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The Bottom Line Up Front

Automate the process of analyzing the collective
mental models of a group from text.

Increase efficiency and scale-up analysis for
larger samples and groups.

Utilized generative artificial intelligence (Al),
network science, and clustering.




Mental models
internal, cognitive representation of how one understands and
interprets the world around them (Forrester 1971, Senge 2000).

» Help simplify the world; help “make sense” of it rlo\,
 Implicit: includes beliefs, assumptions, and preferences O€_/O
* Influence our daily decisions

» People have different mental models: @
A major barrier for shared understanding, @

organizational learning, and collective decision
making.

w

There are also implications for group model building and thus system dynamics
modeling.




Grand challenge:
How to analyze a group of mental models

» Multiple ways to collect people’s mental models
« Surveys, interviews, games, vignettes, text data

* Analyzing mental models is labor intensive (Kim,
2009; Kim & Andersen, 2012)

« Strengths and weaknesses of different analysis
techniques

Gathering and analyzing mental models can be difficult to do for several reasons.




Method

1. Employ a network science approach to analyze a large set of
mental models derived from text data
* Transition from text to maps, and from maps to causal matrices
» Compare the matrices
» Apply community clustering to matrices
» To showcase: we collect data from a sample of participants

2. Validate our approach by comparing our identified clusters
with clusters derived from a different survey




Data collection

» We gather data from Eng. Undergraduate students at Virginia Tech

 Each individual received this prompt:

“What effects do you think ChatGPT will have on the world? In
your own words, please write a few sentences to a paragraph
describing these factors and impacts.”

* Response rate: n=64
 Also collected demographic and psychographic data

* And asked them about their response, e.g. what was important to them as
they responded
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Which demographic and other validation to collect was informed by previous studies.
See Davis et al. (2023) and Liu et al. (2024).




From text to map: SD Bot utilized

Hosseinichimeh, et al., 2024

Example 1: Example 2:
“I think it can bring about laziness. “I think that people will have a hard
LinkedIn nowadays sounds like all the time writing and coming up with their
same person. | do think it help save original ideas. As a result, we as a
time in multiple ways.” society will regress in our ability to
_ communicate effectively without the
4 loziness aid of technology. People will also
/ become more impatient when it comes
* to researching answers on their own.”
chatgpt use ——— nguage
homogeneity chatgpt use
communication
\ / \( N skills
time saving research

patience original ideas

The System Dynamics Bot (SD Bot) takes text as input and identifies variables and
causal relationships. See Hosseinichimeh, N., Majumdar, A., Williams, R. and
Ghaffarzadegan, N. (2024), From text to map: a system dynamics bot for constructing
causal loop diagrams. Syst. Dyn. Rev., 40: e1782. https://doi.org/10.1002/sdr.1782.



https://doi.org/10.1002/sdr.1782

Causal matrix construction
We turn each text/map to one matrix.

Text .
“I think it can bring about ‘ ChatGPT use = (*) laziness
laziness... | do think it helps ChatGPT use =2 (-) time spent

decrease time spent in
multiple ways.”

1 for increase, -1 for decrease,

0 for no effect/mention

ChatGPT . Time
. Laziness
use (it) spent

Variable names

ChatGPT use (it) 1 -1 0 0

Laziness 0 0 0 0

Time spent 0 0 0 0

Variables used by 0 0 0 0

others but absent in 0 0 0 0
this response 8




From matrices to shared maps

So far: one matrix per individual with the same variable labels in order

Consider these two matrices (coming from two individuals, 4, and A,):

Al:[(l) _01] and 4, = (1) 8]

Collective map of the two:4; + A4, = [(2) _01]

-- shows one of the causal links is more commonly mentioned
Scaling up: A collective map can be plotted by calculating
i=14i

Let’'s check our dataset of n=64 =»




Collective Mental Map

chat bot al personalized chatgpt
\ leaming / assistance
Independent creativity data analysis

thinking efficienc education academic
Innovation ~ atudent help ¥ quality Integrity *
effol tutoriny
discernment communication suppor
efficlency efficiency -
/ //'T”””’,__—p oniginal ideas
aldiagnosis -—————— chatgpt use text creation \\"

\ tendency to ask comn
people g
csmall leaming tems
- - time for online

+
-~
workforce -
understanding
+

certain jobs y al operstor jme saving searching al
roles - research Intellectual
big projects - patience property clarity
Information + -\
relabill
o verification
teaching methods rea
change laziness disti
unemployment
data organization ) jobs +
+ T - Jobs threatened task ‘
| + + leaming decision-m)
\ \ / A __p- 8utomation engagement _ b

A section of the collective mental map from these participants. Color and link
thickness indicate number of mentions. For example, several participants mentioned
that an increase in “chatgpt use” would result in an increase in “laziness.”




Collective Mental Map

+
chat bot al personalized cha
leaming assis!
comouter sclence  cheating and \
falsification
""'&';g Independent creativity data analysis
Jol _ mlnlcng efficlency education academic
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standard of \
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Zooming out on more of the collective mental map.



ollective Mental Map

+

chat bot &l personalized “——  chatgpt
leaming assislance business asset answers. +
computer science  cheating and \ avallabllity —#  questioning
Jobs falsification - + '/
Wﬁ'}";:@ + Independent creativity data analysis - - * +
- - - thin efficler education academic -
. - o quality integrity * chatgpt use advanced ___ L education
~ - student help cases technology disparity
socetal g effort toring
Stabaty discernment communication support
. chatgpt effcioncy + / + effciency .
evolution / - -
original Ideas. perceived
+ al chaos
4
inbeion Wenity net D e N
+
+ - - = tendency toask communication chatgpt
tschnologia i workforce peopl skills utiization improvement
reputation understandin R
pn 3 domage inding < small leaming tems
time for anline
certain jobs al operator searching al integration tallored + special needs
roles - Intellectual programs education
larity -
big projects - patience property ci
4 ot " 4N
redability +
access to verification human work ol audited leamning for biind
information teaching methods reality-al ol toaming ™™ ')
change laziness distinction spe 9
unemployment
sutomtion + data organization Jobs +
4 +
+ - jobs threatened
| " Jobe e ani task leaming decision-making Improperuse  ———= mﬁf;
- chatgpt automation engagement
p v ‘ 7 )
* \ + 2 workplace
brain usage \ /. wiriting quality . egislation alcomplexty ——®= m“'fw.y
absence
ease of Ife + chatgpt — employee focus
a— S — jobs "
al intsraction sk plagiarism . / vaining data > copyright
- redundancy chatgot misuse aining compliance
8l programs +
-~ + human 14 \'
semative  * \\ creativity . 9 o task ease - current computer 3, conclusion
solutions B - educational leamin determination validity
- esource methods 9
N hunting predictive
\ases modeling -
k 9
work qualty student effort malicious use generative aiuse — B york ethic
aluse Information
retention  leaming P
/ chatgpt * mms T:;"W"Y - il ——‘ misinformation risk
+ regulation easeofuse  problem understanding
chatgpt avallability
education solving V \L
task simpification Y = J,, Instant \ - \< use for tasks mn:bk;% ! + g::m:;m
critical thinkin feedback + » methods ne
9 overall impact chatgpt ease tudent ease of + 12
raditionsl 4 fak motvation learning rellance on avolding poor &  chaigpt
search - fake news software information *  reliance

The entire collective mental map. Some variables were only mentioned once (on the

right).




Using matrices to cluster individuals

Consider again these two matrices (two individuals, A; and A,):

0 -1 _[0 O
Al_[l O]andAz—1 0]
Calculate the distance between the two: A4, — A, = [8 _01]

 This says there is one link that they disagree on
 But they agree on the other link
» We define the distance between these individuals, A, and 4, as |-1|=1

Scaling up: The distance between any pair
Apyn = [aij] and By, = [bij]’ is Z?j'aij - bijl
» Let’s check our dataset of n=64 =




Network representation

* The nodes are people
* The edges are distances

* People who think similarly
are closer in the network
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Generated Network of Mental Models

person62:
ease of use -->(+) chatgpt use for essays
chatgpt use for essays -->(-) individual creathlty person32:

chatgpt capabilities -->(+) information accessibility
@ chatgpt capabilities -->(+) cheating and falsification
person60: @ G
chat bot ai -->(+) access to informatlon/

chat bot ai -->(-) education quality
chat bot ai -->(+) data analysis efficiency @

° e ° person25:
e/ chatgpt use -->(-) creativity

° chatgpt use -->(+) laziness

person04: ° e ° e e person46:

chatgpt use -->(-) tendency to ask people e @ ° P cpatgp: !n:egratgon —:(—) hun;(an crlgaatlwty

chatgpt use —->(+) text creation @ chatgpt integration —>(-) work quality
generative ai use -->(-) work ethic

S 44:
personQ7: peToort : g
chatgpt utilization -->(+) world improvement e @ c chatgpt use -->(-) independent thinking
legislation absence -->(+) chatgpt misuse independent;thinking:=»(+jobreflicilency
job efficiency —->(+) chatgpt use

chatgpt misuse -->(-) learnin
& Gl & e chatgpt use -->(+) ai operator roles
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Generated Network of Mental Models

person62:
ease of use -->(+) chatgpt use for essays
chatgpt use for essays -->(-) individual creathlty person32:

chatgpt capabilities -->(+) information accessibility
@ chatgpt capabilities —->(+) cheating and falsification
person60: @ G
chat bot ai -->(+) access to informatlon/

chat bot ai -->(-) education quality
chat bot ai -->(+) data analysis efficiency °

° Q ° person25:
e/ chatgpt use -->(-) creativity

e chatgpt use -->(+) laziness

: 0 a e person46:
Femonit: @ @ ° ° / chatgpt integration -->(-) human creativity

chatgpt use -->(-) tendency to ask people B . :

chatggt use -->§+)) text cregtion PooP ° @ chatgpt integration —>(-) work quality
e a Q generative ai use -->(-) work ethic

/ . 44

personQ7: peToort : g

chatgpt utilization -->(+) world improvement e @ Q chatgpt use -->(-) independent thinking

legislation absence -->(+) chatgpt misuse independentthinking:=»(+}jobreflicilency

job efficiency —->(+) chatgpt use

chatgpt misuse -->(-) learnin
& Gl & e chatgpt use -->(+) ai operator roles

The colors represent the results of community detection / clustering.




Two communities were detected

» Skeptical Realists (21 members; maroon)

Express concerns about the potential negative impacts of
ChatGPT, particularly for students, while acknowledging
the practical benefits.

(23 members; )

See ChatGPT as a tool that will bring
significant positive changes to the way work is conducted.
Many have individual thoughts from the
Skeptical Realists.

We uploaded the original text along with a community/cluster label and asked
ChatGPT for help in categorizing these two clusters.

Interestingly, in this group of participants, the second (orange) cluster is partly
defined by not being in the first (maroon) cluster.




So far

* We used Generative Al to analyze mental models of
a group members, depict collective mental model,
and cluster them

. question: Are these clusters revealing
anything?
* We use a logistic regression model to predict
community membership using other data

If we can predict the clusters separately using the other data we collected
(demographics, own response categorization, etc), then that would provide evidence
supporting the validity of this new approach.




The model can predict community

| Response Categorization | Psychographics | Demographics |
Variable Coefficient Estimate p-value
ImportanceEthics* -1.86 0.033*
ImportanceApplications* -2.12 0.028*
CategoryEthical* 2.73 0.048*
ThreatAl* -1.42 0.014*
CurrentChatGPT* -3.85 0.028*
WorkExperience -0.60 0.094
USCitizen 2.05 0.154
FrequencyChatGPT* 1.73 0.028*
Woman 1.55 0.087

*statistically significant at the 95% confidence level (alpha = 0.05)
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Interesting that the clusters were defined in part by concerns for students, while in
the model variables for the importance of ethics while one was answering,
categorizing one’s own response as being about ethics, seeing Al as a threat, and
applications (education is an application) were significant predictors. The model is
evidence for the validity of the new approach.




Key takeaways from this work:

« Offers a different approach for analyzing a group of
textual mental models, employing automation for
efficiency and scale.

* Contributes to the literature of systems thinking and
social learning.
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The SD Bot allows analyzing text at large scales and will only continue to
improve.




Thank you!
Are there any questions?

Correspondence to:
Sami Nour
srnour@vt.edu
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