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Abstract 

This study investigates how individual differences related to creative and verbal fluencies can be differentiated and 

modelled through the linguistic features that manifest in student writing. Using computational linguistics, we analyzed 

samples of intrapersonal writing to extract linguistic features that align to specific dimensions of language. Creative 

fluency scores were calculated based on the number of unique ideas generated during the Alternate Uses Task 

(AUT); verbal fluency scores were calculated based on the number of unique semantic categories produced during 

the animal naming task. We then developed machine learning models to predict creative and verbal fluency scores 

based on the linguistic features of participant essays. Results indicate that creative fluency is more strongly predicted 

by linguistic features (particularly descriptive and cohesion indices) than verbal fluency. Key predictors of creative 

fluency include features that capture lexical diversity and the global connectedness of ideas. Importantly, our results 

align with theoretical frameworks related to convergent and divergent thinking. Findings highlight the potential for 

leveraging learning analytics to offer new insights into complex cognitive processes such as creativity. Implications 

for stealth assessments and personalized feedback within automated writing systems are discussed as paths for 

future research. 

 

Notes for Practice 

• Creativity is a vital 21st-century skill for students to learn in preparation to successfully entering the 
workforce. 

• Cognitive researchers have traditionally conflated creativity and verbal fluency. This study aims to 
differentiate these constructs in the context of writing. 

• Writing serves as a popular expression of creativity but relatively little is known about how creativity 
manifests itself within the final written product, nor with intrapersonal communicative writing. 

• The current study explores how individual differences in two distinct types of fluency (creative 
fluency, verbal fluency) manifest differently within the linguistic dimensions of writing using machine 
learning and computational linguistics, utilizing natural language processing (NLP) indices measured 
from the Writing Assessment Tool (WAT). 

• Key findings: Our study reveals that the linguistic properties of writing can be modelled more 
accurately by one’s creativity than verbal fluency — indicating distinct differences in how these skills 
manifest within written intrapersonal text. 

• Practical applications: Our results have meaningful implications for the integration of individualized 
feedback in automated writing evaluation (AWE) and intelligent tutoring systems (ITS), where student 
writing could serve as a form of stealth assessment to infer individual differences in creative and 
verbal fluency skills. 
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1. Introduction 

Creativity, referred to by some as the ability to create original and appropriate ideas (Runco & Jaeger, 2012), is now widely 

recognized as an important 21st-century skill for developing critical skills such as metacognition, open-mindedness, 

collaborative problem-solving, and mental flexibility (Grey & Morris, 2024; OECD, 2024). Thus, the modern education system 

that serves to instill these 21st-century skills in future generations of students must promote creativity so that students can 

learn how to quickly adapt within a constantly changing world (OECD, 2024). However, research examining student creativity 

currently lacks external validity and can require tedious coding of creativity assessments. The minimal work addressing how 

students can strengthen their creative abilities is partially due to the many challenges in conceptualizing the multidimensional 

nature of creativity and measuring it in a valid and reliable manner (Davis, 2004; Rogaten & Moneta, 2016; Runco & Pritzker, 

2011). It is thus crucial that more research examining student creativity and its influence on natural learning processes and 

products is essential to understanding the best practices when promoting and assessing creativity within education. 

One common conceptualization of creativity is its classification between Big-C and little-c theoretical perspectives. Big-C 

creativity conceptualizes creativity as a talent or attribute of a few, special, extraordinary individuals (Davis, 2004; Rogaten & 

Moneta, 2016; Runco, 1995; Treffinger, 1986). This view of creativity is extremely limited though in terms of education, as 

most students aren’t considered gifted in any specific domain, let alone old enough to be recognized as a major contributor to 

their field. As opposed to the natural creative abilities innate to a few individuals in Big-C creativity, little-c creativity postulates 

that everyone has creative potential that they can further develop with the right intervention. This view of creativity emphasizes 

the importance of everyday creativity to solve minor problems encountered in daily life through the use of general problem-

solving skills (Richards et al., 1988; Rogaten & Moneta, 2016; Runco, 1995). Thus, promoting creativity within general 

education reflects its alignment with the little-c creativity perspective (Rogaten & Moneta, 2016). 

One interesting application of one’s creativity is through writing tasks that offer students the unique opportunity to apply 

their creative abilities. Writing tasks are already well-established within the context of education and can be used as a more 

naturalistic assessment of student little-c creativity (Rogaten & Moneta, 2016). Writing tasks typically involve transforming 

one’s thoughts and ideas into coherent sentences and the final written product produced can be conceived of as little-c creativity 

in response to a particular problem identified in the prompt or task instructions (Carey & Flower, 1989). Additionally, writing 

is an important skill crucial to learning, academic achievement, reflection, and communication that is greatly impacted by one’s 

individual differences (Sarikaya, 2024). For example, writing skills related to brainstorming, organization, and style are thought 

to be influenced by one’s creativity. Specifically, creativity is thought to influence the writing process in terms of fluency 

(communicating more coherent ideas; Fredericks, 2005), flexibility (establishing connections between ideas; Pei et al., 2017), 

originality (generating novel content; Wati, 2019), and elaboration (building on ideas; Fredericks, 2005; Sarikaya, 2024). Thus, 

creativity is key in generating content, drawing connections from prior knowledge, increasing novelty, and creating a sense of 

flow or cohesiveness. 

Despite the established link between creativity and writing, there is limited research on the effects of creativity on writing 

(i.e., looking at how creativity manifests in the linguistic dimensions of one’s written product). Creativity is a complex, 

multifaceted construct that deserves a more multidimensional approach to fully capture its specific nuances. Another major 

gap in the current literature is that the effects between creative fluency and the more general construct of verbal fluency 

(i.e., focusing solely on quantifying the number of ideas one can generate) have yet to be distinguished. Whereas creative 

fluency involves the generation of unique ideas that are coherently combined, verbal fluency involves the production of any 

ideas, whether unique or not (Fredericks, 2005; Sarikaya, 2024). 

To address these gaps in the field, the current study explores how creative and verbal fluencies (as assessed using traditional 

cognitive psychology tasks) differentially relate to real-world expressions of creativity, through writing. Specifically, we 

modelled scores of individual creative fluency and verbal fluency using multiple linguistic dimensions used in prior work to 

assess writing characteristics (i.e., descriptive, cohesion, lexical, lexical diversity, sentiment, and syntax). Linguistic properties 

from two intrapersonal forms of writing (i.e., spontaneous thought stream task, diary-entry task) were calculated using 

computational linguistics. Machine learning techniques were further leveraged to explore the complex, multidimensional 

relationship between language and fluency scores. 

We first review the literature related to domain-general assessments of creativity, typically consisting of traditional 

cognitive psychology tasks that measure either convergent or divergent thinking skills, and verbal fluency. We then discuss 

research exploring writing as a creative product that can be assessed to predict differences in cognitive processes (i.e., creative 

or verbal fluency). Background information related to our computational approach using learning analytics is additionally 

discussed before laying out our specific research questions. 
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2. Background 

2.1. Measuring Individual Differences Using Traditional Cognitive Approaches 

2.1.1. Measuring Creativity 

The process approach to creativity involves the combination of both convergent and divergent thinking skills (Gerver et al., 

2023). While convergent thinking involves problem-solving with only one correct solution (Runco et al., 2010), divergent 

thinking involves solving complex, open-ended problems that have potentially infinite possible solutions (Gerver et al., 2023; 

Guilford, 1950). In other words, convergent thinking is a focused, narrow search process for one specific answer to a particular 

problem and divergent thinking is a broad, flexible search that encourages multiple solutions to a problem (Said-Metwaly 

et al., 2017). Researchers typically prioritize one of these thinking skills over the other when measuring creative ability. Based 

on the different definitions or conceptualizations of creativity (i.e., convergent, divergent) adopted, different cognitive tasks 

can be implemented (Said-Metwaly et al., 2017). Thus, the creativity task that researchers choose is heavily dependent on the 

definition of creativity they select (Batey, 2012; Said-Metwaly et al., 2017). 

The most common task used to measure convergent creativity is the Remote Associates Test (RAT). During this task 

participants must think of a fourth word that conceptually links three seemingly unrelated words. For example, given the words 

cake, cottage, and Swiss, subjects need to converge on the single concept that unites them — cheese (Gerver et al., 2023; 

Mednick, 1962). Convergent thinking tasks, such as the RAT, can be solved using strategic analysis or spontaneous insight. 

Strategic analysis employs deliberate search strategies to find possible solutions within a given problem space (Ericsson & 

Simon, 1998; Gerver et al., 2023; Kounios et al., 1987; Newell & Simon, 1972). However, insight is also commonly reported 

during the RAT, in which a novel solution suddenly emerges into one’s consciousness, resulting in what is known as an “aha” 

moment in the spontaneous thought literature (Gerver et al., 2023; Metcalfe & Wiebe, 1987; Ovington et al., 2018; Smith & 

Kounios, 1996). Typically, creative fluency is conceptualized under this task as the number of total correct solutions given. 

Divergent thinking is typically assessed using the Alternate Uses Task (AUT). This task requires participants to come up 

with as many unique or creative uses as possible for a common household object (Gerver et al., 2023; Guilford, 1950; Guilford 

et al., 1960; Said-Metwaly et al., 2017; Torrance, 1972). This task has been used to assess divergent thinking and general 

creative ability for decades and continues to be utilized in current creativity research designs (Dumas et al., 2021; Dumas & 

Strickland, 2018; Guilford, 1967; Hudson, 2019; Puryear et al., 2017; Torrance, 1972). For example, given the object mug, 

participants name alternate or creative uses for it such as using it as a plant pot, cutting circles into pastry dough, or storing 

pencils. One way to assess divergent thinking tasks, such as the AUT, is to count the number of responses produced, known as 

creative fluency (Gerver et al., 2023; Runco et al., 2011). Thus, in the example given two sentences above, the fluency score 

would be three. This tally of creative uses is the primary way of operationalizing creative fluency in existing literature (Dumas 

et al., 2021; Plucker & Makel, 2010). Importantly, this task continues to be used because of its predictive validity and 

correlations to real-world creative achievement (Beaty et al., 2018; Gerver et al., 2023; Jauk et al., 2014). However, the 

psychometric underpinnings of participant AUT fluency scores is relatively underdeveloped compared to other psychometric 

tasks, such as personality assessments (Dumas et al., 2021; Marek & Ben-Porath, 2017), and is typically confounded with 

individual differences in verbal fluency (Gerver et al., 2023). 

Recent advances in large language models (LLMs) have significantly enhanced the automated scoring of divergent thinking 

tasks. For example, Organisciak et al. (2023) developed a fine-tuned deep neural network-based LLM trained on thousands of 

human-judged AUT responses. This approach yielded strong correlations with human ratings and outperformed earlier 

automated methods that relied solely on the semantic similarity between test items and responses. Other advanced supervised 

techniques have also demonstrated promise, including machine learning models based on engineered linguistic features 

(Buczak et al., 2023) and hybrid approaches that combine clustering of semantic embeddings with human-rated scores 

(Organisciak et al., 2023; Stevenson et al., 2020). Overall, these developments represent a substantial improvement over 

traditional semantic modelling techniques, such as latent semantic analysis (LSA) and Latent Dirichlet Allocation (LDA) and 

offer more accurate and flexible approaches for predicting creativity from written responses. 

2.1.2. Measuring Verbal Fluency 

In contrast to creative fluency, in which the creative quality of responses is assessed, verbal fluency is another broader type of 

fluency that looks solely at the number of responses produced for a single cue, i.e., naming items that belong to a certain 

category. One common task used to measure verbal fluency is the animal naming task. In this task, participants are asked to 

list as many words within the semantic category animals as possible (Gerver et al., 2023; Shao et al., 2014). Interestingly, the 

effects of verbal fluency can occur either as a lower-level automatic process such as semantic resonance or higher-level 

strategic process, i.e., thinking of a word’s synonym to use instead (Craik et al., 1996). Thus, verbal fluency is influenced by 

both controlled and associative cognitive processes, similar to the role of creativity (Dygert & Jarosz, 2020). 

Importantly, while creative fluency relies on the number of unique responses for a cue, such as listing unique uses for an 

ordinary item, verbal fluency scores do not measure the uniqueness of responses. In other words, whereas creative fluency 
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tasks emphasize unique responses that are more outside-the-box, verbal fluency tasks count the number of responses that fit 

in-the-box (the “box” refers here to some broad semantic category, such as animals; Gerver et al., 2023; Shao et al., 2014). 

Thus, while there are clear parallels between the ways that cognitive researchers measure creative and verbal fluency such as 

the reliance on one’s semantic memory, both tasks are used to measure very different cognitive processes (i.e., automatic 

semantic associations measured in verbal fluency tasks vs. more strategic novel associations elicited in creativity tasks; 

Collins & Loftus, 1975; Gerver et al., 2023). 

Although researchers can reliably measure creative and verbal fluency using these traditional cognitive tasks, relatively 

little is known about how these scores manifest within real-world creative contexts (Gerver et al., 2023). One context that lends 

itself particularly well to the study of creativity, and can be studied using computational learning analytics, is writing (Carey & 

Flower, 1989). Examining writing is a naturalistic method of assessing student creativity in the classroom and acts as both a 

practical skill necessary for education and a final creative product. There is also relatively limited research on differentiating 

the effects between creativity and verbal fluency, a distinction that may be crucial to the identification of students with creative 

potential and thus the amount of and/or types of interventions offered to them. Therefore, the current study leverages a 

computational approach to explore how individual differences in creative and verbal fluency manifest differently within various 

linguistic dimensions of writing, specifically intrapersonal writing. Using advanced computational linguistics on student 

writing allows us to uncover nuances between the linguistic signatures of creativity and verbal fluency within writing. Thus, 

our methodological approach offers a novel way to examine the relationships between creativity, verbal fluency, and writing 

characteristics. 

2.2.  Leveraging Learning Analytics to Capture the Multidimensionality of Writing 

2.2.1. Measuring Creative Expression Through Intrapersonal Writing 

The writing process is multidimensional — involving many interwoven cognitive processes such as idea generation, lexical 

retrieval, and working memory (McCutchen et al., 1994; Öncel et al., 2021). Other important variables that affect writing 

success include individual differences such as vocabulary knowledge, self-regulation skills, and one’s motivation (Sarikaya, 

2024). Among such influential factors is creativity and its relation to idea generation, organization, and writing style (Sarikaya, 

2024). Writers use these processes as they move dynamically between phases of content generation and rhetorical development 

(Bereiter & Scardamalia, 1987). 

The informal nature and lack of constraints involved within intrapersonal writing, in particular, makes it a popular outlet 

for creative expression (Bower et al., 2023; Carey & Flower, 1989). This stylistic form of writing involves self-directed 

communication, in which the sender and receiver of information are contained to a single individual (C. Bainbridge, personal 

communication; Ruesch & Bateson, 2008). This type of writing is also considered to be very expressive, eliciting states of 

reflection, and aligning with how experts in education are currently assessing student creativity through products of written 

creative expression (OECD, 2024). Writing tasks, in general, also serve as “ill-defined problems” that require students to 

develop creative “solutions” they must then communicate through writing (Carey & Flower, 1989; Simon, 1985). 

Writing entries produced in the current study serve as the physical manifestation of participants’ individual skills related to 

creative and verbal fluency. Two distinct types of intrapersonal writing tasks were elicited — one in which students simply 

relay the spontaneous thoughts that flow through their consciousness, and the other that stimulates reflection through diary 

writing. Collecting these types of writing samples provides rich insight into how participants generate, connect, and organize 

the ideas they express across multiple dimensions of language. 

2.2.2. The Multiple Dimensions of Language 

Viewing writing as an ill-defined problem-solving task, writers must construct and elaborate on their mental representation of 

the task, integrate their relevant topic and rhetorical prior knowledge, and activate creative problem-solving skills to translate 

their thoughts and ideas into words on a page (Carey & Flower, 1989). Thus, creativity appears to be an important asset that 

enhances the ease with which students can generate new ideas and act on those ideas flexibly (McCutchen et al., 1994). 

However, work examining the effects of creativity on the final written product are extremely limited, and have traditionally 

only compared assessments of creativity with overall writing quality (McCutchen et al., 1994) or the linguistic features present 

within the specific task of creative writing (Zedelius et al., 2019). Additionally, skilled writers tend to be more verbally fluent 

and faster at lexical retrieval during the translation process, aiding in online sentence generation (McCutchen et al., 1994). 

Thus, the current study examines how creativity and verbal fluency manifest and distinguish themselves in writing by 

examining the linguistic features of the written product. 

Recent advances in natural language processing (NLP) allow for more complex, multidimensional analyses of writing, the 

creative product produced in the current study. These techniques automatically calculate information about the linguistic and 

stylistic properties of the text that can be used to glean insights into the individual differences of the writer (Crossley, Allen, 

Snow & McNamara, 2016; Fang et al., 2023). Thus, in the current study, writing tasks are used to elicit products of creative 

expression from students. Computational linguistics can then be leveraged to compare different linguistic dimensions to scores 

https://www.zotero.org/google-docs/?3asD4r
https://www.zotero.org/google-docs/?4j5qDY
https://www.zotero.org/google-docs/?Xq6eOj
https://www.zotero.org/google-docs/?lDCADX
https://www.zotero.org/google-docs/?lDCADX
https://www.zotero.org/google-docs/?M3IwUG
https://www.zotero.org/google-docs/?IKHHxa
https://www.zotero.org/google-docs/?IKHHxa
https://www.zotero.org/google-docs/?qkzqbJ
https://www.zotero.org/google-docs/?qkzqbJ
https://www.zotero.org/google-docs/?dGjL2e
https://www.zotero.org/google-docs/?144uR9
https://www.zotero.org/google-docs/?3SdpcJ
https://www.zotero.org/google-docs/?3SdpcJ
https://www.zotero.org/google-docs/?iwc823
https://www.zotero.org/google-docs/?osmcsZ
https://www.zotero.org/google-docs/?h63pd0
https://www.zotero.org/google-docs/?VDLjyF
https://www.zotero.org/google-docs/?GO98Ud
https://www.zotero.org/google-docs/?unAOSl
https://www.zotero.org/google-docs/?XN3fbu
https://www.zotero.org/google-docs/?ycuNcR
https://www.zotero.org/google-docs/?ycuNcR


 

 

ISSN 1929-7750 (online). The Journal of Learning Analytics works under a Creative Commons License (CC BY 4.0) 71 

on traditional measures of creativity and verbal fluency. Importantly, capturing the multidimensionality of language using NLP 

is the first necessary step in differentiating the effects of complex individual differences, such as creative and verbal fluency, 

from subtle linguistic markers embedded in one’s language use. Using automated linguistic analysis of student writing has 

proven to be an effective way to capture these subtle linguistic differences (Allen & McNamara, 2015; Crossley, Allen Snow & 

McNamara, 2016; Fang et al., 2023; Öncel et al., 2021). For example, Allen and McNamara (2015) found that the lexical 

properties of students’ independent essays accounted for 44% of the variance in vocabulary knowledge. Findings such as this 

suggest that one’s language serves as a proxy for individual differences (Crossley et al., 2014; Crossley, Allen Snow & 

McNamara, 2016). 

The current study utilizes the Writing Assessment Tool (WAT) to capture multiple dimensions of writing (i.e., descriptive, 

lexical, lexical diversity, cohesion, syntactic, sentiment) that may vary in relation to students’ verbal and/or creative fluency 

scores. The development of WAT has allowed researchers to calculate hundreds of linguistic indices automatically for batches 

of writing samples, such as corpora of text documents. WAT uses NLP to analyze each text across a series of linguistic 

dimensions (Crossley, Allen, Snow, & McNamara, 2016). Importantly, this tool was created using a computational linguistics 

approach in which the indices measured are each theoretically tied to the constructs that characterize each linguistic dimension 

(McNamara et al., 2019; Öncel et al., 2021). Thus, this tool has been utilized successfully in the past to examine relationships 

between writing quality and text features (Crossley, Allen, Snow, & McNamara, 2016; Crossley et al., 2013; McNamara et al., 

2019). 

2.3. The Current Study 

The current study uses computational linguistics and machine-learning models to identify linguistic signatures in writing that 

predict individual differences in creative and verbal fluency. Specifically, participants took part in a within-subjects writing 

task that asked them to write out their stream of consciousness and a more structured diary entry. Two traditional cognitive 

tasks, the AUT and the animal naming task, were used to measure creative and verbal fluency, respectively. We calculated 

linguistic features along six dimensions of language including descriptive indices, lexical indices related to psycholinguistic 

word information, syntactic indices related to text complexity, sentiment indices related to valence, and cohesion indices that 

represented local and global cohesion. We specifically addressed two primary research questions: 

1. Overall, how well can all our linguistic features (across all linguistic dimensions) predict individual differences in 

creative and verbal fluency? 

2. How well can linguistic features per dimension (each of six linguistic dimensions) predict individual differences in 

creative and verbal fluency? 

3. Methods 

3.1. Participants 

This study was approved by a United States Institutional Review Board (IRB) at a large northeastern U.S. institution 

(IRB #S2021-4). The National Center for Education Statistics lists the undergraduates at this university as primarily full-time 

students under the age of 24 who identify as white. All participants provided written consent prior to beginning the procedure. 

Seventy-five undergraduate students were recruited through the university’s subject pool for course credit in an introductory 

psychology course. Five participants were removed for not following the written instructions (N=70). The average age of 

participants in our sample was 19.59 years old (SD=1.88). Over half of our participants reported being first-year students 

(54.29%), a little less than a third reported being second-year students (27.14%), with a handful of third-year students (7.14%) 

and fourth-year students (11.43%). Additionally, over 95% of our sample self-identified as Caucasian/white (95.71%), about 

3% identified as Hispanic/Latinx (2.86%), and about 4% identified as Asian/Pacific Islander (4.29%). 

3.2. Measures 

3.2.1. Creative Fluency 

The current study collected data from the AUT to assess creative fluency. This common cognitive task acts as a popular 

assessment of divergent thinking. Subjects were given one minute to type as many unique or creative alternative uses for a 

paperclip as possible (Harrington, 1975). The number of responses was used to capture creative fluency, an easier dimension 

to assess creativity (i.e., as opposed to subjective ratings of originality or flexibility that would require more complex 

assessments such as hand-coding responses or increasing the computational load necessary). 

Subjects were instructed to separate each of their responses with a comma to clearly demarcate idea units. For the AUT, 

responses were qualitatively reviewed to determine appropriateness for inclusion. Responses were excluded if they a) did not 

list any specific uses (e.g., “metal clip,” “found in home office,” continuing writing task instead), b) repeated standard, non-

creative uses more than once (e.g., “holding paper,” “clipping paper”), c) paraphrased a previous response without introducing 

meaningful variation (e.g., “lockpick,” “picking a lock”), or d) included meta-comments (e.g., “idk,” “how many creative 
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options are there?”). Responses were scored with relatively liberal inclusion criteria — they did not need to be mutually 

exclusive (e.g., “pin,” “clothes pin,” “hair pin”) or necessarily practical (e.g., “windchimes,” “dull tattoo needle”). 

Nevertheless, most retained responses exhibited features typically associated with creativity (e.g., “to test whether a pastry is 

done baking,” “bra strap connector”). 

3.2.2. Verbal Fluency 

Verbal fluency was measured using the animal naming task. This task assesses one’s semantic fluency, the ability to verbally 

produce items within the same semantic category (e.g., types of animals). Instructions asked participants to type as many 

animals as they could within one minute (Tombaugh et al., 1999). 

For the animal naming task, subjects were again asked to separate responses with commas. The first author reviewed the 

responses to remove any non-animal entries. In cases of uncertainty (such as rare or scientific species names) responses were 

verified through an online search to confirm their validity as animal names. All levels of animal specificity were accepted as 

valid (e.g., dog, golden retriever, puppy). 

3.2.3. Interrater Reliability 

Interrater reliability was evaluated using two-way random-effects models with absolute agreement with the “irr” R package 

(Gamer et al., 2019). Two raters, independently, scored both fluency measures for each of the 70 participants using only the 

instructions discussed above. For creative fluency, the intraclass correlation coefficient was ICC(A,1) = 0.989, 95% CI [0.983, 

0.993], F(69, 70) = 188, p < 0.001, indicating high agreement. For verbal fluency, reliability was also high: ICC(A,1) = 0.994, 

95% CI [0.991, 0.996], F(69, 70) = 188, p < 0.001. 

3.3. Experimental Procedure 

Subjects completed two writing tasks on PsychoPy, an experiment-building service (Peirce et al., 2019) that involved 

intrapersonal communication: sharing their spontaneous thoughts and completing a diary entry. Instructions for the 

spontaneous thought stream task were adopted from Sripada and Taxali (2020) and stated: “For the thought stream task, you 

will have 10 minutes to generate a stream of your thoughts. This stream of thoughts can encompass any thought that passes 

into your conscious awareness, including ideas, images, and memories that come to mind. For example, imagine you are on a 

bus wide awake riding alone late at night. There is little to see and nothing to do. What thoughts would come to mind?” 

Similarly, a computerized version of a diary entry task was used for participants to engage in reflective writing (Munezero 

et al., 2013): “You will first have 10 minutes to write a diary entry encompassing your current thoughts and ideas. Reflective 

writing (as in diary writing) encourages you to let go and explore your thoughts and emotions, including your evaluation and 

perceptions of your thoughts and feelings. For instance, if you were to sit down at night and write in your own diary, what 

might you say?” 

Participants had ten minutes to respond to each writing task, the order of which was counterbalanced between-subjects. 

Following the writing tasks, participants completed a series of individual difference measures. Subjects completed the AUT 

and animal naming task, respectively, before being manually redirected from PsychoPy to Qualtrics. Finally, in Qualtrics, 

participants completed a series of demographic questions asking subjects about their race, class standing, majors/minors, 

and age. 

3.4. Computational Procedure 

The linguistic dimensions of student writing responses were calculated using WAT. Of the thousands of NLP indices 

automatically produced using this tool, we hand selected five to eight specific indices to represent each major linguistic 

dimension of interest (i.e., descriptive, cohesion, lexical, lexical diversity, sentiment, syntax). Table 1 shows the descriptions 

of all linguistic indices (labelled, for reproducibility, with the exact index name used by WAT) that comprise each dimension 

in the present study. Descriptive indices relay information about the length of responses at multiple levels (i.e., word-level, 

sentence-level). Cohesion indices convey information about the amount of overlap within text represented at either the local 

(i.e., within-sentence) or global (i.e., within-paragraph) level, and can be calculated explicitly (i.e., exact lemma overlap) or 

semantically (i.e., synonym overlap, word2vec overlap). Lexical indices provide insights into the psycholinguistic information 

about words (e.g., word familiarity, word concreteness). Lexical diversity indices are related to how diverse the words used 

within a text are, consisting mainly of type-token ratio indices (and other slight variations of this formula). Sentiment indices 

identify the valence and semantic properties of words used in the text (e.g., action verb words, familial relationship words). 

Lastly, syntactic indices aid in assessing text complexity, specifically through measures of phrasal complexity, syntactic 

sophistication, and causal complexity. For each of these dimensions, we chose indices with long-established theoretical roots 

within each that have been previously linked to other individual differences such as vocabulary knowledge, writing skill, or 

domain knowledge. Additionally, because the current study is focused on interpersonal writing in general and we don’t expect 

any major task differences, we aggregated all NLP indices (i.e., across both writing tasks). 

 



 

 

ISSN 1929-7750 (online). The Journal of Learning Analytics works under a Creative Commons License (CC BY 4.0) 73 

Table 1. Linguistic Index Descriptions 

Linguistic 

Dimension 
Index Index Description 

Descriptive Ncontent_words The number of content words used  
Word_length The average number of characters per word  
Word_length_variability The standard deviation of characters per word  
Number_sentences The number of sentences used  
Average_sentence_length The average number of words per sentence  
Sentence_length_variability The standard deviation of words per sentence 

Cohesion Adjacent_overlap_cw_sent_div_seg The number of content lemma types that occur at least once in the next sentence  
Adjacent_overlap_cw_para_div_seg The number of content lemma types that occur at least once in the next paragraph  
Syn_overlap_sent_noun The average sentence to sentence overlap of noun synonyms  
Syn_overlap_sent_verb The average sentence to sentence overlap of verb synonyms  
Syn_overlap_para_noun The average paragraph to paragraph overlap of noun synonyms  
Syn_overlap_para_verb The average paragraph to paragraph overlap of verb synonyms  
Word2vec_1_all_sent The average word2vec semantic similarity score between all adjacent sentences  
Word2vec_1_all_para The average word2vec semantic similarity score between all adjacent paragraphs 

Lexical USF_CW The average contextual distinctiveness score from free association stimuli elicited 

from content words  
Content_poly The number of content words in text with a polysemy score (words that have 

multiple semantic meanings)  
SUBTLEXus_Freq_CW_Log The average (log transformed) word frequency of content words   
MRC_Familiarity_CW The mean familiarity score for content words  
MRC_Concreteness_CW The mean concreteness score for content words 

Lexical 

Diversity 

Root_ttr_cw The number of content word types divided by the square root of the number of 

content word tokens; Also referred to as “Guiraud’s Index”  
Mattr50_cw The moving average type-token ratio for content words (50-word window)  
Msttr50_cw The mean segmental type-token ratio for content words (50-word non-

overlapping segments)  
Mtld_ma_bi_cw Version of MTLD (content words only) that takes a moving-average approach to 

calculating the index. The final value is the mean score when MTLD is run 

forwards and backwards (but partial factors are not calculated)  
Mtld_ma_wrap_cw Version of MTLD (content words only) that takes a moving-average approach to 

calculating the index. The final factor is calculated by wrapping back to the 

beginning of the text 

Sentiment Vader_negative Average negative valence of words  
Vader_neutral Average neutral valence of words  
Vader_positive Average positive valence of words  
Action_component Average use of action verbs used from the General Inquirer corpus  
Self_GI_neg_3 Average use of personal pronouns used from the General Inquirer corpus 

(negations accounted for) 

Syntax Acad_lemma_attested Percentage of lemmas from the COCA Academic corpus  
Cl_ndeps_std_dev Clause variety; Standard deviation of the dependents per clause  
Nominal_deps_stdev Noun phrase variety; Standard deviation of the dependents per nominal  
Cl_av_deps Clause complexity; Number of dependents per clause  
Av_nominal_deps Noun phrase complexity; Number of dependents per nominal 

We then performed machine-learning models to assess how well these indices combined (i.e., across all linguistic 

dimensions) could model differences in student fluency scores. Indices were checked for multicollinearity and then mean-

centre scaled along with the fluency scores. Multiple machine learning models were trained to predict each fluency score from 

the combined indices of all linguistic dimensions (all indices listed in Table 1). Eight different algorithms were implemented 

using the caret package in R: linear regression, K-nearest neighbours, linear support vector machine (SVM), polynomial SVM, 

radial SVM, bidirectional recurrent neural network (BRNN), gradient boosting tree, and Bayesian lasso (Kuhn, 2008). All 

models were evaluated using 10-fold cross validation and repeated three times until each instance served as the test set. Model 

success was measured using R2 and the error rate was assessed using root-mean-square error values (RMSE). 

It should be noted that we intentionally implemented multiple machine learning algorithms that varied in complexity and 

inductive bias — i.e., from linear models to more flexible nonlinear models — to evaluate the robustness and generalizability 

of our findings. Given the relatively small and complex nature of our dataset, relying on a single modelling approach could 

have introduced algorithm-specific biases or overfit patterns. By applying the same suite of models across all linguistic feature 

sets and outcome types (i.e., creative versus verbal fluency), we aimed to assess whether results converged across different 

modelling paradigms. This triangulation strategy allowed us to examine the stability of predictive patterns and better 

https://www.zotero.org/google-docs/?hmVNeA
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understand how specific linguistic features contributed to fluency outcomes under differing modelling assumptions. Even when 

model fits were modest, comparing results across models increased our confidence in the relative informativeness of specific 

linguistic features and supported more cautious interpretation of model performance. 

3.5. Data Availability 

The data and code used in this study are publicly available on OSF (https://doi.org/10.21125/edulearn.2024.1725) and did not 

require or ask about any sensitive information; However, because the writing tasks were unconstrained, many students did 

disclose personal information. For this reason, we uploaded only the aggregated linguistic data (without including their actual 

writing samples). 

4. Results 

4.1. Predicting Individual Differences in Fluencies by Linguistic Feature 

On average (and before standardization), students named 7.26 creative uses for a paperclip (SD = 3.82) and 17.49 animals 

(SD = 5.16). Creative and verbal fluency scores were moderately, positively correlated (r=0.35, p<0.001). Additionally, both 

measures were correlated with several of the linguistic features (listed in Table 2). Most notably, creative fluency was more 

positively correlated with descriptive and cohesion indices than verbal fluency scores. This finding indicates that while 

increases in either fluency score are associated with increases in the amount of language produced (descriptive indices), this 

relationship is strongest for creative fluency, which additionally appears to be linked to having more connected ideas (cohesion 

indices). 

Table 2. Linguistic Index Correlations to Fluency Scores 

Linguistic Dimension Index Creative Fluency r Verbal Fluency r 

Descriptive Ncontent_words 0.43*** 0.30***  
Word_length –0.13 –0.04  
Word_length_variability –0.07 0.05  
Number_sentences 0.21* 0.25**  
Average_sentence_length 0.01 –0.10  
Sentence_length_variability 0.26** 0.16 

Cohesion Adjacent_overlap_cw_sent_div_seg 0.05 –0.11  
Adjacent_overlap_cw_para_div_seg 0.38*** 0.24**  
Syn_overlap_sent_noun 0.06 –0.09  
Syn_overlap_sent_verb 0.06 –0.14  
Syn_overlap_para_noun 0.30*** 0.14  
Syn_overlap_para_verb 0.42*** 0.19*  
Word2vec_1_all_sent –0.05 –0.07  
Word2vec_1_all_para 0.22** 0.23** 

Lexical USF_CW –0.05 –0.06  
Content_poly –0.11 –0.11  
SUBTLEXus_Freq_CW_Log –0.13 0.05  
MRC_Familiarity_CW –0.08 –0.05  
MRC_Concreteness_CW 0.04 –0.13 

Lexical Diversity Root_ttr_cw 0.30*** 0.17*  
Mattr50_cw 0.08 0.07  
Msttr50_cw 0.02 0.09  
Mtld_ma_bi_cw 0.06 0.16  
Mtld_ma_wrap_cw 0.08 0.02 

Sentiment Vader_negative 0.14 0.09  
Vader_neutral –0.14 –0.14  
Vader_positive 0.07 0.11  
Action_component –0.05 –0.15  
Self_GI_neg_3 0.07 0.10 

Syntax Acad_lemma_attested 0.05 –0.07  
Cl_ndeps_std_dev 0.14 0.09  
Nominal_deps_stdev –0.06 –0.06  
Cl_av_deps –0.03 0.01  
Av_nominal_deps 0.01 –0.02 

Note: *p < .05; **p < .01; ***p < .001 

https://doi.org/10.21125/edulearn.2024.1725
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Combined model results (see Table 3; best models per DV are bolded) indicate that, overall, linguistic indices can better 

model differences in student creative fluency (33.8% of variance accounted for) than verbal fluency (23.9% of variance 

accounted for). Therefore, linguistic indices were able to account for more than a third of the variance in modelling creative 

fluency (using the linear SVM algorithm) but only about 24% of the variance in verbal fluency (using the BRNN algorithm). 

These findings indicate that the linguistic properties of one’s writing more closely relate to divergent thinking processes that 

underlie creativity than the convergent thinking processes that underlie verbal fluency. Thus, while creative fluency can be 

well-captured through NLP indices, the construct of verbal fluency appears to rely more on other cognitive processes 

(e.g., semantic recall) that depend less on linguistics. 

Table 3. Combined Model Results 

 Creative Fluency Verbal Fluency 

Model RMSE R2 RMSE R2 

Linear Regression 1.221 0.264 1.643 0.161 

K-Nearest Neighbours 1.002 0.263 1.045 0.193 

Linear SVM 0.970 0.312 1.548 0.160 

Polynomial SVM 0.895 0.346 0.979 0.234 

Radial SVM 0.949 0.201 0.987 0.166 

BRNN 0.916 0.276 1.031 0.239 

Gradient Boosting Tree 0.902 0.306 1.174 0.235 

Bayesian Lasso 0.932 0.273 0.954 0.200 

4.2. Predicting Individual Differences in Creative and Verbal Fluency per Dimension 

We next examined how each of our six linguistic dimensions (i.e., descriptive, cohesion, lexical, lexical diversity, sentiment, 

syntax) could separately predict each of our two fluency scores (i.e., creative fluency, verbal fluency). Results for these models 

are presented in Tables 4–9. 

4.2.1. Descriptive Models 

Our descriptive models produced the highest R2 for both types of fluencies, even higher than that of the combined model 

(including all linguistic indices across six dimensions). The highest performing algorithm to predict creativity was the Bayesian 

lasso, while the gradient boosting tree performed best for verbal fluency (see Table 4). Correlations (see Table 2) indicated that 

the number of content words and number of sentences written were strongly, positively related to both creative and verbal 

fluencies. However, only with creative fluency did sentence length variability appear to have a significant positive relationship. 

These results suggest that basic descriptive indices are crucial to modelling fluency scores (both creative and verbal) and reflect 

a more general ability to just produce written output. The unique relationship between sentence length variability and creative 

fluency emphasizes the importance of flexibility and complexity in creativity. Thus, creative fluency, specifically, appears to 

manifest in more diverse and varied language use, distinguishing it from more general verbal fluency abilities. 

Table 4. Descriptive Model Results 
 

Creative Fluency Verbal Fluency 

Model RMSE R2 RMSE R2 

Linear Regression 0.870 0.360 0.941 0.275 

K-Nearest Neighbours 0.939 0.230 1.002 0.225 

Linear SVM 0.861 0.349 0.915 0.283 

Polynomial SVM 0.875 0.334 0.931 0.290 

Radial SVM 0.917 0.234 0.991 0.221 

BRNN 0.879 0.342 0.921 0.277 

Gradient Boosting Tree 0.915 0.333 0.939 0.330 

Bayesian Lasso 0.942 0.326 0.959 0.296 

4.2.2. Cohesion Models 

Cohesion models produced results about as successful as the combined model for both types of fluency scores. Models using 

the Bayesian lasso algorithm performed best in predicting both creative and verbal fluency (see Table 5). Correlations (see 

Table 2) indicated that many cohesion indices are strongly, positively related to both fluency scores, albeit much more strongly 

to creativity. For example, the amount of explicit content word overlap, noun/verb synonym overlap, and semantic word2vec 

overlap among adjacent paragraphs were all much more strongly correlated with creativity than verbal fluency. Interestingly, 

only more global indices of cohesion (overlap measured across paragraphs) were found to be correlated with fluency scores, 

as opposed to local indices measured across adjacent sentences in which no significant relationship was found. These results 

indicate that global cohesion indices play a key role in creative fluency, reflecting the ability to connect and integrate broad 
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ideas. Thus, creative fluency appears to manifest in higher-order organizational processes, such as creating a sense of 

cohesiveness in writing. 

Table 5. Cohesion Model Results 

 Creative Fluency Verbal Fluency 

Model RMSE R2 RMSE R2 

Linear Regression 0.936 0.269 1.081 0.213 

K-Nearest Neighbours 0.952 0.228 1.036 0.217 

Linear SVM 0.945 0.229 1.057 0.118 

Polynomial SVM 0.946 0.274 0.985 0.261 

Radial SVM 1.013 0.192 1.030 0.215 

BRNN 0.906 0.263 0.943 0.209 

Gradient Boosting Tree 1.012 0.198 0.980 0.280 

Bayesian Lasso 0.921 0.286 0.967 0.282 

4.2.3. Lexical Models 

For our lexical models, while the best model predicting verbal fluency performed better than our combined model, the best 

model predicting creativity performed much worse. The best model predicting creative fluency used the linear SVM algorithm 

and the best predicting verbal fluency used the gradient boosting tree algorithm (see Table 6). However, correlations 

(see Table 2) indicated no significant relationship between any of the lexical indices for either creative or verbal fluency. These 

results suggest that both creative and verbal fluencies are minimally related to lexical, word-based properties 

(e.g., concreteness, frequency). Additionally, the poor performance in predicting creative fluency from lexical indices indicates 

that creativity relies more on higher-level linguistic dimensions (e.g., cohesion, lexical diversity) than lower-level dimensions 

such as purely lexical properties. 

Table 6. Lexical Model Results 
 

Creative Fluency Verbal Fluency 

Model RMSE R2 RMSE R2 

Linear Regression 1.030 0.159 1.037 0.127 

K-Nearest Neighbours 0.996 0.214 1.099 0.161 

Linear SVM 1.028 0.147 1.093 0.190 

Polynomial SVM 1.018 0.221 1.117 0.140 

Radial SVM 1.018 0.170 0.996 0.190 

BRNN 1.020 0.175 1.002 0.103 

Gradient Boosting Tree 1.232 0.226 1.303 0.257 

Bayesian Lasso 0.995 0.157 0.967 0.177 

4.2.4. Lexical Diversity Models 

Like our descriptive models, lexical diversity models performed better than our combined models, although only to a slight 

degree. The best models predicting both creative fluency and verbal fluency used the polynomial SVM algorithm (see Table 7). 

Correlations (see Table 2) indicated that only the overall content word type-token ratio index was positively related to our 

fluency scores. While its correlation with verbal fluency was relatively weak, its correlation with creative fluency was 

incredibly strong. These findings highlight the significant role that lexical diversity, specifically the type-token ratio, plays in 

modelling creative fluency. Therefore, using a more diverse range of words appears to be a key feature of creativity. In contrast, 

the weaker correlation between type-token ratio and verbal fluency suggests that verbal fluency tasks rely more on generating 

content within a limited lexical scope. 

Table 7. Lexical Diversity Models 
 

Creative Fluency Verbal Fluency 

Model RMSE R2 RMSE R2 

Linear Regression 0.889 0.276 0.988 0.149 

K-Nearest Neighbours 0.940 0.274 1.014 0.134 

Linear SVM 0.884 0.306 0.986 0.264 

Polynomial SVM 0.859 0.330 0.959 0.272 

Radial SVM 0.878 0.311 0.974 0.188 

BRNN 0.872 0.300 0.985 0.211 

Gradient Boosting Tree 0.913 0.296 1.103 0.198 

Bayesian Lasso 0.960 0.292 0.975 0.256 
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4.2.5. Sentiment Models 

Our sentiment models predicting fluency scores performed worse than our combined models. For creative fluency, the model 

using the radial SVM algorithm performed best. For verbal fluency, the model using the Bayesian lasso algorithm performed 

best (see Table 8). Correlations (see Table 2) indicated that only the proportion of negatively valenced words was weakly, 

positively correlated with creative fluency. No sentiment indices were found to be correlated with verbal fluency. Overall, 

these results suggest that sentiment indices are not strong predictors of either creative or verbal fluency. The poor performance 

for these sentiment models indicates that fluency scores may be better captured using structural and lexical linguistic 

dimensions. 

Table 8. Sentiment Model Results 
 

Creative Fluency Verbal Fluency 

Model RMSE R2 RMSE R2 

Linear Regression 1.051 0.155 1.012 0.113 

K-Nearest Neighbours 1.108 0.296 0.977 0.201 

Linear SVM 1.023 0.061 1.008 0.106 

Polynomial SVM 1.042 0.201 0.989 0.185 

Radial SVM 1.148 0.361 0.996 0.142 

BRNN 1.001 0.148 1.002 0.138 

Gradient Boosting Tree 1.394 0.319 1.161 0.184 

Bayesian Lasso 0.965 0.180 0.969 0.229 

4.2.6. Syntax Models 

Syntax models predicted creative and verbal fluency almost as well as our combined models. The best algorithm to predict 

creative fluency was K-nearest neighbours, while the best to predict verbal fluency was gradient boosting tree (see Table 9). 

However, correlations (see Table 2) indicated that no syntactic indices were significantly related to either fluency score. These 

results indicate that while structural complexity in writing (i.e., syntax) is not linearly correlated with either fluency score, 

nonlinear algorithms offer increased predictive value. The best models used nonlinear algorithms that captured aspects of 

fluency scores that linear relationships miss. 

Table 9. Syntax Model Results 
 

Creative Fluency Verbal Fluency 

Model RMSE R2 RMSE R2 

Linear Regression 1.030 0.201 1.047 0.174 

K-Nearest Neighbours 0.940 0.293 1.045 0.141 

Linear SVM 1.026 0.145 1.083 0.201 

Polynomial SVM 0.970 0.204 1.004 0.213 

Radial SVM 0.977 0.193 1.104 0.151 

BRNN 1.007 0.146 0.993 0.182 

Gradient Boosting Tree 1.051 0.243 1.212 0.217 

Bayesian Lasso 0.974 0.133 0.989 0.173 

5. Discussion 

The current study advances our understanding of how individual differences in cognitive abilities can be computationally 

analyzed using linguistic features present in students’ intrapersonal writing. Various linguistic dimensions were assessed from 

their writing samples using WAT and the features calculated were used to model differences in creative and verbal fluency. 

Looking at each linguistic dimension separately, as well as combined, allowed us to investigate the predictive value of each 

dimension (and the specific indices within them) on the individual differences of interest (i.e., creative and verbal fluency). 

Broadly, our results suggest that computational linguistics and nonlinear modelling techniques would be a fruitful avenue for 

learning analytics to implement and predict certain cognitive abilities or individual differences within them, to differing extents. 

In our combined models, creative fluency was found to be better predicted from linguistic indices (i.e., accounted for over 

a third of the model variance) than verbal fluency scores (i.e., which accounted for only about a quarter of model variance). 

Specifically, key predictors of both creative and verbal fluency included descriptive (e.g., number of content words, sentence 

length variability) and cohesive indices (e.g., overlap across paragraphs), although these relationships were much stronger with 

creative, rather than verbal, fluency. Additionally, creative fluency was much more positively correlated with the proportion of 

unique content words than verbal fluency. This finding highlights the unique role that lexical diversity plays in creativity, with 

the proportion of unique content words reflecting the writers’ varied, or more flexible, language use. 
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Our findings additionally align with prior studies that emphasize important theoretical differences that underpin divergent 

and convergent thinking processes. For example, descriptive features of language that tend to be length-based in nature, were 

very strong predictors of both fluency types, reinforcing their role in the sheer amount of language or ideas produced. 

Additionally, divergent thinking tasks (i.e., measuring creative fluency) that involve generating novel and unique ideas were 

best reflected by the degree of linguistic diversity found, such as content word type-token ratios. A final example is that verbal 

fluency, which aligns more with the idea of convergent thinking (i.e., thinking inside the box), tends to result in weaker 

relationships to lexical diversity and global cohesion features (Dumas et al., 2021; Gerver et al., 2023). Overall, our results 

suggest that computational linguistics and nonlinear modelling may be particularly well-suited to measure the 

multidimensionality of creative expression through writing. Writing can continue to be analyzed as both a creative process and 

product, representing a window into the complex cognitive processes that occur concurrently (Allen & McNamara, 2015; 

Crossley, Allen, Snow, & McNamara, 2016). 

5.1. Broader Implications 

While both creativity and verbal fluency have been tied to writing quality in the prior research, this study provides novel insight 

into the differing effects of these individual differences in relation to the final written product. First, these results further 

emphasize the role of multidimensional analyses to uncover complex relationships that may be hidden if expressed in a linear 

manner only. Thus, the use of NLP and nonlinear machine learning allows for cognitive researchers to better understand how 

traditional task-based measures of creativity relate to real-world expressions of creativity. Therefore, caution should be exerted 

when examining linear relationships (i.e., correlations) between creative fluency and other complex processes (e.g., writing 

quality, reading comprehension). 

More broadly, the current study has major implications for the future of learning analytics and educational practices. For 

example, this work can be utilized to advance stealth assessments of creativity using authentic writing tasks. Techniques such 

as this could be implemented in automated writing evaluation (AWE) systems to identify individual learners’ strengths and 

weaknesses and provide personalized feedback, explaining the specific ways in which they can improve their writing. This 

would allow for individual differences to be quietly inferred from the linguistic features used during naturalistic learning 

activities (i.e., writing) instead of wasting valuable classroom time explicitly assessing every important cognitive skill students 

posit. Insights may also be able to aid educators and writing researchers in creating ideal constraints that don’t just promote 

writing production, but also creative thinking. Doing so would further provide scalable ways to measure and foster creativity, 

among other 21st-century skills, within educational contexts. 

Overall, our findings have meaningful implications for integrating individualized feedback into AWE systems and 

intelligent tutoring systems (ITS; Allen et al., 2018; Deane & Zhang, 2020; Shermis et al., 2010). In such systems, student 

writing could serve as a form of stealth assessment (Öncel et al., 2021; Shute, 2011) to infer individual differences in creative 

and verbal fluency. For instance, if a student’s writing demonstrates limited cohesion or lexical diversity, the system could 

dynamically recommend targeted activities to support idea generation and language use. A student struggling with cohesion 

might benefit from tasks that promote idea connectivity, such as the Alternate Uses Task (AUT), whereas a student with low 

lexical diversity might benefit from semantic retrieval exercises like the animal naming task. Writing cohesion and grammar 

interventions have long been found to support students by providing personalized feedback. For example, the Writing Pal 

platform has provided individualized instruction for in-platform games or activities to strengthen the writing skills identified 

as needing further development (Butterfuss et al., 2022; Crossley et al., 2013 Crossley, Allen, & McNamara, 2016; Roscoe et 

al., 2018). These kinds of adaptive supports would allow writing platforms to not only assess student writing more formatively 

but also to guide them toward specific interventions that enhance the cognitive and linguistic skills underlying written fluency. 

5.2. Limitations and Future Work 

The current study, while offering important insights for educational researchers, is limited in some respects. For example, the 

participants are undergraduate students specifically seeking out novel educational experiences and may come from higher 

socioeconomic households. Additionally, we focused primarily on the context of intrapersonal writing for its informal nature, 

but future work could expand beyond this style of writing and explore other creative writing mediums (e.g., poetry, lyrics, 

texts). Therefore, in future work researchers should replicate our findings across a more generalized population, using formal 

writing tasks (e.g., essays), and exploring other forms of creative expression beyond writing. 

Additionally, while our linear and nonlinear models identified predictive relationships between linguistic features and 

fluency scores, we acknowledge that these findings do not imply causality. The observed associations suggest meaningful 

patterns, but further research is needed to determine whether specific linguistic features actively support or drive fluency. 

Future experimental work could investigate causal mechanisms, such as whether targeted interventions that promote lexical 

diversity or cohesion lead to measurable gains in creative or verbal fluency. Additionally, because our study used open-ended, 

unstructured writing tasks, it remains an open question as to how these linguistic predictors function in more constrained 

https://www.zotero.org/google-docs/?rwa3XM
https://www.zotero.org/google-docs/?ya7ZE2
https://www.zotero.org/google-docs/?ya7ZE2
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academic writing contexts, such as source-based essays or argumentative writing. Exploring these genre-specific 

manifestations of creativity would help clarify the generalizability of our findings to real-world educational settings. 

Further, our results highlight the potential of computational linguistics in predicting fluency scores. However, future 

research should combine our techniques with other innovative approaches such as the use of LLMs. Doing so would eliminate 

the need for subjective human raters in the scoring of creativity and instead utilize pre-trained models, hopefully decreasing 

scoring biases as well as the time needed to assign scores. 

Future research can also incorporate other discourse features into models to improve the accuracy of predicting individual 

student differences. For example, the rate at which students write/type, eye gaze patterns, and nonverbal gesturing may 

additionally aid in models predicting creativity. While this study is one of the first to look in-depth at how traditional creativity 

assessment manifests within real-world forms of creativity, we focus exclusively on creative fluency. However, fluency is only 

one of four dimensions along which creativity can be assessed (the others being originality, elaboration, and flexibility). Thus, 

future work should explore how these other dimensions of creative assessment relate to linguistic features. 

5.3. Conclusion 

In summary, the current study demonstrated how individual differences in cognitive abilities can be successfully analyzed 

through computational linguistics and nonlinear modelling techniques in the context of educational writing. Findings show 

how the multidimensional linguistic dimensions expressed through writing have varied predictive strengths that can be 

leveraged to disentangle effects from individual differences (i.e., creative and verbal fluency). Moreover, this work bridges 

traditional cognitive measures of creativity and verbal fluency with real-world applications of creativity (i.e., writing). 

Integrating learning analytics with computational linguistic tools could additionally be used to collect stealth assessments or 

provide personalized feedback tailored to a student’s individual skills and abilities. 
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