similarity (semantic relationship 
between adjacent responses) and global similarity (semantic 
proximity between prompts and each response) on the 
Alternate Uses Test. Hass found a significant, negative asso-
ciation between human-judged creativity ratings and both 
local and global similarity. Hass (2017a) also reported that 
similar responses were generated in less time compared with 
dissimilar responses. In a different study, Hass (2017b) used 
LSA to examine changes in semantic distance across succes-
sive response iterations during divergent thinking tasks on 
the Alternate Uses Test. Results of this study demonstrated 
parallel results to the past research in that participants with 
higher fluid intelligence generated responses with greater 
semantic distance (i.e., greater originality), despite the linear 
increase in semantic distance across response iterations. 
Gray et al. (2019) used LSA to calculate forward flow or the 
semantic distance between responses over time across mul-
tiple studies. Similar to findings from Hass (2017a), these 
studies supported that forward flow was positively related to 
and predicted creativity across diverse domains and diver-
gent thinking tasks, and demonstrated discriminant validity 
between fluency and originality. Later, Forthmann, Oyebade, 
et al. (2019) investigated whether elaboration, or the number 
of words used in a response, confounds LSA-derived 

semantic distance. Elaboration was, indeed, associated with 
declines in semantic distance scores even with stop word 
(e.g., the, or, and) removal and this is a limitation of LSA-
based originality scores.

Since the initial findings on LSA-based originality scoring, 
many creativity researchers have further demonstrated the 
essential and fruitful applications of using semantic distance to 
operationalize originality. The objectivity of LSA-derived 
originality scores has allowed researchers to examine long-
standing research questions in the field of creativity and to 
understand and estimate the relationships between creativity 
and other psychological phenomena with superior precision 
(Dumas et al., 2020; Dumas & Strickland, 2018). For instance, 
Dumas (2018) found LSA-derived originality scores on the 
Alternate Uses Test were associated with reasoning ability, but 
only among participants with originality scores at or below the 
median. This finding supported the threshold hypothesis, 
which describes intelligence as a necessary but not sufficient 
condition for creativity. However, these findings somewhat 
differed from the traditional threshold hypothesis in terms of 
the threshold variable, creativity (i.e., originality) rather than 
cognitive (i.e., relational reasoning), and the location of the 
threshold, the median of originality rather than the traditional 
intelligence quotient level of 120 (Dumas, 2018).

LSA methods have also allowed creativity researchers to 
examine the effects of specific instructions or cue conditions 
on originality scores and to make inferences regarding their 
relation to divergent thinking. For example, Prabhakaran and 
colleagues (2014) found that semantic distance of verb-word 
pairs, which was measured by LSA, was larger when the 
respondents were cued to be creative while generating verbs 
for nouns. Likewise, Heinen and Johnson (2018) also showed 
that creativity of the responses as measured by semantic dis-
tance is influenced by the type of explicit instructions pre-
sented. Both semantic distance and subjective creativity 
ratings of the responses were higher when instructions 
emphasized novelty rather than appropriateness. In another 
study, Dumas and Dunbar (2016) found that participants’ 
LSA-based originality scores were significantly lower when 
divergent thinking tasks were framed with stereotypes related 
to creative (“an eccentric poet”) and noncreative (“a rigid 
librarian”) persons than under the control condition where no 
such stereotype was presented. They concluded that the use 
of stereotypes in the instructions may lead to inhibition and 
suppress the divergent thinking outcomes. Together, these 
findings illustrate sensitivity of LSA-based semantic dis-
tance metrics to explicit instructions and cues, which paral-
lels extant research on the impact of explicit instructions on 
divergent thinking tasks when traditional scoring methods 
were used (Acar et al., 2020; Said-Metwaly et al., 2020).

Moving Beyond the Latent Semantic Analysis

Importantly, there are alternative text-mining methods to the 
LSA. Dumas et al. (2020) recently conducted a psychometric 
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evaluation to assess the reliability and criterion validity of 
four common text-mining systems (i.e., Touchstone Applied 
Science Associates [TASA] LSA, English 100k LSA, Global 
Vectors for Word Representation [GloVe] 840B, and 
Word2Vec; see Dumas et al., 2020, for detailed descriptions 
of text-mining systems) used to calculate semantic distance 
on the Alternate Uses Test compared with human-completed 
ratings. Although this study found that human-rated original-
ity scores demonstrated the highest reliability and better dis-
criminant validity from fluency and elaboration, text-mining 
systems, particularly the GloVe 840B system, are capable of 
generating highly reliable and valid originality scores in a 
more economical and automated manner. Furthermore, there 
are open-access platforms (see https://openscoring.du.edu/ 
for one example) to utilize those systems, which presents a 
unique opportunity for gifted identification efforts to score 
divergent thinking tasks rapidly, consistently, and at no 
financial cost.

The Present Study

Given the low-cost and quick scoring provided by the auto-
mated scoring platforms, the implication of automated scor-
ing of divergent thinking tasks is obvious for gifted 
identification, especially for school districts that aim to 
include creativity assessment in gifted identification and 
adopt a universal screening approach. Typically, automated 
scoring is applied to Alternate Uses tasks (Dumas & Dunbar, 
2014; Hass, 2015, 2017b) and its applicability to other types 
of divergent thinking tasks, such as Consequences, is rather 
new. LaVoie et al. (2020) applied latent semantic analysis to 
the Consequences task and found a high level of agreement 
between LSA-based scores and human ratings. Text-mining 
methods, including, but not limited to, LSA, have yet to be 
tested with specific activities of the TTCT. In the present 
study, we examine the applicability of text-mining based 
originality scoring procedures to two different types of tasks: 
Unusual Uses Test (UUT) and Just Suppose Test (JST), anal-
ogous to Alternate Uses and Consequences, respectively. In 
the present study, we assess their applicability through vali-
dation with alternate scoring methods (i.e., snapshot scoring 
and TTCT-manual-based scoring). Furthermore, we do so by 
comparing various text-mining systems (e.g., GLoVe, TASA, 
EN 100k) that are easy to access and use. If automated scor-
ing is applicable to both of those tasks, it is likely that they 
could serve as a short form of TTCT-Verbal and may be used 
in universal screening for gifted identification. Ultimately, 
school districts could save on testing and identification and 
allocate more of their resources to programming and talent 
development.

In the present investigation, we address the following 
research questions:

Research Question 1: Are automated originality scores 
of UUT and JST related to snapshot originality scores?

Research Question 2: Are automated originality scores 
of UUT and JST related to TTCT-manual-based 
originality?
Research Question 3: Which automated scoring system 
(GLoVe, TASA, EN 100k) provides better predictive 
power?

Method

Participants

The study sample consisted of 225 participants who com-
pleted either Form A (n = 102) or Form B (n = 123) of the 
TTCT-Verbal. Among those for whom demographic infor-
mation was available, 60 (26.7%) were male, 110 (48.9%) 
were female, and 55 (24.4%) did not report, with an average 
age of 18.20 (SD = 1.31) years. Participants were a largely 
general (i.e., nonselective) group of undergraduate students 
who completed the TTCT as part of an intervention program 
that aimed to facilitate adaptation to college life.

Instruments

The only instrument administered was the TTCT-Verbal 
(Torrance, 2008), which consisted of six activities. The 
responses to two of those activities were used in the present 
study: UUT and JST. The UUT presents an everyday object 
and asks participants to write down different ways to use this 
object. The UUT dates back to Guilford’s (1967) battery and 
is the most commonly used type of divergent thinking task 
(Runco et al., 2016). The everyday objects used in TTCT-
Verbal are cardboard boxes and tin cans in Form A and Form 
B, respectively. The JST presents a hypothetical situation for 
participants to think of possible consequences if it were to 
happen, similar to the well-known Consequences task 
(Christensen et al., 1958). In TTCT-Verbal, the hypothetical 
situations for JST are: “ . . . the clouds had strings attached to 
them . . . What would happen?” in Form A (JST-Cloud 
Strings) and “ . . . all we could see of people would be their 
feet . . . What would happen?” in Form B (JST-See Feet). As 
typical in most divergent thinking tasks, both UUT and JST 
instructed the participants to generate as many responses as 
possible. The UUT additionally emphasized the generation of 
a variety of responses that other people would not think of. 
The participants were given 5 min to complete each activity.

Procedures

We measured originality of the produced responses in differ-
ent ways. These fall under three major categories: (a) snap-
shot, (b) TTCT-manual-based, and (c) text-mining-based.

Snapshot Originality. After participants’ written responses were 
transcribed, two raters (i.e., two trained graduate students) 
independently rated the responses of each participant by using 

https://openscoring.du.edu/
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the ideational pools scoring method (recently renamed as 
snapshot scoring; Runco & Mraz, 1992; Silvia et al., 2009). 
The raters were trained through example responses that had 
quintessentially high versus low originality and instructions 
on how to assign the rating scores based on a normal distribu-
tion. After some preliminary work on a subset of responses, 
we made clarifications to the training based on the raters’ 
questions. In this subjective scoring method, the raters evalu-
ated each participant’s response set generated for a divergent 
thinking prompt (rather than individual responses) in terms of 
their originality, cleverness, and remoteness on a 7-point scale 
(1 = least original, 7 = most original). The raters were trained 
to rate the response set by approximating the variation to a 
normal distribution, with most response sets falling in the mid-
dle of the 7-point scale. The intraclass correlation (ICC) (1,2) 
was .76 (95% confidence interval [CI] = [.65, .84]) and .78 
(95% CI = [.69, .85]) for the UUT and .71 (95% CI = [.61, 
.77]) and .69 (95% CI = [.57, .81]) for JST items. The subjec-
tive ratings of the two raters were averaged to form the “Snap-
shot originality” variable.

TTCT-Manual-Based Originality. The manual-based scoring of 
TTCT-Verbal was conducted by the Scholastic Testing Ser-
vices, the publisher of the test. According to the test manual 
(Torrance, 2008), originality of each relevant responses is 
scored on a binary metric. When a response is provided on 
the zero-originality lists, which is provided as part of the 
scoring manual, it gets no points. And, if the relevant 
responses are not provided on the zero-originality lists, then 
each of such instances is scored as one. The count of original 
responses (summed total) is used as the originality score of 
each participant.

Text-Mining-Based Originality. The automated scoring of origi-
nality was obtained from the Open Creativity Scoring 
(https://openscoring.du.edu/) freeware platform (Dumas 
et al., 2020; Organisciak & Dumas, 2020). This platform 
provides originality scores for verbal divergent thinking 
stimuli and has been previously validated for the UUT task, 
but at the time of this research, had never been applied to the 
JST task (Dumas et al., 2020). The Open Creativity Scoring 
freeware can instantly generate originality scores for each 
participant’s responses, thereby saving significant time and 
resources. Compared with the laborious task of scoring each 
answer by hand, these text-mining systems allow for effi-
ciency and accuracy (Dumas & Dunbar, 2014; Forthmann, 
Oyebade, et al., 2019). Text-mining models are presented 
with a large amount of textual data (termed a corpus) to 
establish patterns of words used in everyday language. 
Dimension reduction techniques, such as latent semantic 
analysis (LSA), are then used to establish categories for sim-
ilar words (synonyms). As a result, words that are similar are 
located closer in semantic space, whereas more unique 
answers earn higher scores due to their larger semantic dis-
tance from the prompt (Dumas et al., 2020).

There are many freely available text-mining systems 
available on the web today. Although they all use similar 
methods, they also differ in several important ways, includ-
ing in the kind and extent of the text library or corpora they 
are based on, the method of training, the specific statistical 
models, the corrections for real-world scenarios such as 
words with multiple meanings, and the correction for com-
monly used function words (Dumas et al., 2020). The Open 
Creativity Scoring platform used in this study allows sto-
plisting as an option to filter out common function words. 
Stoplisting permits the omission of words such as “the,” 
“to,” and “make.” These words are used to connect gram-
matical parts of the sentence and contribute minimally to 
meaning (Dumas et al., 2020; Fox, 1989).

We used three different text-mining systems to compare 
originality scores of participants, all of which are available 
for free on the Open Creativity Scoring platform. TASA 
(Touchstone Applied Science Association LSA) by Landauer 
and Dumais (1997) is the most widely used system in diver-
gent thinking research (Dumas & Dunbar, 2014; Forster & 
Dunbar, 2009; Forthmann, Oyebade, et al., 2019). It has been 
trained on a corpus of 37,651 educational texts to mirror the 
reading level of an undergraduate student. EN 100k by 
Günther et al. (2015) includes 100,000 of the most frequently 
used English words. It uses LSA, similarly to TASA, but 
includes an extended corpus trained on mostly British web-
based resources (e.g., Wikipedia, ukWac). GLoVe (Global 
Vectors for Word Representation 840B) was created by the 
Stanford natural-language-processing laboratory (Pennington 
et al., 2014). It was trained on a corpus of 840 billion words, 
including web-based documents. Compared with TASA and 
EN 100k, GLoVe uses a probabilistic modeling framework 
and examines co-occurrence of words in a small space, rather 
than in full-text documents.

Responses are considered more original to the extent they 
are semantically distant from the presented prompt (e.g., 
cardboard boxes). We calculated total originality and the 
average originality by dividing total originality by fluency 
for each of the three scores per activity. All in all, we had the 
following originality scores for each activity: (a) Snapshot 
originality obtained from two raters’ subjective evaluations 
using total ideational output, (b) the TTCT-manual-based 
originality scores, (c) Averaged GLoVe-based originality, (d) 
Averaged TASA-based originality, (e) Averaged EN-100k-
based originality, (f) Total GLoVe-based originality, (g) Total 
TASA-based originality, and (h) Total EN 100k-based origi-
nality. The present study reports the correlations among these 
indices and tests the relationships among three different 
automated text-mining scores and two different criteria mea-
sures, namely, Snapshot originality and the TTCT-manual-
based originality scores. Using Cohen’s (1988) guidelines, 
correlations above .30 (medium to high) are considered use-
ful and psychometrically meaningful.

https://openscoring.du.edu/
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Results

Table 1 presents the descriptive statistics for each originality 
score across four divergent thinking tasks from the 
TTCT-Verbal.

The UUTs

The correlations among originality scores were analyzed and 
reported for each activity. Table 2 presents the correlations 
for the UUT items. We reported the correlations with total 
and average automated (text-mining-based) originality 
scores.

Analyses With Total Originality Scores. When total automated 
scores for UUT-Cardboard Boxes (Form A) are considered, 
analyses indicated that all three automated scores had a sta-
tistically significant and positive correlation with both Snap-
shot (rs > .61, p < .01) and TTCT-manual-based scores (rs 
> .94, p < .01). There was a similar pattern in the analyses 

with total automated scores of UUT-Tin Cans (Form B) such 
that the correlation of total automated scores was significant 
for both Snapshot originality (rs > .69, p < .01) and TTCT-
manual-based originality scores (rs > .94, p < .01).

To examine differences among automated scores, we 
compared the correlations of three automated originality 
scores (i.e., GloVe, TASA, EN 100k) with Snapshot and 
TTCT-manual-based originality scores. In the Cardboard 
Boxes task, the correlations with Snapshot originality did not 
significantly differ by the type of automated scores based on 
Fisher’s z-test, whereas GloVe-based originality scores had a 
significantly higher correlation with TTCT-manual-based 
originality scores than did EN 100k (z = 3.49, p < .01). The 
difference of the correlations was not significant between 
GloVe and TASA (z = 0.96, p = .17). For the UUT-Tin Cans, 
GLoVe had a significantly higher correlation with Snapshot 
originality than EN 100k (z = 2.02, p = .02), whereas com-
parisons involving TASA were not significant (zs = 0.72 and 
−1.07, ps = .23 and .14). With TTCT-manual-based scores, 
GloVe and TASA had significantly higher correlations (zs = 

Table 1. Descriptive Statistics of Originality Scores for the UUT and JST.

Originality scores

UUT JST

Cardboard boxes  
(n = 102)

Tin cans  
(n = 120)

Cloud strings  
(n = 102)

See feet  
(n = 121)

M SD M SD M SD M SD

1. Snapshot 4.49 1.54 4.40 1.59 4.86 1.42 4.28 1.42
2. Manual-Based 10.20 5.90 8.66 5.77 8.19 5.83 8.42 5.00
3. GLoVe Average 0.68 0.06 0.70 0.07 0.68 0.06 0.75 0.06
4. TASA Average 0.87 0.07 0.89 0.09 0.87 0.07 0.94 0.06
5. EN 100k Average 0.54 0.05 0.55 0.07 0.54 0.05 0.64 0.06
6. GLoVe Total 7.05 4.24 7.19 4.60 7.05 4.24 7.26 4.09
7. TASA Total 9.04 5.47 9.20 5.83 9.04 5.47 9.15 5.09
8. EN 100k Total 5.63 3.44 5.67 3.56 5.63 3.44 6.25 3.56

Note. UUT = Unusual Uses Test; JST = Just Suppose Test; GLoVe = Global Vectors for Word Representation; TASA = Touchstone Applied Science 
Association.

Table 2. Correlations Among Various Originality Scoring Methods of Unusual Uses Activity of TTCT-Verbal—Form A (Lower 
Diagonal) and Form B (Upper Diagonal).

Originality scoring methods 1 2 3 4 5 6 7 8

1. Snapshot .679** .324** .334** .110 .702** .699** .690**
2. Manual-Based .623** .216* .198* .079 .955** .953** .946**
3. GLoVe Average .333** .200* .888** .856** .332** .311** .348**
4. TASA Average .235* .116 .760** .739** .327** .330** .336**
5. EN 100k Average .155 .029 .868** .718** .175 .153 .225*
6. GLoVe Total .622** .956** .347** .260** .193 .998** .996**
7. TASA Total .613** .951** .304** .293** .165 .993** .992**
8. EN 100k Total .613** .940** .359** .282** .248* .995** .989**  

Note. N = 102 Form A (Lower Diagonal). N = 120 Form B (Upper Diagonal). TTCT = Torrance Tests of Creative Thinking; GLoVe = Global Vectors 
for Word Representation; TASA = Touchstone Applied Science Association.
*p < .05. **p < .01.
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3.55 and 1.95, ps < .01 and = .026, respectively) than EN 
100k. The difference of the correlations between TASA and 
GloVe originality scores was not significant (z = 1.147, p = 
.126).

Analyses With Average Originality Scores. For UUT-Cardboard 
boxes, Snapshot originality was significantly related to 
GLoVe-based and TASA-based average originality scores 
(rs = .33 and .24, ps < .05 and .01, respectively) but not 
with EN 100k-based scores (r = .16, p = .12). With TTCT-
manual-based originality scores, only the GLoVe-based orig-
inality was significantly related (r = .20, p = .044). For 
UUT-Tin Cans, Snapshot originality was again significantly 
related to both GLoVe-based and TASA-based originality (rs 
= .33 and .33, ps < .01), but not with EN 100k (rs = .11, p 
= .23). TTCT-Manual-based originality was also signifi-
cantly related to both GLoVe-based and TASA-based origi-
nality (rs = .22 and .20, ps = .018 and .03), but not with EN 
100k (rs = .08, p = .39).

The JST

Table 3 presents the correlations among the originality scores 
for both JST tasks.

Analyses With Total Originality Scores. Analyses with JST-
Cloud Strings showed that Snapshot originality was signifi-
cantly related to GLoVe, TASA, and EN 100k-based 
originality scores (rs > .50, ps < .01). The correlations of 
those three automated originality scores were significantly 
related to TTCT-manual-based scores (rs > .92, ps < .01). 
With JST-See Feet, the correlations of the automated scores 
were again significantly related to both Snapshot (rs > .52, 
ps < .01) and TTCT-manual-based scores (rs > .95, ps < 
.01).

We then compared the correlations from the JST-Cloud 
Strings across three automated originality scores. The corre-
lations of the automated scores with Snapshot originality did 

not vary significantly across GLoVe, TASA, and EN 100k (zs 
> 0.18, p > .228). For the TTCT-manual-based scores, the 
correlations of both GLoVe and TASA were significantly 
higher than EN 100k (zs = 2.45 and 2.13, ps = .007 and 
.017) and the difference of the correlations between TASA 
and GLoVe was not significant (z = 0.87, p = .23). With 
JST-See Feet, both GLoVe and TASA had significantly 
higher correlations with Snapshot originality (zs = 2.84 and 
2.72, ps = .003 and .002) than EN 100k and the difference 
between GLoVe and TASA was not significant (zs = 0.637, 
p = .26). Both GLoVe and TASA had significantly higher 
correlations (zs = 2.50 and 1.93, ps = .005 and .027) with 
the TTCT-manual-based scores than EN 100k and the differ-
ence between GLoVe and TASA was not significant (z = 
0.62, ps = .27).

Analyses With Average Originality Scores. When using average 
originality scores across the four tasks (rather than total or 
summed originality scores), correlations were significant for 
the JST-See Feet between Snapshot originality and GLoVe-
based scores (r = .32, p < .01) and TTCT-manual-based 
scores and EN 100k (r = .22, p = .017). The correlations for 
JST-Cloud Strings were not significant with average 
scoring.

Predicting Total Test Originality Scores With 
Automated Scoring

Given the practical benefits of administering fewer items, we 
examined the amount of variance explained by the UUT and 
JST items in total originality scores across all six activities in 
TTCT-Verbal. We regressed aggregate originality scores 
across all six activities on total automated UUT and JST 
originality scores using the forced entry method, in which 
both predictors were added to the model together in a single 
step. UUT and JST originality scores from GLoVe-total 
explained 55.2% of the variance, F(2, 99) = 60.92, p < .001, 
in Form A and 67.4% of the variance, F(2, 117) = 120.84,  

Table 3. Correlations Among Various Originality Scoring Methods of Just Suppose Activity of TTCT-Verbal—Form A (Lower 
Diagonal) and Form B (Upper Diagonal).

Originality scoring methods 1 2 3 4 5 6 7 8

1. Snapshot .551** .319** .170 .119 .545** .531** .526**
2. Manual-Based .511** .146 .145 .217* .962** .961** .956**
3. GLoVe Average .045 .095 .767** .819** .318** .290** .320**
4. TASA Average .041 .109 .843** .724** .206* .218* .219*
5. EN 100k Average .067 .102 .904** .866** .293** .279** .337**
6. GLoVe Total .511** .933** .216* .236* .220* .998** .996**
7. TASA Total .510** .931** .197* .245* .213* .998** .995**
8. EN 100k Total .506** .926** .233* .264** .262** .997** .997**  

Note. N = 102 Form A (Lower Diagonal). N = 120 Form B (Upper Diagonal). TTCT = Torrance Tests of Creative Thinking; GLoVe = Global Vectors 
for Word Representation; TASA = Touchstone Applied Science Association.
*p < .05. **p < .01.
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p < .001, in Form B. When TASA-originality scores were 
used as the predictors, UUT and JST items explained 55.4% 
of the variance in Form A, F(2, 99) = 61.51, p < .001, and 
68% in Form B, F(2, 117) = 124.03, p < .001. With EN 
100k, explained variance is 28.7% for Form A, F(2, 99) = 
19.94, p < .001, and 56.2% in Form B, F(2, 117) = 75.08, p 
< .001.

Predicting Overall Verbal Creativity With 
Automated Scoring

Considering the high overlap among the three indices (i.e., 
fluency, originality, and flexibility) and lack of discriminant 
validity (Said-Metwaly et al., 2020), we examined whether 
the automated scores from UUT and JST could predict total 
verbal creativity, inclusive of originality, fluency, and flexi-
bility. Again, the forced entry method was used in the regres-
sion model in a single step. With GLoVe, we found that UUT 
and JST explained 67.1% of the variance, F(2, 99) = 101.08, 
p < .001, in Form A and 72.4% of the variance, F(2, 117) = 
153.32, p < .001, in Form B. When TASA-originality was 
used as a predictor, the model explained 67.7% of the vari-
ance, F(2, 99) = 103.75, p < .001, in Form A and 73.1% of 
the variance, F(2, 117) = 158.96, p < .001, in Form B. 
Originality scores based on EN 100k predicted 65% of the 
variance, F(2, 99) = 91.92, p < .001, in Form A and 72.4% 
in Form B, F(2, 117) = 153.16, p < .001.

When the above analyses were replicated with TTCT-
manual-based scores (replacing the automated scores as the 
predictors), the regression models had similar levels of pre-
dictive power in both Form A, R2 =.72, F(2, 99) = 124.71, p 
< .001, and Form B, R2 = .73, F(2, 119) = 164.18,  
p < .001.

Discussion

Gifted identification involves high-stakes decision-making. 
Therefore, the assessment tools used in the process must be 
psychometrically robust and cost-effective so that students 
can be recruited to gifted and talented programs with solid 
criteria without using a large proportion of financial 
resources. This becomes more challenging when universal 
screening and multiple-criteria approaches— a recom-
mended framework for gifted identification (Peters et al., 
2020)—are adopted. In the present study, we focused on cre-
ativity assessment and tested the suitability of items from 
two tasks from TTCT-Verbal for automated scoring of origi-
nality. Overall, our findings are solid and promising toward 
an objective assessment and screening of creative potential 
using UUT and JST items in TTCT-Verbal.

Our first and second research questions inquired if the 
automated scoring of UUT and JST items across Forms A 
and B correlate with TTCT-manual-based scores and 
Snapshot originality. We found that both UUT and JST items 

across Forms A and B correlated significantly with both 
TTCT-manual-based and Snapshot originality scores. The 
correlations of the automated text-mining scores with the 
total automated test-mining scores and Snapshot originality 
were “strong” (r > .50) according to Cohen’s (1988) guide-
lines. They were small to moderate when averaged text-min-
ing scores from GLoVe were considered (r = .05– .33). This 
is a promising finding in several ways. First, most research 
on automated scoring has focused on UUT-like tasks (e.g., 
Beaty et al., 2014; Dumas & Dunbar, 2014; Forster & 
Dunbar, 2009; Forthmann, Wilken, et al., 2019; Hass, 2017a). 
However, using UUT alone in gifted identification may only 
cover a limited scope of creative potential (Runco et al., 
2016). Only a few previous studies have experimented with 
LSA-based scoring of the Instances task (Hass, 2017b), 
which did not correlate with Snapshot originality of the 
responses. LaVoie et al. (2020) applied LSA-based scoring to 
the Consequences test using Reuters News corpora and 
found a high level of agreement with human raters. We 
extended this line of work to the JST items from TTCT-
Verbal and found that text-mining methods do apply to them, 
as well.

Suitability of JST for automated scoring is important 
because use of a single type of divergent thinking task is not 
ideal (Acar & Runco, 2019; Runco et al., 2016) and tasks 
such as Consequences/JST tend to elicit somewhat different 
cognitive operations than the UUT. The cognitive load is 
higher with the former than the latter (Forthmann et al., 
2017) and, probably because of this, latency (response time) 
is higher for the first response than the latter (Hass & Beaty, 
2018). Silvia (2011) argued that the Alternate/Unusual Uses 
tasks are likely to engage executive functions, whereas the 
Instances (which was not investigated in the present study) 
are more associational. It is likely that the JST/Consequences 
tasks are more demanding of cause-of-effect relationships 
because the respondents are compelled to apply analytical 
thinking to hypothetical and often nonrealistic situations. 
The inclusion of the JST in creativity assessment is particu-
larly important in gifted identification because hypothetical 
thinking is the defining feature of an intelligent mind in that 
it calls for “the ability to entertain an idea without accepting 
it” and involves imagination via the use of pretend scenarios 
(Amsel, 2011, p. 86). Children with high intellectual and cre-
ative potential are more likely to employ this skill as it allows 
thinking of alternatives to the existing reality.

From a psychometric and practical standpoint, previous 
research (Hass et al., 2018; Silvia, 2011; Silvia et al., 2008) 
reported lower interagreement reliability with Consequences 
than for the Alternate/Unusual Uses and this may again hap-
pen due to higher cognitive load (Forthmann et al., 2017). In 
the present study, JST displayed lower interagreement reli-
ability (.71 and .69) compared with the UUT (.76 and .78). 
The capability of automated scoring of JST, therefore, solves 
multiple problems such as reliability of the scores facing cre-
ativity assessment beyond gifted identification.
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When the correlations of the automated scores were com-
pared between the two criteria (i.e., TTCT-manual-based and 
Snapshot originality) across UUT and JST, originality scores 
from both UUT and JST items correlated very highly with 
TTCT-manual-based scores, but the correlations with 
Snapshot originality were higher for UUT than JST. This 
may be due to the differences in the number of words in the 
responses generated for the UUT and JST. The responses 
given for the UUT were shorter than those for the JST, and 
longer responses are harder for the text-mining models to 
process accurately (Dumas et al., 2020). Still, the correla-
tions achieved in this study (above .50) on both JST items 
suggest strong relationships.

In the present study, we reported the results from three 
automated text-mining-based scoring systems and compared 
aggregation method (total vs. average) against two criteria 
(TTCT-manual-based vs. Snapshot scoring). When the total 
originality scores are considered, all three scoring methods 
worked fairly well across the UUT and JST items. The differ-
ences among the correlations across different scoring sys-
tems favored GLoVe and TASA over EN 100k. The 
superiority of the GLoVE was clearest when average origi-
nality scores are considered. For the UUT items, the GLoVe-
based originality provided the strongest correlation with both 
criteria except for one case (i.e., Averaged TASA-rated origi-
nality for UUT-Tin Cans/Form B). It also stood out as the 
only automated scoring method that correlated significantly 
with the JST items’ averaged originality scores.

The superiority of the GLoVe system can be explicated by 
its training on a larger corpus (840 billion words) compared 
with TASA (37,651 words) and EN 100k (100,000 words). In 
addition, the nature of the texts scraped for building the cor-
pora varies. GLoVe includes global web-based documents, 
whereas TASA focuses on educational texts and EN100k 
consists of the most frequently used words in English based 
on U.K.-based online platforms. Thus, GLoVe is superior in 
size, scope, and diversity of domains included. The inclusion 
of the web-based documents is certainly a big advantage as 
they might better approximate everyday contemporary 
vocabulary. Although EN 100k is also web-based, it is lim-
ited to .uk domains. Another distinctive feature of the GLoVe 
is that it relies on localized associations among the words by 
focusing on a smaller space (e.g., the same page of a book or 
website) rather than the entire text, increasing the precision 
of the semantic similarity estimates. Finally, both TASA and 
EN 100k were the basis for LSA, whereas GLoVe is not (see 
Dumas et al., 2020, for their comparison). Future studies 
may explore possible improvements in the scoring systems 
by testing different text-mining models with different cor-
pora. For example, LaVoie et al. (2020) trained their LSA 
model on the Reuters News corpora (100,000 paragraphs) 
blended with 18,000 paragraphs of text selected from 
Wikipedia. They also found very high correlations (r = .94) 
with human raters of the Consequences test. Different from 
our study, LaVoie et al. did not examine the correlations with 

averaged originality scores, which may be a more effective 
method of controlling for the fluency confound (Forthmann 
et al., 2020). In this study, we found the GloVe-based origi-
nality scores converge with human ratings for both UUT 
items and one JST item, even when fluency is accounted for 
by dividing originality scores by fluency. Accounting for flu-
ency is also the likely reason for the lower observed correla-
tion between fluency scores and averaged originality, than 
between fluency and total originality scores (Hocevar, 1979). 
Likewise, the manual-based scores had a higher correlation 
with the automated scores than the Snapshot originality 
because both manual-based scores and total automated 
scores are influenced by fluency. Snapshot originality, how-
ever, is less influenced by fluency because raters focus on the 
entire response set rather than individual responses. Fluency 
is more influential on originality scores when individually 
scored responses are aggregated by summing (Reiter-Palmon 
et al., 2019). Given that higher correlations were obtained 
when total scores were used, using total—rather than aver-
aged—text-mining scores could be more appropriate when 
the purpose is to replace traditional scoring methods of the 
TTCT-Verbal. This use, however, will include some level of 
fluency confound on originality scores. This may be accept-
able up to a certain point where discriminant validity is 
retained because of the extended effort principle (Parnes, 
1961), which suggested that the path to original responses is 
through generating more responses. In other words, some 
level of correlation between fluency and originality is well 
founded in the extant creativity literature. When the correla-
tions are too high with fluency (i.e., low discriminant valid-
ity between originality and fluency), averaged originality 
scores should be used from GLoVe rather than other text-
mining methods because it has been shown to provide stron-
ger correlations with human judgments (Dumas et al., 2020). 

Another powerful finding in the present study is the 
amount of information provided by only two items (UUT 
and JST) from TTCT-Verbal when the open scoring is 
applied. Administering two items from TTCT-Verbal can 
predict 55% to 68% of total TTCT-manual-based originality 
scores across all six activities of the TTCT-Verbal. This evi-
dence demonstrates that the use of UUT and JST alone may 
suffice as a short form when GloVe- or TASA-based auto-
mated scores are used. Note here that the TTCT-Verbal takes 
40 min to administer and another 30 min to 1 hr to be scored 
by a human rater, who also needs to attend a full-day training 
and devote additional hours of practice to prove scoring con-
sistency. Naturally, this effort needs to be compensated and 
adds financial burden on the respondents or the school dis-
trict. Automated scoring increases the usability of the TTCT-
Verbal because it saves time, saves money, and reduces 
subjectivity in scoring (Smith et al., 2012). Thus, the evi-
dence we present here shows the promise of the use of those 
two items of TTCT-Verbal at least as a screening tool. 
However, further psychometric investigation of scale reli-
ability of the full and two-item versions of TTCT-Verbal is 
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necessary before using the two-item version in place of the 
full scale. If high reliability is obtained for the short form, 
using the two-item form will save time or reduce the number 
of testing sessions. These are all beneficial for practical pur-
poses in the context of a multiple-criteria approach to gifted 
identification.

Our findings also question the need for scoring TTCT-
Verbal for all three indices (fluency, flexibility, and original-
ity) when it is possible that a single index (total originality 
score) seems to strongly predict the aggregate creativity 
index combining all three scores. Again, our originality 
scores predicted around 70% of the variance in the TTCT-
manual-based creativity scores almost instantly when the 
responses were given in digital format. The problem of flu-
ency confound, which revealed itself through very high cor-
relations (r = .85) among the indices (Forthmann et al., 
2020) as well as activity-specific factor loadings (Krumm 
et al., 2016; Said-Metwaly et al., 2021), indicates the redun-
dancy of the daunting manual scoring process that attempts 
to capture all three indices. Although scoring all the tasks for 
all three indices makes theoretical sense and better mirrors 
the theoretical complexity of creativity as a construct, the 
current widely utilized method of scoring seems to fall short 
of reflecting that complexity. Given this high correlation 
among the indices, the use of automated scoring of original-
ity seems to be a sufficient (and even more optimal) scoring 
approach than scoring for all three indices.

Limitations and Future Directions

First, in the present study, we focused on only two tasks in 
TTCT-Verbal, the UUT and JST, the likes of which have 
been tested in previous research (Dumas & Dunbar, 2014; 
LaVoie et al., 2020). The applicability of other items and 
item-types should be explored in future research. This is, 
however, a more challenging task because except for one 
(i.e., “Unusual Questions”), they involve the use of an image 
as the stimuli rather than a word or situation described in 
words. Second, the automated scoring worked for just one of 
the JST items when averaged originality scores were used 
although it worked fine with both items for the total scores. 
This is a problem only when fluency is also scored, which 
appears to be unnecessary given the high correlation between 
the two indices. Alternative methods of automated scoring 
that apply to both items should be explored in future research. 
Based on current evidence, we recommend using TTCT-
Verbal Form B if automated scoring procedures will be used.

Third, gifted identification is typically conducted at ele-
mentary school ages, whereas our sample was college stu-
dents. Although age-related differences typically have been 
observed in the figural divergent thinking tasks but not in the 
verbal ones (Said-Metwaly et al., 2021), a direct application 
of the existing text-mining systems to children’s data may 
provide suboptimal efficiency in capturing children’s cre-
ativity. TTCT’s scoring procedures are the same for all ages, 

but the text-mining model results may be influenced by the 
corpus or text-mining model employed. Indeed, an approach 
that is more robust to age would be to use automated scoring 
of children’s data using a corpus fine-tuned on children’s or 
child-directed language. One such effort is currently under-
way (Organisciak et al., 2021). Future studies need to exam-
ine the applicability of the presented automated scoring 
methods with children’s data, which may need to be assessed 
based on a corpus developed for children. With that said, our 
preliminary analyses with children’s responses to a different 
type of divergent thinking tasks show that the difference 
between children’s and adults’ corpora is negligible (at least 
for Grades 3–5). Therefore, the methods (i.e., the text-min-
ing model and corpora) used in the present study are likely to 
be useful for children’s data, as well. Fourth, performance on 
TTCT-Verbal may be influenced by verbal skills of the stu-
dents and this may penalize students with lower vocabulary 
or literacy skills unless the obtained automated scores are 
pooled by sociodemographic characteristics (Lee et al., 
2020). Alternatively, it would be safe to use instruments such 
as verbal measures of cognitive ability (e.g., the verbal bat-
tery of the Cognitive Abilities Test) to control for this con-
founding effect of verbal skills before making high-stakes 
decisions. Fifth, when data collection is conducted via com-
puter where children type in their responses instead of the 
traditional paper–pencil method, automated scoring requires 
extra attention for correcting typos. Last, the text-mining 
models used in the Open Scoring Platform are applicable in 
English and future studies should explore extending it to 
other languages.

Conclusion

There is a large consensus on the importance of creativity in 
gifted education and the construct of giftedness, yet its mea-
surement and identification in gifted identification faces 
some logistical challenges such as the cost of popular assess-
ment tools and time of administering and scoring. In the 
present study, we indicated that such concerns can be over-
come by adopting recent developments in creativity assess-
ment: specifically, scoring responses for originality using 
text-mining models that generate reliable metrics of seman-
tic distance in two of the activities in TTCT-Verbal. We found 
that text-mining methods can be extended beyond UUT and 
can be applied to JST, too. Moreover, the use of these auto-
mated scoring methods in only two activities can be indica-
tive of performance on total scores. This is a promising sign 
that creativity assessment could be conducted in a cost-effec-
tive and faster way and increase the adoption of creativity 
assessment in gifted identification in the near future.
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