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Semantic area as a metric of AI’s effects on creative ideation
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Abstract

Generating creative ideas that are both novel and use-
ful is one of the most important goals of any innovation
process. But most measures of creativity focus only on
the output of a creative process, not on the process itself.
Here, we present a new metric for objectively evaluating
the creative process itself. The metric, called seman-
tic area, combines semantic embedding models, dimen-
sionality reduction, and 2D area calculations to mea-
sure the semantic space covered during a creative task.
We then use this method to quantify the relationship
between what experimental participants input, see, and
select during a creative task and the results of their cre-
ative efforts. We find that people who see a more diverse
set of ideas (a) select more diverse ideas for their re-
sults and (b) have more subjective satisfaction with the
results. But, surprisingly, they also select ideas that ob-
jective evaluators find less innovative, inspiring, and en-
joyable. We close with a discussion of how this method
might support interventional approaches that are able
to help constructively expand a user’s exploration space
without distracting them from end goals during a cre-
ative process.

Introduction

Creativity as a concept is a complex topic, often referenced
when it comes to generating novel ideas or imagining things
that do not yet exist. While it is true that creativity is of-
ten centered around the idea of originality and novelty when
it comes to generating something, it is important to strike a
balance between the novelty and the utility of artifacts being
created. This is especially critical in spaces where creativity
intersects human work. In the work of producing art, creativ-
ity tends to intersect with utility by creating surprise or other
emotions in the viewer (Tomas 1958) (Tillander 2011) (Fil-
ipowicz 2006). In the work of innovation, creativity tends to
intersect with utility as it needs to produce something novel
that also addresses a real need within an organization or in
the marketplace (Amabile 1988) (Yusuf 2009) (Hughes et al.
2018).

It is critical for individuals and organizations to foster
and support creativity, but it is often difficult to measure
and quantify. For this reason there has been a sizable body
of work that has attempted to create tests, scales, and as-
sessment protocols for evaluating creativity (Cropley 2000)

(Silvia et al. 2008) (Said-Metwaly, Van den Noortgate, and
Kyndt 2017). While these tests are useful for evaluation of
the final state of a process, i.e. the final artifact produced,
these tests do not give a means for assessing the creative
process as a person goes through it. This shortcoming is due
in large part to the time consuming nature of evaluation by
expert reviewers and the inability for such an approach to
scale up very well.

Here we propose a new computational methodology for
evaluating the creative process, leveraging the same ad-
vances in artificial intelligence and natural language pro-
cessing that have brought about Large Language Mod-
els (LLMs), specifically looking at the embedding models
needed to make LLMs work. We situate this work in the
domain space of creative product design and show how it
not only produces results which link the creative process to
the outcome artifact, but also show how it can be used to
make the process more transparent, supporting the creation
of interventional systems in the future.

Background

Prior work has explored the idea that we might be able to
describe creativity through computational means. Much of
the earlier work started by trying to classify content as cre-
ative or not. Ritchie identified 14 criteria for quantifying
novelty (Ritchie 2001) and then later refined them to en-
compass novelty, quality, and typicality for identifying cre-
ative output (Ritchie 2007). Pereira applied Ritchie’s cri-
teria in order to quantify novelty of artifacts across evalu-
ation of several systems (Pereira et al. 2005). Peinado et
al. focused efforts on evaluating novelty through the lens of
reuse (Peinado et al. 2010). Kuznetsova et al. explored this
idea further by looking at how language could be modeled
as creative or not through the use of lexical composition.
Modeling based on divergent thinking techniques, semantic
latent space, and affective language allowed them to gen-
erate a dataset to classify word pairs through different cre-
ative metrics (Kuznetsova, Chen, and Choi 2013). While
labeling content as creative or not could be useful, it re-
quired reducing ideas to pairs of words. Acar and Runco
explored the role of associative distance in a divergent think-
ing task in order to qualify whether ideas were proximal,
i.e. considered remote (distant) vs. close (Acar and Runco
2014). By assessing associative distance against perceptions



of creative attitudes and values, they found remote associ-
ations were significantly correlated with creativity, at least
in a divergent thinking test. Beketayevab and Runco later
explored whether semantic based approaches, in addition to
traditional flexibility and originality assessments, could be
used to score a divergent thinking test (Beketayev and Runco
2016). They found that semantic flexibility correlated well
with traditional flexibility assessments, setting the stage for
semantic algorithms to potentially play a role in computa-
tional assessment of divergent thinking.

As computational capabilities expanded and became more
accessible, prior work began to explore more and more
methods for machine learning to play a role in the assess-
ment of creativity. Franceshelli and Musolesi explored the
potential for generative deep learning approaches to be used
to evaluate facets of creativity such as value, novelty, and
surprise (Franceschelli and Musolesi 2022). While this ap-
plication of deep learning provided an early unsupervised
approach (without human involvement), it heavily relied on
a training set of data to compare test sets against and tended
to restrict wider applicability when working on wide reach-
ing creative tasks. Fan et al. then explored the relationship
between creativity in writing tasks and semantic distance (as
measured by a trained embedding model using Word2Vec)
(Fan et al. 2023). While reliable relationships between se-
mantic distance and creativity were found and the methods
allowed for more general applicability that was not overly
contrained to a specific training dataset, Word2Vec requires
training on a large corpus of content in order to translate tex-
tual content into learned word associations (Mikolov et al.
2013). Finally Johnson et al. explored the use of pre-trained
embedding models (BERT) to generate semantic distance
calculations and evaluate divergent creativity (Johnson et al.
2023). Their use of BERT is the first instance we find of
the transformer architecture being used to evaluate creativ-
ity, which amplifies the contextual sensitivity of the model
due to its self-attention mechanism (Vaswani et al. 2017).

Reflecting upon this prior work, we see two consistent
trends: (1) that most methods focus on evaluation of a fi-
nal artifact, and (2) increasingly large training datasets are
necessary to evaluate those artifacts. While these trends are
generally fruitful for the field of computational creativity, it
is important to find new ways to better support the quantifi-
cation and qualification of creativity that can consider arti-
fact generation through a sequential process of intermedi-
aries that lead to a final artifact, as well as methods that are
not heavily dependent upon large corpora of training data.

Methods

In order to address these gaps identified in prior work, we
developed a method for quantifying the ’space’ covered dur-
ing a creative task, a term we name Semantic Area. Semantic
due to the fact that we leverage embedding models in order
to get a contextually aware high-dimensional vector repre-
sentation of text, and Area as we procedurally reduce that
high-dimensional data down to a 2D plane in order to quan-
tify how much space is covered by the set of ideas captured
in textual form.

Semantic Area

In order to work with text data, we first cast the corpus of
text we want to measure into a high dimensional vector rep-
resentation. For this we used Google’s Universal Sentence
Encoder v4 (Cer et al. 2018), but any sufficiently rich em-
bedding model could be used. We selected the Universal
Sentence Encoder as it is a pre-trained model, meaning we
can use it for inference to convert text into vectors without
needing to build an embedding model from our corpus first
using something like word2vec. We also chose to use Uni-
versal Sentence Encoder as it adjusts the embedding vectors
to normalize them based on length of input, allowing for
comparison between text strings of different length.

After inferring the high-dimensional vectors of each text
string (512-dimensions per text string), we then use Uni-
form Manifold Approximation and Projection (UMAP) to
cluster the data based on cosine similarity and reduce the
high dimensional data down to a simpler 2D representation.
(Mclnnes et al. 2018). Specifically, we used the following
parameters:

UMAP (random_state=12345, n_components=2,
metric="cosine") .fit (vector_list)

where vector_list contains the array of embedding vec-
tors returned from Universal Sentence Encoder.

UMAP was chosen over other dimensionality reduction
methods (like t-SNE) and other clustering methods (like K-
means) as UMAP is guaranteed to produce the same dimen-
sionality reduction and clustering, deterministically, if given
the same data and parameters. The other methods mentioned
have more stochastic behavior leading to random differences
between executions, reducing reproducibility. We explic-
itly set a random_state value for this reason, as without
that UMAP will employ stochastic optimizations to more
quickly cluster and run dimensionality reduction, which we
want to avoid for the sake of reproducibility at the cost of a
more computationally demanding method.

This dimensionality reduction and clustering allows for
the text strings to be represented as points in a 2D plane.
While possible to operate in 3D or higher dimensionsion
spaces, we chose to work in 2D as this was more intuitive
due to the metaphor of ’area’ being much simpler than ’vol-
ume’ or other high dimensional representations. By con-
verting each unique idea or concept in the dataset into a 2D
coordinate, we can now begin to analyze semantic area. Us-
ing a set of points, for example all the ideas generated by
a person or system, we compute a convex hull (the minimal
polygon that fits that set of points). We calculate this hull us-
ing the quick hull algorithm implementation in SciPy (Bar-
ber, Dobkin, and Huhdanpaa 1996) (Virtanen et al. 2020).
We then identify the simplicial facets of the convex hull (the
points that make up the smallest polygon that contains the
set of points), and use the shoelace formula (also known as
the Surveyor’s Area formula) in order to calculate the area
of that polygon (Braden 1986) (Lee and Lim 2017).

The complete Semantic Area calculation pipeline, con-
verting text to embedding vectors, then running dimension-
ality reduction, and finally calculating a convex hull is rep-



Figure 1: The Semantic Area Pipeline. (a) Text is converted
to high-dimensional vectors with an embedding model, (b)
the embedding vectors are clustered and dimensionally re-
duced with UMAP, and (c) a convex hull is calculated to
quantify Semantic Area.

resented in Fig 1.

Evaluating Creative Ideation with Semantic
Area

In order to use the Semantic Area method to quantify the
different effects of ideation interventions on creativity, we
obtained a copy of the dataset from the DesignAID study
(Cai et al. 2023). We selected this study’s data for two core
reasons: 1) it was an empirical analysis of people using soft-
ware to complete a creative task, and 2) the experimental
design was a 2x2 factorial where participants were exposed
to both a ’direct input mode’ and 'new idea mode’ during
ideation. This meant that the system being used exposed
people to both what they directly requested from the system
as well as wholly new concepts and ideas based on what
they requested from the system. This was of particular inter-
est as we felt the Semantic Area method would be especially
useful in capturing the effects of exposure to new ideas on
creative task outcomes.

We also received copies of the evaluations that were run,
being both subjective and objective evaluations about inno-
vation, fit, inspiration, and enjoyment/liking of the final ar-
tifacts produced. Specifically, the participants completed a
survey after completing each mood board asking about the
extent to which they thought their experiences and final ar-
tifacts were innovative (1-5, M = 3.40,SD = 1.05), fit-
ting of the prompt of ”a chair for children” (1-5, M =
3.90,SD = 1.11), inspirational (1-7, M = 5.01,5D =
1.59), and enjoyable (1-7, M = 5.27,SD = 1.75). Sim-
ilarly, after all mood boards were created, they were pre-
sented to a separate group of evaluators who rated those
artifacts based on their level of innovation (1-5, M =
4.19,5D = 0.88), fit (1-5, M = 4.34,5D = 1.32), in-
spiration (1-7, M = 3.65,SD = 0.77), and liking (1-7,
M =4.00,SD = 0.77).

Data preparation

As the Semantic Area method is centered around two-
dimensional area calculations, we first subset the Desig-
nAID dataset for users who provided at least 3 unique inputs
in order to have a minimum of 3 points available for running
area calculations (N = 111, from the original 115). From
these 111 users, 9106 text strings were collected across the
input text, seen text, and selected text. 5058 of those were

unique, with 1093 coming from users in the Direct Input
mode and 3965 coming from users in the Diverse (New Idea)
mode, with 80 overlapping (found in both sets). For simplic-
ity we will refer to direct input mode as Direct and new idea
mode as Diverse. After the data was clustered and dimen-
sionally reduced by UMAP, we had 2D coordinates available
for each unique string in the dataset. A 2D representation of
the data is shown in Fig 2.

Calculating and Using Semantic Area

After reducing the textual data to a 2D coordinate space, we
explore the power of Semantic Area to describe a person’s
creative journey. By selecting the set of texts that a user in-
put to the system, texts that a user saw from the system, and
texts that a user selected from the system, we can visualize
the area covered by these three categories of data. An ex-
ample of this is shown in Fig 3. When a user was in Direct
input mode they would have been restricted to only see and
select from the text that they input, as no new ideas would
have been created by the system. When in New Idea mode
their input would have directed the system to generate new
ideas with similar context to their input, meaning they would
see both their own inputs and the new ideas generated by the
system. It is important to note that Seen always encapsulates
both Input and Selected as the superset of all texts.

While running the Semantic Area calculations across all
data for a user can show the total Semantic Area, we can
also measure and visualize how that area changes over time.
We do this by procedurally adding one new point at a time
based on the temporal sequence in which a user encountered
the idea. We recompute the convex hull at each time step
to determine how the semantic area changes with each new
idea. Fig 4 shows this with the same example data that was
used in Fig 3, showing how the Seen area changes with each
new text.

Results

Having now introduced the Semantic Area methodology and
demonstrated examples of what the method can enable us to
see, we scale up our analysis to report on the relationships
found in the DesignAID dataset. As a reminder, the Desig-
nAID study instructed individuals to create two moodboards
depicting a “chair for children” using text input to generate
images. All participants were exposed to two treatments: the
Diverse (New Idea) mode where the input they provided was
semantically expanded by a Large Language Model, and the
Direct input mode where the input they provided remained
unchanged. Those texts were then used to create images
and participants designed their final moodboards by select-
ing from the images they produced during the task.

Semantic Area and Mode of Interaction

Before conducting any analysis, we pre-registered a hypoth-
esis on OSF'. In order to understand the relationship be-
tween the texts a user input, saw, and selected from across
the experimental treatments, we plot each user’s data, show-
ing how the semantic area of input leads to the semantic area

"https://doi.org/10.17605/0SF.IO/KM2ZQ
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Figure 2: The UMAP dimensionality reduction and 2D clustering of the text strings from the DesignAID dataset
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Figure 3: An example of a user’s Semantic Area across what
they input, what they saw, and what they selected. The Di-
rect input mode is on the left, and Diverse (New Idea) mode
is on the right. All coordinates of all ideas are plotted as
points, the convex hull is computed and drawn with lines,
and the centroid is calculated and shown with an X.

of seen ideas and finally to the semantic area of selected
ideas. This is shown in aggregate in Fig 5. It is worth noting
that while users all started from different input areas, those
in the Diverse condition (where they were exposed to New
Ideas) saw area values increase when transitioning from in-
put to seen (Mp,ry = 21.16), whereas those in the Direct
input conditions did not see a significant change between in-
put and seen areas (Mp;ry = .02). This makes intuitive
sense given that the Diverse intervention was explicitly try-
ing to expose the end user to a wider range of ideas. A first
finding surfaced that, on average, users in the Diverse states
selected items that produced a larger semantic area than the
set of inputs they provided (Mp;s; = 5.63). Users in the
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Figure 4: An example of a user’s Semantic Area changing
over time. Direct input mode is on the left, and Diverse (New
Idea) mode is on the right. Each point is the area at that step
in the creative process (adding new ’Seen’ ideas). The red
line is the least squares regression of the data (line of best
fit).

Direct input conditions always selected ideas that produced
a smaller semantic area than the area of the inputs they had
provided (Mp;fy = —1.72). This is shown by the average
value of each condition (shown as a red line on the charts).
We found that there were significant differences between
the Diverse input conditions and the Direct input condi-

tions when examining input area (t = —2.04, p = .04,
Mp;ry = —1.32), seen area ({ = —19.44, p < .0001,
Mp;sr = —22.63) and selected area (t = —8.54, p <

.0001, Mp;sr = —8.54). Specifically, the semantic areas
for the Diverse conditions were significantly greater than the
semantic areas for the Direct conditions (Fig 6).

This directly confirms the hypothesis we originally regis-
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Figure 5: Aggregate chart plotting the input area, seen area,
and selected area for each participant grouped by treatment
condition. Those in the Diverse conditions always increased
from input to seen. They also, on average, increased from
input to selected. Those in the Direct conditions always
decreased area from input to selected. Average values are
shown with red lines.
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Figure 6: Within-Subjects T-Test Examining the Differences
Between Input (left), Seen (middle), and Select (right) Se-
mantic Areas Between Low (green) and High (blue) Diver-
sity conditions

tered and generates new questions about whether there was
any relationship between Semantic Area (input, seen, and/or
selected) and the subjective and objective assessments run
by Cai, et al. We expand our analysis to look at the interplay
between these data.

Modeling the Creative Process Over Time With
Semantic Area

We begin to get a glimpse into the creative process by look-
ing at how the semantic area changes over time as users ex-
plored an idea space and/or are given exposure to a greater
number of new ideas. An example of this is shown in Fig 4.

We found that as a person explores more ideas, the se-
mantic area increases (b = 0.34, z = 57.95, p < .0001).
Importantly, this effect is stronger in the Diverse New Idea
mode (b = 0.29, z = 53.25, p < .0001), although it is still
significantly positive in the Direct Input mode (b = 0.23,
z = 12.08, p < .0001).

Input Area
Subjective Measures
~ Innovation -0.02 .01 .16
Fit 0.02 .01 17
Inspiration -0.01 .02 .54
Enjoyment -0.05 .02 U
Objective Measures
Innovation 0.01 .01 .28
Fit  0.00 .01 .79
Inspiration  0.01 .01 12
Liking 0.01 .01 .29
Seen Area
Subjective Measures
~ Innovation -0.02 .0l .003%#*
Fit -0.01 .01 .05%

Inspiration -0.02 .01 .005%*
Enjoyment -0.05 .01 <.0001***
Objective Measures

Innovation -0.00 .00 35
Fit -0.01 .01 10
Inspiration -0.00 .00 51
Liking -0.00 .00 28

Select Area
Subjective Measures

Innovation -0.01 .01 .62

Fit 0.01 .01 49

Inspiration -0.01 .02 .64
Enjoyment -0.04 .02 .02%

Objective Measures

Innovation -0.01 .01 13

Fit -0.02 .01 .07

Inspiration -0.01 .01 21

Liking -0.01 .01 .10

Table 1: Semantic Area Predicting Subjective and Objective
Measures. Seen area had significant effect on all subjective
measures, while input area and select area had significant
effects on subjective enjoyment. No significance was noted
between areas and objective measures. *p < .05, ¥*p < .01,
*HEp <.001

Semantic Area and Evaluated Outcomes

We conducted a series of linear regressions to examine
whether the semantic area of texts that participants input,
saw, or selected predicted subjective and objective measures
of innovation, fit to the originally prompt, inspiration, and
enjoyment/liking. Table 1 showcases the results of our anal-
ysis.

Generally, neither input area nor selected area were sig-
nificantly associated with objective or subjective measures
(all ps > .07). The exception to this was that both the input
(b = —.05, z = —2.50, p = .01) and selected (b = —.04,
z = —2.37, p = .02) areas were significantly negatively
associated with subjective ratings of enjoyment. In other
words, those who input a wider range of text prompts tended
to rate their experience creating the mood boards as being
less enjoyable.

When examining the association between the Seen area
and the objective and subjective measures, we found that the
Seen area was not significantly associated with any of the
objective measures (all ps > .1). However, the Seen Area
was significantly negatively associated with all of the sub-
jective measures (all ps < .05). That is, those who saw
a wider range of outputs from the system tended to rate
their experiences as being less innovative, less fitting to the
prompt, less inspiring, and less enjoyable.



»{ Pulled Focus,

Subjective
Innovation

Indirect Effect: 5= .01, z=2.43, p = .02*

(a) Mediation Between
Seen Area, Pulled Focus,
and Subjective Innovation

Pulled Focus,

Subjective
o3 Inspiration

Indirect Effect: b= 01,2=2.67,p = .01**

(c) Mediation Between
Seen Area, Pulled Focus,
and Subjective Inspiration

Indirect Effect: b =00, z=0.07, p = .95

(b) Mediation Between
Seen Area, Pulled Focus,
and Subjective Fit

Pulled Focus

Subjective

Enjoyment

Indirect Effect: b =02, z=3.26, p = 001+

(d) Mediation Between
Seen Area, Pulled Focus,
and Subjective Enjoyment

Seen Area

Indirect Effect: b=-.01,z=-2.33, p= 02*

(a) Mediation Between
Seen Area, Pulled Focus,
and Objective Innovation

Objective
Inspiration

Indirect Effect: b= -.01,z=-2.40, p = 02*

(c) Mediation Between
Seen Area, Pulled Focus,
and Objective Inspiration

Pulled Focus

Objective Fit

Indirect Effect: b = .01,z = -2.44, p = .02*

(b) Mediation Between
Seen Area, Pulled Focus,
and Objective Fit

Pulled Focus
b= 04sss b=-12%+

Objective

Seen Area Liking

b=.00
Indirect Effect: b = -.01,z=-2.65, p = .01*

(d) Mediation Between
Seen Area, Pulled Focus,
and Objective Like

Figure 7: Mediation Between Seen Area, Pulled Focus, and Sub-
jective Measures

Seeing New Ideas Pulls Focus and Influences What
You Select

To examine whether the ideas that one sees influences the
final outcome more than the idea that one originally inputs,
we calculated the distance between the centroids of the in-
put, seen, and selected ideas. By centroid of the ideas, we
mean the average value of all coordinates per category, not
just the coordinates that make up the convex hull. We then
conducted t-tests to examine whether the distance between
the Input and Seen centroids was significantly different from
the distance between the Seen and Selected centroids. If
the original ideas that one inputs are more strongly associ-
ated with the final outcome, we reason that we would see
a smaller distance between the Input centroid and Selected
centroid as compared to the distance between the Seen cen-
troid and Selected centroid. In contrast, if the ideas that one
sees has a stronger influence on the final selected ideas, we
would see the distance between the Seen and Selected cen-
troids as being smaller than the distance between the Input
and Selected centroids.

Indeed, we found that the average distance between the
Seen and Selected centroids (M = 0.82) was significantly
smaller than the distance between the Input and Seen cen-
troids (M = 1.53, p < .0001), indicating that the ideas that
one sees tend to have a stronger influence on the final output
than the ideas that one originally inputs.

This implies that the ideas that one sees may tend to pull
focus away from the ideas that one originally inputs, thus
encouraging a larger semantic area of exploration to con-
sider when selecting content for the final output. This may
also have other effects upon the creative process, possibly
enhancing the innovativeness of a final artifact by encour-
aging a wider set of concepts to be considered or, inversely,
distracting the focus of a person and bringing them further
away from their initial target goal.

Figure 8: Mediation Between Seen Area, Pulled Focus, and Ob-
jective Measures

Effects Between What People Do, What People See,
and What People Select

To explore the effects of this pulled focus on creative pro-
cess outcomes, we conducted several mediation analyses to
examine the causal effect between Seen area, pulled focus,
and both subjective and objective measures. That is, does
greater Seen area predict greater distance between the In-
put and Selected centroids which, in turn, predicts subjective
and objective measures related to final artifact outcomes?

When examining the subjective measures, we find a sig-
nificant indirect effect between Seen area, pulled focus, and
innovation (b = .01, z = 2.43, p = .02, Fig 7a), inspira-
tion (b = .01, z = 2.67, p = .01, Fig 7c), and enjoyment
(b=.02, z = 3.36, p = .001, Fig 7d). In other words, those
who saw a wider breadth of ideas tended to select ideas that
were semantically further from their original inputs which,
in turn, predicted higher levels of subjective innovation, in-
spiration, and enjoyment. The indirect effect for subjective
ratings of fit was not significant (b = .01, z = 0.07, p = .95,
Fig 7b).

Interestingly, when we examine the objective measures,
we find the opposite effect. Specifically, those who saw
a wider breadth of ideas tended to select ideas that were
semantically further from their original inputs, which then
predicted significantly lower levels of objective innovation
(b= -.01, 2z = -2.33, p = .02, Fig 8a), fit (b = —.01,
z = =244, p = .02, Fig 8b), inspiration (b = —.01,
z = —2.40, p = .02, Fig 8c), and liking (b = —.01,
z = —2.65, p = .01, Fig 8d).

In sum, seeing a wider breadth of ideas led to selecting
outputs that were significantly different from the originally
inputs. This, in turn, led to a more positive subjective experi-
ence for those creating the mood boards, but a more negative
objective outcome when evaluating those mood boards.
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Is There An Optimal Level of New Idea Exposure?

Given these rather surprising findings (that exposure to more
new ideas produced subjective improvement and objective
detriment), we asked whether there is an optimal level of
new ideas to be exposed to in order to provide the most pos-
itive subjective experiences and objective outcomes. To do
this, we conducted a series of quadratic regressions to exam-
ine if there is a non-linear relationship between both Seen
area and Centroid Distance and our subjective and objective
measures.

We found a significant quadratic association between the
distance between the Input and Selected centroids when pre-
dicting both subjective inspiration (b = .12, z = 2.08,
p = .04, Fig9) and enjoyment (b = .21, z = 3.50, p = .001,
Fig 10). That is, when the distance between the Input and
Selected centroids is low, there is a marginal negative asso-
ciation with subjective inspiration (b = —0.48, z = —1.72,
p = .09). In contrast, when the distance between the cen-
troids is high, there is a marginal positive association with
inspiration (b = 0.17, z = 1.71, p = .09). Similarly, there
is a significant negative association between the centroid dis-
tance and subjective enjoyment when the distance is low
(b= —-0.97, 2 = —3.27, p = .001), although this associa-
tion becomes marginally positive when the distance between
the centroids is greater (b = .19, z = 1.77, p = .09). No
other quadratic associations were significant, either when
examining subjective measures (p > .1) or objective mea-
sures (p > .1).

This indicates that the benefits of diverse new ideas are
highest when the selected ideas are particularly different
from the originally input ideas. However, the benefits may
not be as robust if the selected ideas are only moderately
different from the originally input ideas. In other words, in
order to reap the benefits of semantic area exploration sub-
jectively, one must step far outside of their comfort zone and
explore ideas far from where they originally started. Given
our analysis, further work is required to really understand
the effect of new idea exposure on objective outcomes.
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Figure 10: Non-Linear Association Between Input and Se-
lected Centroid Distance and Subjective Enjoyment

Discussion

Reflecting upon the semantic area methods we developed
and results of our analysis using it to quantify a creative
ideation task, we find a number of surprising results. We
noted that people who put more diverse texts into the sys-
tem had a worse subjective experience, likely due to the
higher effort required to produce new ideas from scratch. We
also noted that exposure to a more diverse set of ideas can
enhance subjective perception but reduces objective perfor-
mance, likely due to new ideas pulling focus away from the
starting location.

What You See Is What You Think

We found that exposure to a wider range of ideas (that are
semantically further from one another) has mixed effects on
outcomes drives forward a consideration that what you see
influences what you think. In this manner, exposure to new
perspectives, concepts, and ideas can broaden the creative
search space. This in turn can drive up a person’s feelings
of innovation. At the same time, this can pull focus and shift
what a person is attending to, leading to not staying on target
within a task and producing objectively worse outcomes.

Considering the growing presence of generative Al tech-
nologies and the ability of the technology to generate seem-
ingly endless new content, it is important we consider how
these new computational abilities are designed and used to
empower people. There is potential to augment with inspi-
ration from new ideas, but also risk of distraction or over-
loading with too many new perspectives.

Semantic Area and Interventional Processes

Keeping the study we got our data from in mind, users were
left in a perpetual state of always getting new ideas or never
getting anything novel. While informative for the sake of
empirical evaluation, our methods highlight the tricky bal-
ance to be struck between enough new ideas and too many.
Future work with generative Al creating new ideas should
consider more human autonomy in the process. By enabling
users to decide when they do or do not want new ideas, they
can take control of this process and steer the technology to
their benefit.



However, even this requires people to remain aware of
their state in the creative process. We believe the Semantic
Area method for modeling exposure to ideas over time might
present a powerful new way to build dynamic creative inter-
ventions. By detecting when people are not exploring and
encouraging it, or noticing when people are losing focus and
pulling them back to a focal point, future systems might be
able to drive people toward optimal outcomes without them
needing to stop and determine the next best step. Seman-
tic Area seems especially useful for ideation process rec-
ommendation, presenting new ways to quantify and qualify
activities as divergent or convergent based on what someone
has done over time, and then recommending potential next
steps.

Limitations and Future Work

We acknowledge there are some limitations of the method-
ology and analysis. First, Semantic Area is a relative calcu-
lation, meaning the area comparisons need to be from data
that has had their embedding vectors come from the same
embedding model, and their clustering and dimensionality
reduction need to use the same corpus of data. Because it
is a relative evaluation, it is important to not consider these
Semantic Area values as global measures of creativity, but
rather localized measures best suited to comparison of data
collected from common tasks on common themes, or for the
evaluation of an individual over time.

Since the Semantic Area method uses clustering and di-
mensionality reduction this also means that without a start-
ing corpora of text data, the initial clustering and reduction
from embedding vectors will move around dramatically as
data is collected until a somewhat steady state is reached
with a larger corpus. As such, the method currently proves
to be most useful in post-hoc analysis. Future work could
adapt the approach to do away with dimensionality reduc-
tion as methods for higher dimensional convex hulls and vol-
umetric proxies do exist, but at the cost of a loss of intuitive
understanding of the computed value or straightforward vi-
sualization of the data.

Another important limitation of the analyses is that we did
not get a comprehensive understanding of the creative pro-
cess as a whole from the dataset we had access to. That is,
the data we analyzed focused on objectively assessing the
final artifacts produced and the overall experience reported
by subjective and objective measures of innovation, fit, in-
spiration, and enjoyment/liking. All of this was collected
after the creative process had concluded. While we can con-
fidently report on end outcomes, it is less clear how our re-
sults fit a proper characterization of the process over time.
Future work should explore more process oriented evalua-
tions (with something like frequent checkpoint surveys) in
order to connect Semantic Area more tightly with the cre-
ative journey rather than only the final artifact produced.

Conclusion

In conclusion we present Semantic Area, a new method for
quantifying creativity from text embeddings, clustering, and
convex hull calculations. We showcase the utility for this

method to describe not just the final state a user arrives at
through a creative task, but also how it might be used to
characterize the process over time during a creative journey.
Using data collected from a study where users were exposed
to new ideas to increase inspiration and innovation, we high-
light the mixed subjective and objective effects of new ideas
generated by Al on creative outcomes. Specifically we show
that new idea exposure can be beneficial to subjective in-
spiration and detrimental to objective fit on final outcomes,
likely due to pulled focus. We also show that new idea expo-
sure can be detrimental to subjective enjoyment, likely due
to increased cognitive effort evaluating new concepts. New
ideas can be helpful, but too many can get in the way.

We see this work as surfacing new considerations around
the effects of Al on the creative process. We highlight oppor-
tunities for computational creativity at large to better design
systems that support people doing creative work with Al
Augmenting how people and computers do creative work
together requires us to build systems that can make sense of
the creative journey and intervene in human creative work
to promote innovation and inspiration without overwhelm-
ing people or causing them to lose focus.
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