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Abstract

Advances in artificial intelligence raise fundamental questions about how technology reshapes
human skills. Modern Al systems may crowd out active human decision-making; unlike past
technologies, such decisions are a key input for training and improving AI models. We develop a
framework based on Markov matrices to study how Al substitutes for and augments different
human skills, and how decision authority — whether the technology is assistive or autonomous
— shapes these effects. We focus on two distinct skills: innovative skill, the ability to generate
correct outcomes from incorrect inputs, and executional skill, the ability to reliably produce
correct outcomes from correct inputs. We show that the presence of technology crowds out
active human decision-making among individuals with low decision quality. Moreover, adoption
patterns differ sharply across technologies: autonomous technologies complement innovative
skills, whereas assistive technologies complement executional skills. Our model offers empirically
testable relations among types and qualities of Al, their sensitivity to training data, human

decision patterns, and overall welfare.
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1 Introduction

Technologies enable humans to complete many tasks more efficiently. As reliance on technology
increases, however, human abilities to perform these tasks often deteriorate. For example, as students
rely on calculators, their arithmetic skills weaken; as automatic transmissions become ubiquitous,
fewer drivers know how to operate manual cars. While this pattern has long been observed, the
resulting obsolescence of human executional skills was rarely a serious concern. As long as the final
output is correct, it matters little whether it is produced by hand or by a machine.

This logic breaks down in the age of artificial intelligence. Modern Al systems rely critically
on human inputs for training, and the tasks they perform are no longer purely executional. For
instance, large language models such as ChatGPT learn to write by absorbing vast amounts of
human-generated text. If individuals increasingly rely on such systems for writing and original human
production declines, the technology itself may undergo structural change. This raises a fundamental
question: when human skills are multidimensional, which skills are replaced by technology, and which
are augmented? How does a technology’s reliance on active human inputs shape this decomposition?
And how do assistive technologies differ from autonomous technologies in their impact on active
human decision-making?

To address these questions, we develop a framework based on Markov matrices to study substitution
and augmentation between human decision-making and technology. Each agent chooses whether to
adopt the technology and whether to rely on an active human decision rule or passively follow the
technology’s rule. Both human and technological decision rules are represented as Markov matrices
over the action space. Motivated by the features of model training, we allow the technology provider
to integrate its model with all active human decision rules. The platform charges a usage fee to
maximize profit. This flexible integration of decision matrices allows us to capture, in a unified
way, the distinction between assistive and autonomous technologies. When the technology’s rule
determines the final action, the technology is autonomous—even if it takes human input as an initial
signal. By contrast, when humans retain final control, the technology is assistive.

Despite its simplicity, a binary action space—correct or incorrect—is rich enough to capture
two distinct human skills. The ability to generate correct outcomes from incorrect inputs naturally
corresponds to innovative skill. In contrast, the ability to reliably produce correct outputs from

correct inputs reflects executional skill.



We first show that the presence of technology—whether assistive or autonomous—crowds out
active human decision-making among individuals with the lowest decision quality, that is, those with
weak innovative and executional skills. For these individuals, skills become most obsolete in the
presence of technology. More counterintuitively, assistive technologies can crowd out more active
human decision-making than autonomous technologies. With autonomous technologies, initial human
input remains valuable when it improves the quality of the status-quo input. By contrast, assistive
technologies generate the initial decision themselves, raising the bar for human intervention to be
beneficial and thereby discouraging active human involvement.

Finally, we show that the division between users and non-users differs sharply across assistive and
autonomous technologies. Because autonomous technologies make the final decision, their execution
quality is paramount, and they complement humans with stronger innovative skills, who provide
high-quality initial inputs. Assistive technologies, by contrast, derive value primarily from their
innovative capability and thus complement humans with stronger executional skills, who implement
the final decision. As a result, users of autonomous technologies tend to have higher innovative skills,
whereas users of assistive technologies tend to have higher executional skills.

Related Literature

This paper is related to the classic literature on how technological change reshapes the demand
for human skills. Canonical task-based frameworks emphasize that computerization substitutes for
routine tasks while complementing non-routine cognitive activities, thereby reweighting the relative
importance of different skill dimensions in production, for example, Autor et al. (2003), Goos et al.
(2014), and Acemoglu and Restrepo (2022). More broadly, the literature on skill-biased technical
change emphasizes that technological progress complements skilled labor and raises relative demand
for higher skills, with implications for wage inequality and employment composition. Violante (2018)
provides a comprehensive review of this literature.

A growing empirical literature on artificial intelligence documents substantial heterogeneity in its
effects across workers and settings. Both Maasoum and Lichtinger (2025) and Brynjolfsson et al.
(2025) document declines in employment among early-career workers in Al-exposed occupations,
while employment for more experienced workers remains stable or increases. These empirical findings
are consistent with our result that individuals with low skills along both dimensions optimally choose

passive use, which makes them more susceptible to substitution.



In terms of topic, the closest to our paper is Ide and Talamas (2025), which builds on the
literature on knowledge hierarchies pioneered by Garicano (2000) and further developed in later work
by Garicano and coauthors (e.g., Garicano and Rossi-Hansberg, 2004; Antras et al., 2006; Fuchs et al.,
2015). Ide and Talamas (2025) model AT as a scalable agent capable of applying tacit knowledge
at scale through compute. Embedding AI into a hierarchical production framework, they show
that in competitive equilibrium, Al reorganizes occupational roles by substituting for humans with
similar knowledge while complementing those with different knowledge levels, thereby reshaping labor
allocation across the economy. Compared to their framework, we study endogenous Al technologies
that learn and improve by integrating active human decision rules, as well as a technology provider’s
optimal design of usage fees to maximize profit while accounting for this reliance on human inputs
for model enhancement. Besides, we introduce a multidimensional skill structure that distinguishes
between execution and innovative skills, highlighting skill-specific effects of different AI technologies:
assistive Al primarily complements execution skills and is therefore adopted by individuals with strong
execution but weaker innovative ability, whereas autonomous Al mainly complements innovative
skills.

Methodologically, this paper builds on the Markov-matrix framework developed in Zhong (2025)
to study how AI substitutes for or augments multidimensional human skills. Zhong (2025) shows
that, in multilayered decision processes, the optimal integration rule is to deploy higher-quality
technologies (measured by error-correction capability normalized by new errors introduced) in later

stages. We adapt this framework to analyze how Al shapes and is shaped by human decisions.

The remainder of the paper is organized as follows. Section 2 presents the model setup. Section
3 characterizes the equilibrium for both autonomous and assistive technologies, examining how
technology providers set usage fees and how players self-select into active or passive decision makers.
Section 4 analyzes the broader implications of technological progress on active choice, specifically
demonstrating how autonomous systems can unexpectedly induce more active human decision-making

than assistive ones. Section 5 concludes.



2 Model Setup

Players are infinitesimal and indexed by a type s € S, where S is a measurable type space. A player’s
type summarizes her decision-making characteristics. With a slight abuse of terminology, we also refer
to S as the set of players. There is also a default type, Z € S, reflecting the decision characteristics
associated with a passive decision.

A technology provider supplies a technology ¢t € T. Each player chooses whether to adopt the
technology and, conditional on that choice, whether to make an active decision using her own decision
rule s or to rely on the default Z in the decision-making process. Accordingly, the player set S can
be partitioned into four subsets {U;, Uy, Ny, Ny}, where U and N denote users and non-users of the
technology, respectively, and the subscript 1 and 0 indicate active decision making (using s) and

passive decision making (using 7).

Innovation v.s. Execution Skills Suppose there are two possible outcomes, viable and non-viable,
which together form a binary state space. The ex ante probability of a viable outcome is pg, yielding
the prior distribution pg = (po, 1 — po) over the state space. We assume py < % so there is still
sufficient

A decision-maker is characterized by two skill parameters: s, the probability of correctly executing
a viable recommendation, and s, the probability of identifying errors and transforming a non-viable
recommendation into a viable outcome. We refer to s, as execution skill and s, as innovation skill.

A player’s type s is represented by the transition matrix

Sy 1—s,

S= )

Sy 1—s,
where the rows correspond to the initial state (viable or non-viable) and the columns correspond to the
resulting state after the decision. In this matrix, s, represents the probability of preserving a viable
recommendation, while s, represents the probability of converting a non-viable recommendation
into a viable outcome. Applying this transition to the prior state distribution yields the posterior
distribution pgS after the decision is made.

We assume that players are uniformly distributed over the right triangle defined by 0 < s, <'s, <1

in the (s, $,) space. For any player, execution skill s, must be at least as high as innovation skill



Sy, reflecting the fact that it is generally easier to maintain a viability than to generate it from a
non-viable recommendation.

Two metrics prove particularly useful for characterizing the transition of the state distribution:
the skill difference §5 = s, — s, and the invariant probability ns = s,/(s, + 1 — s;), which captures
innovation skill s, relative to execution error 1 — s, and provides a one-dimensional measure of
decision quality. Applying the decision rule described by the transition matrix shifts the prior
probability of the viable state toward 7, at a convergence speed of 1 — §,.

The decision maker can passively accept the recommendation without modification. This corre-

sponds to the default type

which leaves the state unchanged. We interpret this default type as passive acceptance of the status

quo, with no execution errors and no innovation.

Technologies Technologies can be represented as 7 = T(M,U; U N;), where M is a two-
dimensional Markov matrix that encodes the technology’s innovation and execution qualities. In-
tuitively, 7 can be “trained” using observable decision rules in the economy, specifically, the active
decision-making rules of users and non-users (U; UN;). A key assumption here is that technology can
only be trained on observable decision rules. If a player abandons their own skill s and instead uses
the passive decision Z (i.e., the set UgUNy), the potential training value associated with observing s is
lost. This mechanism captures the possibility that technology use may reduce active decision-making,
which in turn affects the training of the technology.

In general, the technology offered to users can be trained arbitrarily based on the active decision
rules in the economy, U; UNj. For concreteness, we adopt the following formulation as our primary
specification

T=E(S|S€S(U UNy))M, (1)

where M provides a linear transformation of the average active decision rules based on the average
type in U; UN;. Here, M itself is a two-dimensional Markov matrix. The skill differences, §; and
Om, and the invariant probabilities, 7; and 7,,, are defined analogously to those of the player, but for

the technology matrix 7 and the model M. We assume that both the model M and the average



player type E(S | S e S) have invariant probabilities exceeding pg. This ensures that the technology
represents an improvement over the initial situation.

We consider two types of technologies: autonomous and assistive. Autonomous technologies follow
human directives yet exercise final control, while assistive technologies offer suggestions to human
users, who retain ultimate decision-making authority. The differences in production and payoffs are

detailed below.

Production and Payoffs The payoff associated with viable and non-viable final outcomes is
normalized as 1 = (1,0)". In the absence of technology, the posterior state distribution is ppS for
active decision makers and poZ for passive decision makers. A player of type s € S produces and
receives a payoff

Y (S) = poS1 if in Ny

Y (I) = poI]_ = DPo if in NO

where S and Z denote the active and passive decision rules, respectively.
For autonomous technologies, the state distribution is first transformed by the human directive S

or Z, followed by the technology 7. Production is then given by

G(S|T) =poST1 if in Uy )
. 3
G(Z|IT) =poZT1l =po71 ifin Uy

For assistive technologies, the technology matrix 7 first transforms the state distribution, after

which human skill S or 7 is applied. Production is

G (S|T) =poTS1 if in Uy
: (4)
G(Z|T)=poTZ1 =poT1 ifin U,

The monopolistic technology provider charges a uniform fee f to all users', so that a player’s

payoff when using the technology is given by G(- | T) — f.

1A uniform fee per use is more profitable for the provider than a fractional scheme that takes a fixed share of
production.



Definition of Equilibrium The technology provider chooses f to maximize total profit
m?X fr (U UTyp). (5)

For any given fee f, players rationally self-select into the four subsets {U; (f), Uy (f), Ny (f),No (f)}

by choosing the option that yields the highest payoff:

G(s|T)—f ifinU;
G(I|T)—f ifinUp

Y (T) if in Ny

An equilibrium consists of an optimal fee f* that maximizes (5) and the corresponding player choices

in technology usage and active/passive decisions {U5 (f),U§ (f), N7 (f),N§ (f)}.

3 Characterization of Equilibrium

In this section, we characterize player choices and the strategies of the technology provider, analyzing

autonomous technologies in Section 3.1 and assistive technologies in Section 3.2.

3.1 Autonomous Technology

Autonomous technology receives human directives and executes actions without human final inter-
vention. Within this framework, the human directive is represented by a state with distribution poS.

The technology shifts the distribution toward its invariant distribution (1,1 — n;), producing
G(S|T) =poST1 = (1 = 6¢)m + & PoS1, (7)

a weighted average of n; and the output associated with the human directive, poS1 = psz + (1 —pg)ss.
The technology’s execution-innovation skill difference d; governs the relative weight of the human
input in the final output.

The human player may also choose to act passively, in which case the technology operates



according to the default directive Z, producing an output

G(Z|T) =poZT1 = (1—6)n + depo - (8)

While passive users of the technology produce a fixed output, active users generate an output
that rises with their execution and innovation skills. However, this output responds less to player
skills than for active decision makers who forgo the technology, who obtain ppS1 directly, without
the moderating effect of the technology’s quality.

A player’s use of the technology is also influenced by the usage fee, which the provider sets to
maximize its revenue. In principle, the technology provider could set the fee high enough that some
low-skill players might prefer to rely on the default directive without using the technology. However,
such a fee would be counterproductive, as it deters all players from using the technology. Lemma 1

formalizes this intuition.

Lemma 1 The provider of the autonomous technology never sets a fee exceeding the difference in
output between a passive user and a non-user of the technology, poT1 — pg. Consequently, no player

chooses to become a passive non-user, Nij = ().

Low-skill players benefit more from the technology than higher-skill players. The output difference

between a user and a non-user of the technology is given by

G(SIT) =Y (8) = (1 = 6:)(n: — PoS1) (9)

for active decision makers, and

GIIT) =Y(Z) = (1 = 6:)(m — po) (10)

for passive players. This difference is larger for lower-skill players. Intuitively, a fee that is too high
for low-skill players, who benefit most from the technology, also discourages higher-skill players from
using it.

Any usage fee below the threshold in Lemma 1 divides players into at most three groups: passive
users of the technology (Up), active users of the technology (U; ), and active non-users of the technology

(Ny). Specifically, players unable to improve on the default directive become passive users (Uy),



whereas those who can generate higher output than the technology net of the fee act independently

as active non-users (Np). The following proposition characterizes this partition.

Proposition 1 Let the usage fee satisfy f < poT1 — po. Then a player with access to autonomous

technology chooses
Uo, if pose + (1 —po)sy < po,

Ula pr() < poSz + (1 _pO)sv < e — %; (11)

t

Ni, ifposs + (1 —po)ss >m — 115

¢
Players choose their actions based on the weighted average of their execution and innovation
skills, pos; + (1 — po)sy, as illustrated in Figure 1. Those with the lowest average skill choose Uy,
those with intermediate average skill choose Uy, and those with the highest average skill choose Nj.
The threshold between U; and Nj reflects the trade-off among the technology’s output, players’ own
capability, and the technology usage fee. In comparison, the threshold separating Uy and U; does
not depend on the technology’s quality or the provider’s decision. Specifically, Uy comprises players
whose average skill lies below pg, whereas active decision makers in U; UN; are those with average
skill exceeding py. As a result, any specification of the technology 7 =T (M, U; UNy), including
but not limited to the linear specification in (1), is independent of the provider’s pricing strategy.
In equilibrium, the technology provider chooses the usage fee f to maximize revenue, equal to
the fee multiplied by the measure of users, u(U; U Uy). Equivalently, the provider can be viewed as
choosing an adoption threshold 6, defined by poS1 = 6, which separates users in U; U Ug from non-
users in Nj. Under this parametrization, the fee associated with threshold 6 is f(0) = (1 —d;)(n: — ).
By Lemma 1, feasibility requires f(0) < po7T1 — po = (1 — &:)(n: — po), which implies § > pg. The

provider’s problem therefore reduces to

max (1 —6;)(n: — 0) (S | posz + (1 — po)s, < 6) (12)
0€[po,1]

Although the execution—innovation skill gap of the technology, d;, proportionally scales the provider’s
payoff, it does not influence the optimal strategy. Proposition 2 characterizes the resulting optimal

threshold 6 and usage fee.

10
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Figure 1: Player Choices with Autonomous Technologies
The figure depicts the decision regions for a player with access to autonomous technology in S = {(sz, $5)|0 <
Sv < 8 < 1} with light, medium, and dark gray representing Uy (passive users), U; (active users), and

N; (active non-users) respectively. Parameters are po = 0.3 and n; = 0.9, and the technology provider sets
f=0.2952.

Proposition 2 The autonomous technology provider chooses the adoption threshold poS1 = 0%, with

(13)

_ _ 2 _
9*:max{2+nt \/(1 3nt) +301 pO)’pO}.

and sets the corresponding fee as f* = (1 — 6;)(n — 6%).

When the technology is of reasonably high quality, 7: > 3pg/2, the provider optimally chooses an
adoption threshold 6* > pg, leading to a positive measure of players actively using the technology
(Uy). This condition is satisfied in most reasonable scenarios, for instance, when the technology is
model-free and reflects the average type of active decision-makers 7 = E(S | § € S(U; UNy)). The
case is illustrated in Figure 1, where the provider selects the optimal fee and adoption threshold in
response to the exogenously specified technology 7, = 0.9.

Within this region, the optimal threshold 6* rises with technology quality n;. As the technology
becomes more effective, players gain greater output from using it compared with acting independently.
This improvement allows the provider to both increase the usage fee and attract a larger user base.

Corollary 1 formalizes how 6* responds to changes in 7.
Corollary 1 As the technology’s invariant probability n, rises, the optimal threshold 6* increases.

11



This improvement in technology prompts some active non-users Ny to transition into active users U;.

In the less common case in which the technology is not of sufficiently high quality relative to
the initial situation, n; < 3pg/2, the provider sets 8* = py. In this case, players either passively use
the technology (Up) or make active decisions without technology (Nj), so the three-way partition

collapses into a two-way partition.

3.2 Assistive Technology

In contrast to autonomous technology, assistive technology supports and advises human decision-
making, while leaving final control and execution with the human. The technology’s advice is
represented by the distribution pg7, and the resulting output is equal to the weighted average of the

player’s decision quality 75 and pg71,

G(S|IT) =poT1lsy + (1 —poT1)sy, = (1 —3d5)ns + 0spoT1. (14)

Because the technology improves the state distribution relative to the initial state, this output is

always higher than that from active decision making without technology, which is given by

Y(S) = poSz + (1 _pO)Sv = (1 - 55)775 + 5sp0~ (15)

Assistive technology also places a higher weight on execution skill s, and a lower weight on
innovation skill s,. In other words, players with a high execution skill relative to the innovation skill
benefits more from the adoption of assistive technology.

The human player may also follow the technology’s advice without further intervention, in which
case the output is G(Z|T) = po7T1. Similar to autonomous technology, this action Uy always

dominate passive decision without technology Ny. Lemma 2 describes this result.

Lemma 2 The provider of assistive technology never sets a fee above poT1 — py. Consequently, no

player chooses to become a passive non-user, N = ().

Players whose weighted average of execution and innovation skills, pgs, + (1 — pg)s,, exceeds
Po71— f will choose Ny over Uy. However, unlike in the case of autonomous technology, this weighted

average is no longer the sole determinant of players’ actions. Instead, the relative contributions

12
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Figure 2: Player Choices with Assistive Technologies
The figure depicts the decision regions for a player with access to assistive technology in S = {(sz, $,)|0 <
S < 8 < 1} with light, medium, and dark gray representing Uy (passive users), U; (active users), and N;
(active non-users), respectively. Parameters are po = 0.3, 7, = 0.8,d,, = 0.5, and the technology provider
sets f = 0.2578.

of execution and innovation skills, captured by s and 7, also play a significant role. Specifically,

players whose execution-innovation skill difference satisfies

3s(PoT1 —po) = G(S|IT) =Y (5) < f, (16)

will choose Ny over U;. Meanwhile, players with a high innovation skill relative to their execution
error, satisfying

(1=0s)(ns =poT1) = G(S|T) - G(Z|T) = 0 (17)
will choose U; over Uy. Proposition 3 summarizes the preceding analysis.

Proposition 3 Let the usage fee satisfy f < poT1 — po. Then a player with access to assistive

technology chooses

Uo, ifns <poT1 and pos, + (1 —po)sy, < poT1— f,

Ul, Zf Ns > pOTl and 65 Z m, (18)

N1, if pose + (1 —po)sy > poT1— f and 05 < 1;)07—.7;‘—[)0'
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The sets Uy, Uy, and Ny partition S radially, with three boundaries intersecting at a common
point, as shown in Figure 2. The boundary between Uy and N is parallel to the boundaries in Figure
1. The boundary between Uy and U; emanates from the point (s, s,) = (1,0), which corresponds to
players of type s = Z. The boundary between U; and N; has a 45-degree slope, separating players
with high and low execution—innovation skill differences.

In this equilibrium, players with the highest innovation skill choose to make active decisions
without using the technology, selecting N;. All remaining players use the technology. Among
these technology users, players with sufficiently high execution skill choose to make active decisions,
selecting Uy, whereas the remaining players, who have relatively low skills in both dimensions, choose
Up.

The technology provider’s pricing strategy affects the composition of active decision makers,
U; UN;. A higher usage fee raises the skill thresholds required to make active decisions and, as a
result, increases the average skill level within this training set. In turn, this enhances the technology,
T =E(S|S €U; UNy) M.

We characterize the technology provider’s revenue-maximization problem using the threshold
0, defined by the line pgs; + (1 — po)s, = 0, which separates Ny from Uy. The other boundary

separating non-users and users of the technology, that is, between N; and Uy, is characterized by

Po’/ (9)1_6
— i S 1
& po7(0)1 —po’ (19)

where T (0) emphasizes the dependence of T on #. This threshold is decreasing in #. Consequently,
an increase in 6 tightens both boundaries surrounding N; and reduces the measure of non-users. We

characterize the platform’s optimal threshold and pricing decision in the following proposition.

Proposition 4 The assistive technology provider sets the adoption threshold 6* to the value that

maximizes

Jnax (PoT ()1 — 6) (U1 (F) UTL(H)), (20)

where, for each 0, the scalar poT (0)1 is uniquely determined by the implicit equation

P07 (0)1 = po E(S|S € Ur(0) UN1(0)) M1, (21)

14



with the sets Uy (0) and Ny(60), specified in Proposition 3, themselves depend on poT (6)1.

The corresponding usage fee is f* = poT (0*)1 — 0*.

Similar to the case of Autonomous Technologies, the provider chooses 8* > py when the technology
is of reasonably high quality. Figure 2 illustrates the resulting partition when the provider selects
the optimal fee and adoption threshold in response to an exogenously specified model (7, = 0.8,
dm = 0.5). In the less common scenario where the technology is not of sufficiently high quality
relative to the initial distribution, the provider sets 8* = py. Here, players either passively use the
technology (Up) or make active decisions without it (Ny), so the three-way partition collapses into
a two-way one. Since active decision-making with technology (U;) no longer occurs, there is no
distinction between Assistive and Autonomous Technology. They are effectively identical.

Because the technology 7 is endogenous to the provider’s decision, we focus on the model M,
which is exogenous to the provider’s choice. Variations in the model influence all three boundaries
separating Up, U;, and N;. In particular, as the model quality 7, increases, the boundary between

Up and Uy, ¢ = poT (0*)1, rotates counterclockwise around (s, s,) = (1,0), driven by the fact that

PoT (0)1 = (1 = 6m) 0 + 0m PoE (S | S € U(8*) UNL ()1, (22)

increases with 7,,. As a result, some users who were previously active U; transition to passive usage
Up.

The movement of the other two boundaries depends on the technology provider’s choice 6*.
Corollary 2 characterizes how the optimal threshold 6* depends on 7,, and highlights the resulting

implications for player choices.

Corollary 2 As the model’s invariant probability n,, rises, the optimal threshold 0* increases. This
improvement in model quality prompts active non-users Ny to transition to passive users Ug. In

addition, some technology users who previously made active decisions Uy shift to passive usage Uy.

Similar to the case of autonomous technology, an increase in 7, raises the optimal threshold 6*,
reflecting an expansion of the user base as model quality improves.
Equation (22) also highlights that the technology itself depends on input from active decision

makers. Higher average skills among these decision makers enhance the technology’s usefulness for all

15



participants. The model’s execution-innovation skill difference, d,,,, governs the relative importance of
the model’s inherent quality versus the contribution of active decision-making. This relative weighting
also affects the technology provider’s choice of adoption threshold. Corollary 3 characterizes how this

decision varies with the model’s execution-innovation skill difference §,,.

Corollary 3 When the average skill from active decision makers poE (S| S € U(6*) UN1(6%)) 1
equals the model invariant probability 1., the optimal threshold 0* increases with &y, .
This implies that, as the model places greater weight on the input from active decision makers,

some active non-users Ny transition to passive users Uy while others become active users Uy.

Corollary 3 holds poE (S | S € Uy (6*) UN(6*)) 1 = 0, to isolate the effect of this relative weight.
As §,, increases, the influence of active decision makers grows, leading the technology provider to
raise 6, thereby reducing the set of active decision makers and increasing the average skill level
among those who remain active. Figure 3 illustrates this effect. The hatched region highlights active
non-users who adopt the technology, transitioning from N; to either Uy or U;. By keeping the average
skill close to 7,,, the figure isolates the impact of increasing d,,, on player behavior. As a result, the
distribution of choices shifts: fewer players remain active, but those who do contribute more strongly

to the technology, reflecting a concentration of influence among the most skilled participants.

4 Technology Usage and Active Choice

Technological progress reshapes who remains actively involved in decision making. The introduction
of technology crowds out active decision making primarily among individuals with the lowest decision
quality. As illustrated in Figures 1 and 2, players with weak skills in both execution and innovation
and located closer to the origin optimally choose to become passive users of technology Uy.

As technology improves, this effect intensifies. Improvements in assistive technology enhance its
effectiveness as a substitute for human decisions, thereby shrinking the set of active decision makers,
as formalized in Corollary 2. These comparative statics describe how technological quality affects
individual choice, taking the structure of technology as given.

Although this paper treats the assistive versus autonomous form of technology as exogenous,
improvements in quality may in practice influence how providers design and structure their systems.

In particular, technologies are often deployed in an assistive mode when their quality is moderate. At
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Figure 3: Player Choice Shifts with Stronger Technology Response to Active Input

The figure depicts how player choices shift when the technology assigns greater weight to input from active
decision makers. The hatched region highlights active non-users who adopt the technology, transitioning
from N; to either Uy or U;. The parameters are set to n,, = 0.6, with &,, chosen so that the equilibrium
PoE (S| S € Ui (") UN1(07)) 1 remains close to 0, both before and after the change in .

intermediate performance levels, systems generate recommendations that reduce errors or improve
efficiency while leaving critical decisions to humans. By contrast, autonomous technologies must
operate reliably without human oversight, requiring substantially higher quality in sensing, reasoning,
and control. Empirical and theoretical studies across domains such as autonomous vehicles, robotics,
and enterprise Al illustrate this distinction: lower-capability systems function effectively as assistive
tools, whereas true autonomy emerges only once performance crosses a threshold that ensures safe
and reliable outcomes.

Counterintuitively, assistive technologies can crowd out active human decision-making more than
autonomous technologies. With autonomous systems, initial human input remains valuable when
it improves the state over the status quo. With autonomous systems, initial human input remains
valuable whenever it improves the state relative to the status quo. Specifically, if poS1 > pg, or
equivalently, if the invariant probability satisfies 1, > pg, active users achieve higher payoffs than
passive users,

G(S|T) = poST1 > poIT1 = G(Z|T). (23)

By contrast, assistive technologies generate the initial decision themselves, raising the threshold for
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human intervention to be beneficial and thereby discouraging active human involvement. According
to Proposition 3, the human player’s invariant probability 7, must exceed the elevated threshold
Po7 1 for their input to enhance production output.

This distinction between assistive and autonomous technologies has sharp implications for the

extent of active human involvement, which we formalize in the following proposition.

Proposition 5 Given the same initial state distribution po = (po, 1 — po), autonomous technologies
always induce more active decision-making than assistive technologies, regardless of differences in

model quality or technology specification,

,U/Autonomous([Ul U Nl) 2 /ffAssistive(Ul U Nl) . (24)

Autonomous technologies consistently promote more active decision-making than assistive tech-
nologies, independent of model quality or technology specification. This occurs because, under
autonomous technologies, the set U; UNj is fixed by the triangular region defined by the boundary
posz + (1 — po)sy = po, whereas under assistive technologies, some players within this region may
optimally choose to remain passive. Figure 4 compares player choices in Figure 1 and Figure 2. The
vertically hatched trapezoid represents players who are passive users under assistive technology but
become active users under autonomous technology.

Overall, the analysis highlights a surprising implication: as technology advances from moderate-
quality, assistive systems to high-quality, autonomous systems, human engagement need not decline.
Instead, reliable autonomous systems can create conditions that encourage active participation, as
humans’ contributions remain meaningful and beneficial. This suggests that technological progress,
when coupled with effective system design, can strengthen rather than undermine human decision-

making, highlighting how human skill and artificial intelligence can complement each other.

Figure 4 further illustrates how the shift from assistive to autonomous technologies reshapes
the composition of technology users. Before the transition, the boundary between N; and U; has
a positive slope; after the transition, it has a negative slope. As a result, players in the diagonally
hatched trapezoid move from being active decision-makers who do not use the technology (N;) to
active technology users (U;), while players in the dotted triangle shift from active technology users to

active non-users. This reallocation of players across regimes is further characterized in Proposition 6.
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Figure 4: Evolution of player choices from assistive to autonomous technologies

The figure illustrates the transition of player choices between assistive and autonomous technologies. The
vertically hatched trapezoid denotes passive users who become active (Ug — Uy), the diagonally hatched
trapezoid represents the expansion of technology use by active decision-makers (N; — Uy ), and the dotted
triangle indicates a contraction of usage (U1 — N1). The parameters are consistent with those used in Figures
1 and 2, with the autonomous technology example characterized by a higher invariant probability 7;.

Proposition 6 Moving from assistive to autonomous technology reallocates agents across regimes:
players with high execution skill but only moderate innovation skill shift from active technology users

U, to active non-users Ny, while a subset of players with moderate levels of both skills may move

from Ny to U;.

Proposition 6 highlights a reallocation in which players with high execution skills shift from active
technology users to non-users, while those with relatively lower execution skills move in the opposite
direction. This pattern arises because assistive and autonomous technologies require qualitatively
different human skill sets. The distinction is ultimately driven by a stage-specific complementarity
in this two-layer decision structure, whereby strong early-stage innovation enhances the returns to
high execution skill in later stages, and strong execution similarly raises the value of early-stage
innovation.

Autonomous technologies, which make the final decision, place a premium on execution quality
and therefore complement humans with stronger innovation skills, who can provide high-quality
initial inputs. When the probability of a viable human directive ppS1 is high, strong later-stage

execution by the technology further amplifies the overall output, allowing early-stage innovation to
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have greater impact. Assistive technologies, by contrast, derive their value primarily from supporting
innovative processes, and thus complement humans with stronger execution skills, who carry out the
final implementation. The following expression illustrates that s, is complementary to the technology,

whereas s, acts as a substitute,

Po7TS1 =poT1ls, + (1 —peT1)s,. (25)

When the technology’s recommendations pg7 1 are sufficiently reliable, human innovation plays a
diminished role.

Consequently, the composition of technology users differs sharply across the two modes. Among
technology adopters, users of autonomous systems tend to exhibit higher innovation skills, while

users of assistive systems tend to exhibit higher execution skills.

5 Conclusion

While the introduction of technologies like automatic transmissions and calculators has historically
led to the deterioration of basic human executional skills, the age of artificial intelligence introduces
a more complex dynamic where human input remains critical for model performance. This study
demonstrates that the impact on human ability depends largely on whether a system is assistive or
autonomous: while both forms crowd out active decision-making among those with low skill levels,
assistive systems can paradoxically discourage human involvement more than autonomous ones by
raising the threshold for beneficial intervention. Furthermore, the two modes complement distinct
dimensions of expertise, with autonomous systems favoring those with high innovation skills to provide
directives and assistive systems favoring those with high execution skills to implement suggestions.
Ultimately, the transition toward high-quality autonomous technology does not necessitate the
obsolescence of human skill; rather, it suggests that strategic system design can foster a sustainable

complementarity where human expertise and artificial intelligence reinforce one another.

20



References

Acemoglu, D. and Restrepo, P. (2019). Artificial intelligence, automation, and work. Journal of

Economic Perspectives, 33(2):3-30.

Acemoglu, D. and Restrepo, P. (2022). Tasks, automation, and the rise in U.S. wage inequality.
Econometrica, 90(5):1973-2016.

Antras, P., Garicano, L., and Rossi-Hansberg, E. (2006). Offshoring in a knowledge economy. The

Quarterly Journal of Economics, 121(1):31-77.

Autor, D. H., Levy, F., and Murnane, R. J. (2003). The skill content of recent technological change:

An empirical exploration. Quarterly Journal of Economics, 118(4):1279-1333.

Brynjolfsson, E., Chandar, A., and Chen, K. (2025). AT and the reorganization of work. Working

Paper.

Brynjolfsson, E., Li, D., and Raymond, L. (forthcoming). Generative Al at work. Quarterly Journal

of Economics.
Chen, Y., Gong, J., Li, J., and Zhao, W. (2025). Al assistance and human effort. Working Paper.

D’Acunto, F., Prabhala, N. R., and Rossi, A. G. (2019). The promises and pitfalls of robo-advising.

Review of Financial Studies, 32(5):1983-2020.

Dell’Acqua, F. et al. (forthcoming). Falling asleep at the wheel: Human—AI collaboration and

attention allocation. Management Science.

Dietvorst, B. J., Simmons, J. P., and Massey, C. (2018). Overcoming algorithm aversion: People
will use imperfect algorithms if they can (even slightly) modify them. Management Science,

64(3):1155-1170.
Ferreira, D. and Li, J. (2026). Artificial intelligence in the boardroom. Working Paper.

Fuchs, W., Garicano, L., and Rayo, L. (2015). Optimal contracting and the organization of knowledge.
The Review of Economic Studies, 82(2):632-658.

Garicano, L. (2000). Hierarchies and the organization of knowledge in production. Journal of political

economy, 108(5):874-904.

21



Garicano, L. and Rossi-Hansberg, E. (2004). Inequality and the organization of knowledge. American

Economic Review, 94(2):197-202.

Goos, M., Manning, A., and Salomons, A. (2014). Explaining job polarization: Routine-biased

technological change and offshoring. American economic review, 104(8):2509-2526.

Hui, X., Reshef, A., and Zhou, L. (2024). The labor market effects of generative artificial intelligence.

Working Paper.

Ide, E. and Talamas, E. (2025). Artificial intelligence in the knowledge economy. Journal of Political

Economy, 133(12):3762-3800.
Maasoum, M. and Lichtinger, A. (2025). Who benefits from generative AI? Working Paper.

Otis, E., Santini, P., Coyle, D., and Brynjolfsson, E. (2025). Algorithmic advice and human decision

making. Working Paper.

Violante, G. L. (2018). Skill-biased technical change. In The new Palgrave dictionary of economics,

pages 12389-12394. Springer.

Zhong, H. (2025). Optimal integration: Human, machine, and generative ai. Management Science.

22



Appendix

Proof of Lemma 1

We show that the action Ny is strictly dominated for any player.
Suppose, to the contrary, that under the optimal usage fee f*, there exists a player who chooses

Np. Then this player must strictly prefer Ny to passive use of the technology, Uy, which requires
f*>poT1—pol. (A1)

We show that condition (A1) implies that active use of the technology, Uy, is strictly dominated

for all players. First, consider players for whom poS1 > pgl. Under (Al),
poST1 — f* <poST1— (poT1 - pol) = poS1,

so action U; yields strictly lower payoff than Ny and is therefore strictly dominated.

Next, consider players for whom pgS1 < ppl. In this case,
PoST1 — f* <poT1— f* <pol,

where the last inequality follows from (A1). Hence, Uy is strictly dominated by Njy.
Thus, under (A1), no player optimally chooses Uy, implying that no player uses the technology
at all. Consequently, the technology provider earns zero revenue, implying that the fee f* cannot be

optimal. This contradicts the assumption that some player chooses Ny. Therefore,
[T <PoT1—pol =poT1—po,
and Ny is never chosen in equilibrium, N = (. B

Proof of Proposition 1

Subtracting (7) from (8) yields

G(S|T) = G(Z|T)=b(poS1 ~ po). (A2)
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This difference is nonnegative if and only if ppS1 > po.

Next, from equation (9), we obtain
GS|T)~f-Y(S)=(1—6)(m — PoS1) — f. (A3)

This expression is nonnegative if and only if poS1 < n; — f/(1 — d;).

Under the assumption f < pg7 1 — pg, the latter threshold for ppS1 exceeds the former threshold,

T1-— 1-6 + dipo —
Mt — 1f5t > g - 2P0 ZTlt—( t)e + 0P — Po = o (Ad)

1—-46; 1—46;

where the equality follows from equation (8).

Taken together, these conditions characterize the player’s optimal action, as summarized in (11).

Proof of Proposition 2

Because 0 > pg, the set pos; + (1 — po)s, > 0 forms a triangle in the (s.,s,) plane with vertices

(0,0), (1, (0—po)/(1 fpo)), and (1,1). Its area is (16 " .nd since players are uniformly distributed

2(1=po)’
over a triangle of area %, the measure of this set is (}:ZZZ. Consequently,
(1-0)?
(ne = 6) (S [ posa + (1 = po)sy < 0) = (0 = 6) (1= 0 ) (A5)

This expression is unimodal in € over the interval 6 € [0, 1]. Differentiating with respect to 6 yields

the first-order condition

_ 24 m— /(1 —m)? +3(1 —po)

0
3

(A6)

Thus, the provider’s optimal adoption threshold is given by (13). The corresponding fee is determined
by

T
Tt 1_5t*9- (A7)
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Proof of Corollary 1

When 6* > pg, differentiating (13) with respect to 7; gives

a1 L=
dne 3 <1+ V(I =n)?+3(1 —po)> ' (49

It follows that 8* is non-decreasing in 7;. Consequently, as the technology’s invariant probability

7 increases, some active non-users N; transition into active users U;. B

Proof of Lemma 2

Suppose, toward a contradiction, that in equilibrium some player chooses action Ny. Then this player

must strictly prefer Ny to Uy, which implies

" >pPoT1—pol.

Under such a fee, all players strictly prefer Ny to Uy.

Moreover, for any skill matrix S,

Po7S1 — poS1 = ns(poT1—pol) < poT1l—pol < [,

where the equality follows from the fact that S shifts beliefs toward its invariant distribution. Hence,
action Uj is strictly dominated by Ny for all players.

It follows that no player finds it optimal to adopt the technology under fee f*, contradicting
the assumption that Ny is chosen in equilibrium. Therefore, the provider never sets a fee above

po7 1 — pg, and consequently N = (). W

Proof of Proposition 3

From equation (16), the player prefers N; to Uy if and only if

f
0y < —————. A9
poT1—po (A9)
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From equation (17), the player prefers U; to Uy if and only if
7s > PoT 1. (A10)
Finally, the player prefers Ny to Uy if and only if
PoS1 = posz + (1 —po)sy > poT1— f. (A11)

Taken together, these conditions characterize the player’s optimal action, as summarized in (18).

Proof of Proposition 4

For a given 6, the associated usage fee satisfies § = poT ()1 — f, so that the provider’s optimization
problem is described by (20).

Let p' represent po7 (0)1. The set U;(#) UN;(6) forms a non-convex quadrilateral with vertices

t t

pt—0 pt—0
1—po), 60— , (1,0), (1,1).
o —po( Po) = pOP(J) (1,0), (1,1)

0,9), <9+

Consequently, the average execution skill within U; () U Ny (0) is

t —opt pt_p
(1—pt)(pt—p0)2% +(pt—9)2 (pt-l- wlﬁim)

E(s4|S €U1(0) UN1(0)) = , Al12
(5215 € Ur(6) UN1(6)) TG o) & (7072 (A12)
and the average innovation skill is
(1= (! —po) 52 + (o1 —0)? (! + o2 =0 )
E (5,|S €U () UNy(0)) = (A13)

(1=p")(p'—po) + (pt—0)?

As a result, equation (21) can be expressed as

pt = (1 — (Sm)?’}m + O [p()E (sx|S S Ul(g) U Nl(e)) + (1 — po)E (SU|S S U1(9) U Nl(ﬁ))] R (A14)

where the derivative of the right-hand side with respect to p' is positive but less than 1. Therefore,
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for each 6, equation (21) admits a unique solution. W

Proof of Corollary 2

The set Ny (0) forms a trapezoid with vertices

Po " pt—po

g ¢ g 6
(Pt»Pt)» <9+ 11 — Po (1 _pO)v 0 — ]ﬁ — pO)a (1 Bo )a (17 1) .

p

Consequently, the measure of assistive technology users is given by

-0
Pt —po

w(UL(6) LT (9)) = 1 [2(1—pt> 010 (1 —po)

P —DPo P —Po

The first-order condition for the provider’s objective (20) is
(0751 ) — 01126 (073 10m) — [1 = PG (050|100 5 1) = O

Applying the implicit function theorem,

do*  ph, pe + (0" — ey, + oy, — (1 — ph)py,,
dim 2(1 — pp)pe — (pt — 0) oo — poo s '

(A15)

(A16)

(A17)

From equation (A14), we have p%m > 1—J,,. Since the term pf]mug is positive and dominates

the remaining components, it follows that 0* is increasing in 7,,. Consequently, pt(6*;7,,) is also

increasing in 7,,. By the players’ choice rule in Proposition 3, these shifts in the thresholds induce

active non-users N; to transition to passive users Uy, while some technology users who previously

made active decisions U; also switch to passive usage Ug.

Proof of Corollary 3

An analogous argument applies to d,,,. The first-order condition for the provider’s objective (20) can

be written as

[p"(0%50m) — Ol (0% 6m) — [1 — pg(0"; 61m) (675 6mm) = 0
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Applying the implicit function theorem,

A9 ps, 1o + (0" — O)pes,, + pos, 1 — (1 — ph)us,,

= A19
dom 2(1 — ply) o — (p* — 0) oo — Poo st (A19)

From equation (A14) and condition poE (S | S € Uy (8*) UN;(6*)) 1 = 7y, it follows that p§ (%) =0
Consequently, the positive term pj s, 4 dominates the remaining components, and therefore 6* is
increasing in d,,. Since p*(0*;d,,) responds to changes in 6* less than one-for-one, the threshold (19)

separating N; and Uy,
0*)1 — 0* 0 —
P71 =67y 0 —p (A20)
Po7 (0%)1 — po PH(0*;0m) — po
is therefore increasing in d,,. As a result, some active non-users N; transition to passive users Uy,

while others become active users U; as the model places greater weight on the input of active decision

makers. W

Proof of Proposition 5

Under autonomous technologies, the set U; UNj is determined by the triangular region defined by

the boundary pgs; + (1 — po)s, = po. This boundary passes through (pg,po) and (1,0), with slope

_ _Po
1-po~

Under assistive technologies, some players within this region may optimally choose to remain
passive. From (18), the boundary between U; and Uy is s = po7 1, which passes through (1,0) and
has the steeper slope — 13270—71_1. The boundary between Ny and Uy is pos; + (1 — po)sy, = poT1— f.

By Lemma 2, we have pg71 — f > po. B

Proof of Proposition 6

In the shift from assistive to autonomous technology, players who move from active technology users

U, to active non-users Ny are characterized by

fAssistive
pOﬂssistivel — Po ’
fAutonomous (AQl)

Sy — Sy >

PoSzx + (1 - pO)Sv > 7)t,Autonomous — .
1- 6t,Aut0n0mous
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and all have relatively high execution skills:

fAssistive fAutonomous
+ Tlt,Autonomous —
p07-Assistivc1 — Do

Sz > Po -

Conversely, players who shift from active non-users Ny to active users U; satisfy

fAssistivc
bl
p07—Assistivel — Po

Sy — Sy <

fAutonomous
PoSz + (1 - pO)SU < Tt,Autonomous — 5 .
1-— t,Autonomous

and have comparatively lower execution skills, bounded by

fAssistive fAutonomous
+ T)t,Autonomous —
pOTAssistivel — Po

Sz < Po-
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1- 5t,Autonom0us

1-— 6t,Autonomous

(A22)
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