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ABSTRACT KEYWORDS

Generative artificial intelligence and large language models Artificial intelligence;

(LLMs) are becoming routine tools for knowledge work, yet  behavioral economics;

workers differ in which systems they choose and how strongly demand; large language

they rely on them. We applied operant demand methods to ~ Models organizational
. . . behavior management

quantify the behavioral value of LLM assistance among

employed adults who currently use LLMs. Participants ranked

familiar LLMs and completed hypothetical purchase tasks for

their most preferred model, least preferred model, and a multi-

model platform. Consistent with behavioral economic princi-

ples, consumption decreased systematically as cost increased,

producing well-ordered demand curves. Top-preferred LLMs

showed relatively inelastic demand and higher essential value;

least-preferred LLMs showed steeper declines in consumption;

the multi-model option reflected intermediate valuation.

Demand metrics may offer organizations a practical way to

inform LLM access and resource-allocation decisions, though

findings are limited to current LLM users under a hypothetical

direct-cost contingency and may not extend to non-monetary

constraints such as time and effort.

Large language models (LLMs) such as OpenAT’s ChatGPT™, Anthropic’s
Claude™, and Google’s Gemini'“have become increasingly common tools
for knowledge work. Unlike earlier rule-based chatbots, these models are
trained on large text corpora and can produce contextually appropriate
prose, condense complex information into clear summaries, and generate
syntactically correct code (Zhao et al., 2023). As of August 2025, a nationally
representative survey found that 54.6% of U.S. adults aged 18-64 had used
generative Al and 37.4% of employed workers had used it at work (Bick et al.,
2025, 2026). Experimental research shows that LLMs can deliver meaningful
productivity gains; a randomized trial with mid-career professionals found
that ChatGPT cut task completion time by about 37% (a decrease of about
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10 minutes) and improved the quality of written work by about 20% (Noy &
Zhang, 2023), while a field study of customer support agents found that Al
assistance increased the number of issues resolved per hour by 15% and helped
less experienced workers learn on the job (Brynjolfsson et al., 2025), though
such gains may vary substantially across task types and worker populations.

Many workers now use LLMs to support their work, most often to draft
communications, search and summarize information, document instructions,
translate, and write code (Brachman et al., 2025; Chatterji et al., 2025). Much
of this use is also undisclosed. In experimental task scenarios, between 62%
and 92% of participants reported they would passively conceal their use of
LLMs, and between 46% and 70% reported they would actively conceal it
(Zhang et al., 2025). This kind of employee-initiated, unsanctioned use (a
pattern sometimes called “shadow AI”) indicates that a worker’s decision to
use an LLM often operates somewhat independently of formal organizational
adoption.

From an organizational behavior management (OBM) perspective, LLM
use is a workplace behavior worth examining in its own right. For routine or
semi-structured tasks, LLMs can reduce the time and effort a task requires,
which may free workers for higher-value strategic or interpersonal activities.
These efficiencies are counterbalanced by substantial barriers, including con-
cerns over accuracy and hallucinated outputs, data governance and intellectual
property risks, environmental costs of large-scale model training and inference
(Ren et al., 2024), and fears of job displacement (Lin & Parker, 2025).

Worker attitudes toward LLMs also vary widely. Some workers are enthu-
siastic adopters, whereas others are skeptical or resistant, viewing these tools as
imposed rather than genuinely useful. A nationally representative Pew survey
found that more workers express worry than excitement about the growing
role of Al in the workplace (Lin & Parker, 2025), and leadership tends to
overestimate employee enthusiasm; in one survey, 76% of executives believed
their employees were enthusiastic about adoption, compared with just 31% of
individual contributors (Lovich et al., 2025). This heterogeneity in attitudes,
and in willingness to engage, is part of why quantifying demand among
workers who already use LLMs is informative but partial: it characterizes the
behavior of current users, not the reasons others decline.

Whether LLM assistance contributes to an organization’s work depends on
more than technical feasibility or who pays for access. We submit that workers’
election to use LLMs (particularly when that use is discretionary) is the
ultimate metric of potential impact. Put another way, regardless of institu-
tional support, the worker is the agent engaging the LLM. The worker must
expend their own resources to prompt the LLM and verify the veracity of its
outputs. Understanding the contribution of LLM support to an organization’s
productivity and output thereby depends on the worker’s allocation of time,
resources, and effort to engage the LLM, particularly when constraints are
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imposed on its use. In practice, the constraints on LLM use take many forms:
direct financial cost (personal subscriptions or departmental chargebacks),
time and effort required to craft prompts and verify outputs, organizational
policies that limit or gate access, and compliance or security burdens. While
the present study operationalizes constraint as a direct monetary cost to the
worker, the behavioral economic framework generalizes to any response cost
that modulates engagement.

Behavioral economics is a subdiscipline of behavior analysis that aims to
understand how constraints on a reinforcer affect operant behavior (Reed
et al., 2013) - for example, how LLM costs might alter workers’ use of the
service. Generally speaking, behavioral economics is the intersection of micro-
economic principles and behavioral psychology. Behavior analysts leverage
behavioral economic principles whenever they work to identify the optimal
reinforcer magnitude or cost to maintain target levels of behavior, or to
optimize contingency-response relations. Thus, it is no surprise that beha-
vioral economics has been proposed as a novel approach to studying behavior
in organizations (DiGennaro Reed et al., 2015; Hirst & DiGennaro Reed, 2016;
Wine et al., 2012), particularly in performance management and worker
output.

Operant demand is a central concept in behavioral economics and is
defined as an organism’s defense of a reinforcer under increasing constraint
(Reed et al., 2025). As discussed above, demand theory can be translated to
operationalize LLM demand as a worker’s willingness to expend resources to
access the LLM in the face of increasing costs. While operant demand typically
studies demand for reinforcers such as food or drugs by manipulating the unit
price of operants such as key or lever presses, the concept has been translated
to myriad everyday human interactions (Reed et al., 2020), often using
hypothetical tasks where participants report how much of a reinforcer they
would buy or consume across a range of increasing prices — such as beer
purchases to simulate alcohol demand (Kaplan et al., 2018) or willingness to
get tested for diseases at various testing costs (Strickland et al., 2022). This
hypothetical demand approach has also been translated to worker behavior in
OBM contexts. For example, Henley and colleagues arranged a hypothetical
work task to model “worker” willingness to complete job tasks at varying
incentive amounts (Henley, DiGennaro Reed, Kaplan, et al., 2016). A follow-
up study used crowdsourcing methods to have Amazon Mechanical Turk
workers complete menial tasks at increasing effort requirements to model
workforce demand in a behavioral economic framework (Henley,
DiGennaro Reed, Reed, et al., 2016).

Behavioral economists use demand curve analyses to quantify and model
operant demand data (Kaplan, 2025b; see also Reed, Kaplan, et al., 2025 for
a comprehensive treatment). Demand curves can be quantified using both
empirical (i.e., directly observed data from the task) and derived (i.e.,
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statistically modeled using nonlinear curve-fitting techniques) metrics. The
most common demand indices are intensity (the amount of the reinforcer
consumed at minimal cost), elasticity (the degree to which consumption
decreases as price increases; more elastic demand indicates sharper reductions
in use as costs rise, while inelastic demand indicates sustained use despite cost
increases), Pmax (the maximum price tolerated), Omax (the maximum beha-
vioral output across all prices), and breakpoint (the last price associated with
any reinforcer consumption). Importantly, demand metrics — both empirical
and derived - have strong psychometric properties, even in hypothetical tasks
(Miller et al., 2023).

Quantifying how much workers value LLM assistance, and how that value
holds up as access becomes more costly, is a first step toward understanding
the role these tools play in workers’ output. Therefore, the purpose of this
study was to apply behavioral economic demand methods to quantify how
employed adults who currently use LLMs value access to LLM assistance for
organizationally relevant tasks. Using a series of hypothetical purchase tasks
and a nonlinear mixed-effects model, we estimated demand and expenditure
for participants’ most-preferred, least-preferred, and multi-model LLM access
across a range of prices. These analyses were intended to generate quantitative
indices of LLM valuation that can inform how organizations structure and
support LLM access.

Method
Participants

We recruited all participants from Prolific, an online research platform that
maintains a pre-screened participant pool and provides demographic and
behavioral filters for targeted recruitment. Participants were eligible if they:
(a) were at least 18 years of age and resided in the United States, (b) expressed
experience with Al chatbots (specifically: ChatGPT, Claude, Google Bard,
Google Gemini, Grok, Microsoft Bing Al), (c) reported any weekly Al use,
(d) were not employed as computer programmers, (e) used a computer or
mobile device for 50% or more of their work, (f) used technology at work more
than once a day, (g) indicated at least part-time employment, (h) had a lifetime
approval rate of 95-100% in Prolific, and (i) had at least 250 previous Prolific
submissions. Quality-control filters (h and i) were applied to reduce inatten-
tive or careless responding, consistent with recommended practices for online
behavioral research (Peer et al., 2022). Recruitment dates occurred between
August 22, 2025, and August 29, 2025. The median session duration was
16 min. Participants were compensated $3.00 USD for completing the study,
rendering a realized wage of approximately $11.50/h.
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Interested and eligible individuals completed the survey through Qualtrics.
Upon entering the survey, they were asked to consent to participate. All
procedures were approved by the University of Kansas Institutional Review
Board. The first block of questions asked about participants’ experiences and
behaviors related to large language models (LLMs).

We recruited a total of 126 participants, most of whom worked full time
(84%). Table 1 presents the full demographic breakdown by age, sex/gender,
race, education, household income, and employment.

Apparatus

The survey was administered via the Qualtrics Experience Management platform
(https://www.qualtrics.com). Participants completed the study on their own
devices (desktop or mobile). Custom JavaScript embedded within Qualtrics
dynamically displayed productivity and cost calculations during the HPTs.

LLM questions

For all LLM-related questions, we told participants to assume the LLM provi-
der or model was the most recent release or their most preferred release for
that model. Participants initially selected the LLMs they had experience with
or were researching. The full list included OpenAl GPT, Anthropic Claude,
Deepseek, Google Gemini, Meta Llama, Alibaba Qwen, Microsoft Co-Pilot,
xAI Grok, and Moonshot Ai Kimi.

Preference assessment. After indicating their familiarity with LLMs, partici-
pants completed a preference assessment for their top and bottom preferred
LLMs. The available LLMs were only those with which participants had
experience. Participants were asked to rank their preferred LLMs from 1
(top preferred) to 10 (bottom preferred).

LLM usage. We then asked participants to indicate how many prompts they
write on average each day for each LLM provider/model. Options included 0,
1-5, 6-10, 11-20, 21-50, and 51+ prompts. Then we asked an analogous
question about hours spent working with each LLM provider/model during
an average workday. Options included 0, 1-2, 3-4, 5-6, 7-8, and 9+ hours
per day.

Behavioral economic tasks

Participants completed a series of different behavioral economic tasks to gauge
their decision making for LLMs under various pricing scenarios. For the
purposes of this paper, we will focus on three hypothetical purchase tasks
(HPTs). Participants completed one HPT for each of their top and bottom
preferred LLMs, as well as one for a multi-model LLM (i.e., a platform offering
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Table 1. Demographic summary.

Characteristic N N=126
AgeBin 126
18-24 6.0 (4.8%)
25-34 32.0 (25.4%)
35-44 33.0 (26.2%)
45-54 32.0 (25.4%)
55+ 23.0 (18.3%)
How do you describe yourself? 126
Male 54.0 (42.9%)
Female 68.0 (54.0%)
Non-binary / third gender 4.0 (3.2%)
Prefer to self-describe 0.0 (0.0%)
Prefer not to say 0.0 (0.0%)
Are you of Spanish, Hispanic, or Latino origin? 126 13.0 (10.3%)
Race 126
American Indian/Native American or Alaska Native 1.0 (0.8%)
Asian 2.0 (1.6%)
Black or African American 13.0 (10.3%)
Multiracial 10.0 (7.9%)
Other 3.0 (2.4%)
White 97.0 (77.0%)
Education 126
High school or less 0 (4.8%)
Some college/Associate’s 40 0 (31.7%)
Bachelor’s degree 43.0 (34.1%)
Graduate/Professional 37.0 (29.4%)
Income 126
<$50,000 26.0 (20.6%)
$50,000-$99,999 48.0 (38.1%)
$100,000-$149,999 32.0 (25.4%)
$150,000 or more 19 0 (15.1%)
Prefer not to say 0 (0.8%)
What best describes your employment status over the last three months? 126
Working full-time 106.0 (84.1%)
Working part-time 20 0 (15.9%)
Unemployed and looking for work 0 (0.0%)
A homemaker or stay-at-home parent 0 (0.0%)
Student 0 (0.0%)
Retired 0 (0.0%)
Other 0 (0.0%)
Do you ever use a multi-model platform (e.g., OpenRouter, Requesty, Vertex Al, 126
LiteLLM)?
No, and | don't know what a multi-model platform is. 70.0 (55.6%)
No, but | know what a multi-model platform is. 45.0 (35.7%)
Yes 11.0 (8.7%)
Approximately how much do you spend per month on LLM capabilities, in total 106

(across all kinds)? These can include subscriptions, tokens, API calls, etc.

$0

$1.00 to $9.99
$10.00 to $19.99
$20.00 to $49.99
$50.00 to $99.99
$99.99 to $199.99
$200.00 or more
Unknown

50.0 (47.2%

13.0 (12.3%,

20.0 (18.9%

13 0(12.3%

0 (8.5%)

0 (0.9%)

0.0 (0.0%)
20

)
)
)
)

Note. Values are count (percentage) unless otherwise specified.
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access to multiple underlying language models within one interface; top and
bottom preferred LLM order was randomized with the multi-model LLM
always presented last). For each of these HPTs, we first provided participants
with a vignette:

Imagine that your company offers an opportunity for you to individually purchase and
use access to [TOP/BOTTOM/MULTI-MODEL LLM] to enhance your productivity by
streamlining tasks such as writing reports, summarizing meetings, drafting emails, and
generating insights from data. [FOR MULTI-MODEL ONLY: In this multi-model plat-
form, you can specify which LLM provider and model to use for each prompt. The
options available are always the latest model versions and include all of the following:

OpenAl GPT
Anthropic Claude
Deepseek

Google Gemini
Meta Llama
Alibaba Qwen
Microsoft Co-Pilot
xAI Grok
Moonshot Ai Kimi

This [TOP/BOTTOM/MULTI-MODEL LLM] access provides batches of structured
prompts per hour, allowing you to work more efficiently and potentially freeing up time
for other tasks. Each batch of prompts is equivalent to approximately 30 min of
additional productivity per hour. The system operates seamlessly within your workflow
and adapts to your specific role, whether you are a worker focusing on task execution or
a manager overseeing projects and making strategic decisions.

You can purchase a workweek’s supply of [TOP/BOTTOM/MULTI-MODEL LLM]
assisted productivity batches, assuming a standard 40-h workweek. For example, pur-
chasing 40 batches would equate to using one batch per hour across the entire week. If
you purchase 80 batches, you would be using two batches per hour across the week,
effectively maximizing Al assistance for most of your tasks.

Assume the following information:

® You must pay for [TOP/BOTTOM/MULTI-MODEL LLM] access using your own
finances (your company is NOT paying for it).

® You have the same income/savings that you do now.

® You do not have access to any other prompt-based LLM Al assistance than what is
available for purchase here.

e It is a typical workweek, with your usual projects, tasks, work requirement, and
timelines.

® The batches you are about to purchase are for your use only. In other words, you can’t
share your batches with anyone else. You also can’t save the batches to roll over across
weeks. Therefore, everything you buy is for your own use during the single 40-h week.

Please answer these questions honestly, as if you were actually in this situation.

Over the next group of pages, indicate how many total batches for the workweek you
would purchase at different price points.
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At the end of the vignette, participants were required to correctly answer
a multiple-choice verification question asking: “This task asks you to imagine
paying for batches of LLM access for ” with options: “1 day,” “1 week,”
“1 month,” and “1 year.”

After successfully answering the question, participants completed the
first of nine price points in the HPT. The question read: “How many
[TOP/BOTTOM/MULTI-MODEL LLM] productivity batches would you
request for an entire workweek at the following price? $XX per batch”
where XX increased consecutively across pages with the following prices:
$0 (free), $0.05, $0.10, $0.25, $0.50, $1.00, $2.50, $5.00, and $10.00. These
price points were selected to span from free access to clearly suppressive
costs, producing complete demand curves that allow estimation of all key
parameters (intensity, elasticity, breakpoint). The range was designed to
capture the full behavioral response function rather than to precisely
mirror any single commercial pricing structure. Underneath the question,
participants responded on a slider indicating how many productivity
batches they would purchase (ranging from 0 to 80). Custom JavaScript
was used such that when the participant moved the slider, text above the
slider would indicate “Productivity Gained: XX.XX Hours” and “Total
Spent: $XX.XX.” For example, at $1.00 per productivity batch, if the
participant selected 40 batches, the text would show “Productivity
Gained: 20.00 Hours” and “Total Spent: $40.00.”

LLM attitudes and demographics

The final block of questions asked participants about their opinions on LLMs
in general (not specific to any specific LLM provider or model) and about
general demographic information, including ethnicity, race, education,
income, age, sex/gender, and employment. In this block we also collected
participants’ self-rated expertise with and attitudes toward LLMs (including
perceived impact on their work) and a brief free-text description of an
advanced task each participant had completed with an LLM. Analysis of
these measures is beyond the scope of the present paper, which focuses on
the demand experiment.

Analyses

Our primary analysis focused on responses on the three HPTs using nonlinear
mixed-effects models (Kaplan, 2025b; Kaplan et al., 2021). Mixed-effects
models have several advantages over fixed effects only models (which are
typically used for behavioral economic demand curve analyses). Notably,
mixed-effects models allow us to estimate group-level parameters while also
accounting for subject-level variability by including random effects.
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A thorough discussion of mixed effects models can be found in (Kaplan et al.,
2021).

To model the demand data, we used a variation of the Zero Bounded
Exponential model (Gilroy et al., 2021) that we call a ZBEn Log-Like 4 (LL4)
variant. This transformation preserves the interpretability of standard demand
parameters (Qp and «), while smoothly handling zero-consumption values
that arise when participants purchase no batches at higher prices. The full
mathematical specification is provided in Appendix A.

We used R (R Core Team, 2025) Version 4.5.2 for MacOS and the following
packages for the manuscript and analysis: beezdemand (Kaplan, 2025a; Kaplan
etal., 2019), qualtRics (Ginn et al., 2025), tidyverse (Wickham et al., 2019), and
flextable (Gohel & Skintzos, 2025). We also used the fantastic apaquarto
extension (Schneider, n.d..) for creating this document in accordance with
American Psychological Association’s 7th Edition style requirements.

We use some foundational LLM models (e.g., ChatGPT 5, Opus 4.8) to
assist in generating some R code, primarily related to data wrangling, visua-
lization, and analysis, and to assist with drafting portions of this manuscript.
We reviewed all LLM-generated output and always revised it when it did not
meet our requirements. All final decisions, data handling, and interpretations
were made by the authors. All data and code to reproduce this manuscript
(produced in Quarto; Allaire et al., 2024), including a supplementary robust-
ness analysis using a simplified exponential demand equation (Rzeszutek et al.,
2025), are freely and openly available at: https://github.com/brentkaplan/be-ai
-obm.

Results
General LLM preferences and usage

Table 2 shows the top and bottom LLM choices across the sample (complete
preference rankings for all LLMs are provided in Appendix B). Participants
frequently reported using more than one LLM, so user proportions by model
reflect overlapping groups rather than mutually exclusive categories. As shown
in Table 3, OpenAI GPT was the most commonly used system, with 93.7% of
participants (n = 118) indicating any use, followed by Google Gemini (84.1%,
n =106) and Microsoft Co-Pilot (46.8%, n =59). Among OpenAl GPT users
who provided prompt estimates, the most common pattern was 1-5 prompts
per day (40 (33.9%)), followed by 6-10 prompts per day (28 (23.7%)), with
smaller proportions reporting no daily prompts (10 (8.5%)) or heavier use
(=21 prompts per day; 11 (9.3%), 8 (6.8%)). Other LLMs showed broadly
similar prompt distributions, although overall adoption and the proportion of
heavier users varied by model.


https://github.com/brentkaplan/be-ai-obm
https://github.com/brentkaplan/be-ai-obm

10 (&) B.A.KAPLAN ET AL.

Table 2. Top and Bottom LLM choices.

LLM Top (n) Top (%) Bottom (n) Bottom (%)
OpenAl (Chat GPT) 84 66.7% 12 9.5%
Google Gemini 22 17.5% 47 37.3%
Microsoft Co-Pilot 11 8.7% 29 23.0%
xAl Grok 5 4.0% 16 12.7%
Anthropic Claude 2 1.6% 9 7.1%
Deepseek 2 1.6% 4 3.2%
Meta Llama 0 0.0% 8 6.3%
Moonshot Ai Kimi 0 0.0% 1 0.8%

Self-reported hours of use by model showed a parallel pattern. For OpenAl
GPT users who answered the hours question, most reported 1-2 h of use
per day (63 (53.4%)), with additional users indicating 3-4 h (23 (19.5%)) and
relatively few reporting either no daily use (18 (15.3%)) or very high use
(=7 h per day; 2 (1.7%), 4 (3.4%)). Users of Google Gemini and Microsoft Co-
Pilot showed similar low-to-moderate daily hours (62 (58.5%), 24 (40.7%)),
again with only a small subset of respondents reporting extended daily
engagement with any single model. Together, these patterns suggest that, for
most respondents, LLMs functioned as tools used intermittently or for a few
hours per day rather than as all-day resources.

Behavioral economic demand

Mixed model contrasts

We successfully fit the nonlinear mixed-effects model to the LL4 transformed
productivity batch data. We incorporated both fixed and random effects for
logio(a) and logi9(Qo) across 126 individual participants and included the
categorical predictor LLM (Top LLM, Bottom LLM, and Multi-Model LLM) as
a fixed factor. Both log10(Qo) and logio(«) were allowed to vary by LLM
condition, while their subject-specific deviations were modeled as indepen-
dent random intercepts. Using maximum likelihood estimation, the model
achieved good convergence (AIC = 909.8, BIC = 965). The relatively low resi-
dual variance (0.24) and moderate random-effect variances (Qy =0.38, a =
0.65) suggest stable within-subject fits and meaningful between-subject
variability.

In terms of estimates of Q, and «, the estimated number of batches
purchased at free price (Qg) were 50.24, 58.57, and 45.82 batches, for the
Top LLM, Multi-Model LLM, and Bottom LLM conditions, respectively
(Table 4). Our contrasts indicated statistically significant differences in Qy
between the Top LLM and Multi-Model LLM conditions (p <.001), the Top
LLM and Bottom LLM conditions (p = .00864), and between the Multi-Model
and Bottom LLM conditions (p <.001) (Table 5).

In terms of «, the estimated fixed effect parameter estimates were
0.01175, 0.01111, and 0.01554, for the Top LLM, Multi-Model LLM, and
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Bottom LLM conditions, respectively. These «a values correspond to
Essential Values of 0.851, 0.9, and 0.644, respectively. Contrasts indicated
no statistically significant differences in « between the Top LLM and Multi-
Model LLM conditions (p =.0881). However, we did detect statistically
significant differences in a between the Top LLM and Bottom LLM con-
ditions (p <.001) and between the Multi-Model and Bottom LLM condi-
tions (p <.001).

Demand curves derived from the mixed model are shown in Figure 1.
Descriptive statistics for batches purchased at each price by condition are
provided in Appendix C. At the population level, the number of batches
purchased declined systematically as price increased across all three condi-
tions, with clear separation between Top, Multi-Model, and Bottom LLMs at
low prices. At higher prices, the Top LLM showed relatively more inelastic

Table 4. Estimated marginal means for demand parameters.

LLM Qo (logqo) Qo (Natural) a (logqo) a (Natural) EV
Top LLM 1.7 (1.63, 50.24 (42.76, —1.93 (-2.05, 0.0117 (0.009, 0.851 (0.651,
1.77) 59.02) -1.81) 0.0154) 1.113)
Multi-Model 1.77 (1.7, 58.57 (49.85, -1.95 (-2.07, 0.0111 (0.0085, 0.9 (0.689, 1.176)
LLM 1.84) 68.81) —1.84) 0.0145)
Bottom LLM 1.66 (1.59, 45.82 (38.99, —1.81 (-1.93, 0.0155 (0.0119, 0.644 (0.492,
1.73) 53.85) -1.69) 0.0203) 0.841)

Note. Qp = consumption at free/zero price; a = elasticity parameter; EV = essential value. Values are presented as
estimate (95% Cl lower bound, upper bound). log; = log base-10 scale; Natural = back-transformed natural units.

Table 5. Pairwise contrasts for demand parameters.

Contrast Parameter Scale Estimate  SE df 95% Cl t p
Top LLM - (Multi-Model Qo logio —0.0666 0.0151 3271 [-0.1027, —4.4179 <0.0001
LLM) —0.0305]
Top LLM - Bottom LLM log1o 0.04  0.0152 3271 [0.0035, 2.6277  0.0086
0.0764]
(Multi-Model LLM) - logqo 0.1066 0.0152 3271 [0.0701, 0.143] 7.0035 <0.0001
Bottom LLM
Top LLM - (Multi-Model Ratio 0.8578 — — [0.7894, — <0.0001
LLM) 0.9322]
Top LLM - Bottom LLM Ratio 1.0964 — — [1.0082, — 0.0086
1.1924]
(Multi-Model LLM) — Ratio 1.2782 — — [1.1753, — <0.0001
Bottom LLM 1.3901]
Top LLM - (Multi-Model a logqo 0.0242 0.0142 3271 [-0.0098, 1.7061  0.0881
LLM) 0.0582]
Top LLM - Bottom LLM logqo —0.1213 0.0145 3271 [-0.156, —8.3784 <0.0001
—0.0866]
(Multi-Model LLM) — logio —0.1455 0.0143 3271 [-0.1798, —10.1843 <0.0001
Bottom LLM —0.1113]
Top LLM - (Multi-Model Ratio 1.0574 — — [0.9777, — 0.0881
LLM) 1.1435]
Top LLM - Bottom LLM Ratio 0.7563 — — [0.6982, — <0.0001
0.8192]
(Multi-Model LLM) - Ratio 0.7153 — — [0.661, 0.7739] — <0.0001
Bottom LLM

Note. Q= consumption at free/zero price; a = elasticity parameter. SE = standard error; df = degrees of freedom;
Cl = confidence interval; t = t-ratio; p = p-value adjusted using false discovery rate (FDR) correction. logo = log
base-10 scale; Ratio = back-transformed ratio scale.
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demand overlapping with purchases associated with the Multi-Model LLM.
Individual fits (light lines/points) mirrored this overall pattern, indicating that
the model captured both the shared structure of demand and meaningful
between-person variability in reinforcement value.

As a complementary view of valuation, Figure 2 presents model-predicted
expenditure curves. Expenditure rose with price at lower costs, peaked at
intermediate prices, and then declined as purchasing dropped oft, producing
the expected inverted-U demand profile. Notably, the Top LLM condition
sustained marginally higher expenditure at higher prices than the Bottom
LLM condition, with the Multi-Model option again occupying a middle
position.

Discussion

The present study modeled workers’ demand for LLMs using HPTs across
three conditions: their most preferred, least preferred, and a multi-model plat-
form providing access to several LLMs. Consistent with established behavioral
economic principles, consumption decreased systematically as cost increased,
and the resulting demand curves were well-ordered and interpretable.
Demand for participants’ top-preferred models was relatively inelastic, indi-
cating a strong willingness to purchase, whereas demand for least-preferred
models dropped rapidly with increasing cost. Demand for the multi-model
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Figure 1. Mixed model predictions (fixed and random effects).
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Figure 2. Mixed model predictions of expenditure (fixed and random effects).

option fell between these extremes, a pattern consistent with (though not
a direct test of) substitution among LLMs.

Before discussing implications, we note that the present study examines
demand among employed adults who currently use LLMs, operationalized
under a direct monetary cost contingency. Our findings should therefore be
interpreted as an initial application of behavioral economic purchase task
methodology to LLM valuation - one in which monetary cost serves as the
constraint (consistent with established purchase task methodology). Future
extensions of this work might examine additional response costs relevant to
workplace adoption, such as effort, time delays, or organizational policy
requirements.

These participants’ allocation of resources toward LLMs is consistent with
operant responding governed by reinforcement history and effort require-
ments, at least under the simulated cost contingency studied here. In other
words, LLM access appears to function as a reinforcer whose demand can be
described with the same behavioral economic methods used for more tradi-
tional commodities. This is in keeping with Cox and Jennings’ (2024) observa-
tion that behavior-analytic performance systems increasingly incorporate Al
tools; although their analysis focused on service-delivery settings, the demand
framework we apply here may extend to other organizational contexts.

It is important to acknowledge that these data should not be read as an
unqualified endorsement of LLM adoption. Emerging evidence documents
meaningful risks associated with LLM use in workplace contexts, including



JOURNAL OF ORGANIZATIONAL BEHAVIOR MANAGEMENT . 15

environmental costs of training and operating large models (Ren et al., 2024),
potential erosion of critical thinking skills when workers rely heavily on
generated outputs (Lee, 2025), and a commonly noted concern that the effort
required to verify and correct outputs may exceed time savings for some tasks.
Additionally, a nationally representative Pew survey found that more workers
express worry (52%) than excitement (29%) about AI's growing role in the
workplace, and about a third expect Al to lead to fewer job opportunities in
their field (Lin & Parker, 2025). These concerns are not captured by a demand
framework that models only the price contingency, and future research should
incorporate them when modeling how workers take up and sustain LLM use.

Support for the behavioral economic approach

Our quantitative results underscore the value of behavioral economics for
characterizing demand for LLMs. Elasticity values showed that top-preferred
LLMs maintained high demand even as costs rose, indicating low price
sensitivity (a pattern analogous to that of essential commodities in traditional
demand analyses). Least-preferred LLMs showed more elastic demand, con-
sistent with more discretionary use or with participants treating these plat-
forms as imperfect substitutes for their preferred ones. This functional
differentiation has applied implications. Under the direct-cost contingency
modeled here, demand for highly valued LLMs was relatively insensitive to
price, whereas demand for less valued systems fell off more quickly. Whether
these differences extend to non-monetary costs (e.g., the time and effort to use
a tool) is an open question; if they do, less valued systems may need additional
support such as training, incentives, or reduced friction to sustain use.
Understanding which tools sustain relatively inelastic demand, and which
are more price-sensitive, may help inform how organizations allocate LLM
resources, though the present data do not identify what features drive these
valuation differences.

Implications for OBM

These findings may also have implications for the ethical deployment of LLMs
in workplace settings, though we note that our study examined a single
contingency (direct cost) and did not measure ethical attitudes directly.
Jennings and Cox (2024) note that ethical deployment of AI in behavioral
services requires weighing benefits against risks, commensurate with the
behavioral economic tradeoff between reinforcer magnitude and cost.
Modeling such tradeoffs quantitatively enables data-based decision-making
that aligns with beneficence (maximizing productivity and learning) and
nonmaleficence (avoiding over reliance, bias, or harm). Moreover, despite
the clear reinforcing value of LLMs, our participants’ survey responses also



16 (&) B.A.KAPLAN ET AL.

indicate concerns over accuracy, data security, and employer surveillance.
These findings are consistent with existing data showing widespread conceal-
ment of LLM use in the workplace (Zhang et al., 2025), as well as the broader
concerns over accuracy, data security, and employer surveillance documented
in the literature. Such covert behavior is consistent with the possibility that
some organizations may have arranged contingencies that discourage disclo-
sure, though alternative explanations (e.g., social norms, uncertainty about
policies) cannot be ruled out from these data. Interpreting the use of LLMs
within a behavioral economic framework offers novel insight into the potential
contingencies influencing demand.

The broader OBM literature offers practical strategies to remediate these
patterns. Leaders can implement incentives and reinforcement systems to (a)
ensure transparent, ethical LLM use, (b) integrate LLM safety behaviors (e.g.,
checking for hallucinations, securing data) into performance management
systems, and (c) provide feedback and recognition for safe practices. As
Jennings and Cox (2024) proposed, organizations could treat Al ethics as an
operant domain—a set of observable, trainable, and measurable behaviors.
Clear data-protection protocols, transparency about how LLM outputs influ-
ence decisions, and IT safeguards aligned with HIPAA and HITECH can
support ethical engagement while reducing risk.

Our HPT results show that even modest hypothetical costs reduced the
number of productivity batches participants chose to purchase. When cost was
low or zero, most participants requested the maximum number of batches; as
price rose, requested batches declined according to established demand func-
tions, with individual variability captured by the nonlinear mixed-effects
model. If these hypothetical patterns hold under real contingencies, organiza-
tional policies that attach cost, delay, or administrative friction to LLM access
could suppress use that workers would otherwise find productive. Although
we measured demand at a zero price, our design does not address whether
sustained free access changes how deliberately workers use these tools.

Organizations can apply these findings behaviorally by calibrating reinfor-
cement systems around LLM use. For example, providing free access for
approved, documented purposes while requiring additional effort to use
unapproved tools can differentially shape appropriate behavior. We suggest
that organizations consider developing a policy for effective LLM use. This
policy may include what an LLM is; what LLMs can be used (e.g., what
software the organization is providing access to); what are acceptable and
prohibited uses of LLMs (e.g., cannot enter confidential information, pro-
tected health information, intellectual property); how to verify the information
provided (i.e., employees remain accountable for their work); security, com-
pliance and transparency expectations (e.g., software used on company com-
puters, disclosure of usage in documentation); and enforcement of the policy
(i.e., the consequences for violation). Once a policy is developed, it could be
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discussed with employees, and behavioral skills training (BST) could be used
to teach safe prompting, critical review skills, and ethical usage, among other
competencies. Following initial training, organizations could establish feed-
back mechanisms - proportionate to their context and culture - to support
ongoing compliance and ethical practice. The form and intensity of such
monitoring would vary across organizations and should be calibrated to
avoid intrusiveness while maintaining accountability. In this sense, OBM
professionals can become essential in translating complex technological
change into functional, observable behavior systems.

Participants’ willingness to pay for LLM access across all conditions reflects
strong demand for efficiency and support in task completion. However, the
same data highlight individual differences in value: not all LLM platforms were
equally motivating. The heterogeneity we observed in valuation is consistent
with the idea that context (organizational norms, expectations, and feedback)
may shape the reinforcing value of specific LLM platforms, though we did not
measure these contextual variables directly. Organizational cultures that pro-
mote experimentation, transparency, and data security will likely enhance
appropriate LLM engagement, whereas those that punish disclosure will
sustain secrecy and variable performance. Toward this end, periodic assess-
ments of worker engagement and satisfaction with LLMs — whether through
behavioral economic tasks, surveys, or other methods - could help organiza-
tions track shifts in demand and identify emerging concerns. Tools such as
shinybeez (Kaplan & Reed, 2025), a Shiny application for conducting demand
and discounting analyses without requiring programming expertise, could
lower the barrier for OBM practitioners to carry out these assessments intern-
ally. By pairing these quantitative metrics with open communication and
secure data infrastructure, leaders can maintain an ethical culture where
LLMs serve both employee and organizational well-being and protect client
PHI, when applicable.

Limitations and future directions

Several limitations warrant consideration. First, and most critically, partici-
pants were asked to imagine paying for LLM access using their own finances.
In many organizational settings, employers subsidize or fully cover LLM costs.
The present data, therefore, estimate demand under a direct monetary cost to
the performer, which is only one of several constraints employees face.
Findings should not be interpreted as a complete model of adoption in work-
places where access is employer funded. Second, selectively recruiting partici-
pants from Prolific with existing LLM knowledge over-represents
technologically literate individuals comfortable with LLMs; the weekly LLM
use criterion further restricts the sample to current adopters. Consequently,
generalizability to broader or less tech-savvy workforces is limited. Third, the
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study used HPTs, which, although validated across many domains, rely on
self-reported preferences and may not fully capture real monetary contingen-
cies (Gelino et al.,, 2025). Fourth, commercial LLM pricing and bundling
structures evolve rapidly; the specific price points used in this study may not
correspond to current or future pricing models. Additionally, many employees
access LLMs through bundled platforms (e.g., enterprise suites with built-in AI
features) rather than choosing individual models, and workers may use dif-
ferent models for different purposes — patterns not captured by the single-
model HPT design. Fifth, although the LL4 modeling approach improved the
handling of zero consumption and non-loglinear trends, alternative models
with more robust validation (see Koffarnus et al., 2022 for an overview) may
yield different elasticity estimates. Finally, our data were cross-sectional;
demand for LLMs is likely to evolve over time, driven by experience, model
updates, and organizational norms, necessitating longitudinal follow-up.

Building on these limitations, we suggest several targets for future research.
First, additional behavioral economic experiments should impose real
response costs (e.g., subscription fees, time delays) or incentivized purchasing
tasks to verify whether hypothetical demand replicates under tangible con-
tingencies. Second, future work should also examine how organizational
variables — such as disclosure policies, supervision contingencies, or peer
norms - influence LLM use by treating them as non-monetary “prices” in
purchasing task formats. Third, future studies should recruit participants who
do not regularly use LLMs, as demand among non-users may reveal important
adoption barriers, attitudinal profiles, and demand variability that current-
user samples cannot capture. Finally, measuring how demand shifts as workers
gain LLM experience or as organizations implement LLM training is necessary
to understand how experiential histories shape and sustain engagement.

Conclusion

The present findings suggest that behavioral economic demand modeling can
quantify how workers who already use LLMs value that access. Participants’
willingness to allocate resources to LLM assistance was orderly, predictable,
and cost-sensitive under a direct monetary contingency, consistent with LLM
access functioning as a measurable reinforcer within a demand framework.
Applying these methods within OBM could help organizations reason about
how to price, provision, and support LLM access, though the reach of such
applications will depend on how well hypothetical demand under a single cost
contingency translates to the many constraints workers face in practice.
Pairing behavioral economic measurement with the ethical considerations
raised in the behavior-analytic literature (Cox & Jennings, 2024; Jennings &
Cox, 2024) offers one path toward keeping LLMs in a supporting role relative
to human performance.
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Appendices

Appendix A

ZBEn Log-Like 4 (LL4) Variant - Mathematical Specification

In their formulation, Gilroy et al. (2021) used an Inverse Hyperbolic Sine (IHS) transforma-
tion for the dependent variable in lieu of standard logarithmic transformation in models such
as the original exponential model (Hursh & Silberberg, 2008). Instead of using the IHS
transformation, which is limited in that its scaling is identical to log;, for values greater than
10 but transitions to a hyperbolic curve for values less than 10, we used a variation shown in
Equation 1.

log,, (x" + 1)

LL4(x;A,b) = 1

(1)
where A is the exponential on consumption (in this case, 4) and b is the logarithmic base (in this
case, 10). In more simple terms, this transformation is:

_ loglo(x4 +1)

LL4(x) 1

2)
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This log-like transformation is identical to the log;, transformation for values > 2 and
smoothly transitions to zero as a (4th degree) polynomial curve for values < 2. In order to keep
the interpretability of Q, and « consistent with the log,, transformation, we keep the right-
hand side of the equation the same. Thus, the demand curve equation with normalized o used
in this analysis (ZBEn Log-Like 4 (LL4) variant) is shown in Equation 3:

_ Q .
LLA(y) = log,o(Qo) - e @ " 3)
Appendix B
LLM Preference Rankings
LLM Number of Rankings Mean Ranking Median Ranking
OpenAl GPT 118 1.43 1
Google Gemini 106 2.10 2
Microsoft Co-Pilot 59 2.49 2
xAl Grok 35 2.74 3
Anthropic Claude 23 2.83 3
Deepseek 16 3.06 3
Meta Llama 13 4.54 4
Alibaba Qwen 1 8.00 8
Moonshot Ai Kimi 2 8.00 8

Appendix C

Descriptive Statistics for Productivity Batches Purchased by LLM Ranking

Condition Price Mean Median SD Prop. zeros NAs Min Max
$0.00 59.02 80.0 27.79 0.03 0 0 80
$0.05 57.75 80.0 27.13 0.04 0 0 80
$0.10 53.44 60.0 27.99 0.04 0 0 80
$0.25 43.82 40.0 29.41 0.06 0 0 80
Top LLM $0.50 31.02 235 26.13 0.11 0 0 80
$1.00 21.06 115 23.31 0.13 0 0 80
$2.50 9.98 4.0 14.45 0.24 0 0 80
$5.00 576 15 11.07 0.41 0 0 80
$10.00 3.70 0.0 10.53 0.57 0 0 80
$0.00 67.67 80.0 23.93 0.02 0 0 80
$0.05 63.40 80.0 25.83 0.04 0 0 80
$0.10 58.50 80.0 27.22 0.05 0 0 80
$0.25 47.36 425 29.36 0.06 0 0 80
Multi-Model LLM $0.50 33.55 30.5 26.84 0.12 0 0 80
$1.00 21.63 15.0 22.83 0.19 0 0 80
$2.50 11.38 4.0 17.24 0.35 0 0 80
$5.00 6.54 1.0 12.65 0.46 0 0 80

(Continued)
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Condition Price Mean Median SD Prop. zeros NAs Min Max
$10.00 3.45 0.0 9.54 0.56 0 0 80
$0.00 57.61 80.0 28.95 0.04 0 0 80
$0.05 56.21 80.0 29.60 0.06 0 0 80
$0.10 50.64 59.0 29.42 0.06 0 0 80
$0.25 39.89 40.0 29.37 0.09 0 0 80
Bottom LLM $0.50 28.28 20.0 25.98 0.13 0 0 80
$1.00 16.90 10.0 18.85 0.21 0 0 80
$2.50 8.71 3.5 14.86 0.38 0 0 80
$5.00 5.46 1.0 11.93 0.44 0 0 80
$10.00 3.13 0.0 9.81 0.61 0 0 80
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