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I. Task-level productivity gains

To inform our assumption of the average task-level productivity gain in AI-exposed tasks, π , we re-
view seven studies employing credible experimental or quasi-experimental methods, covering a range
of different tasks, across the US, Europe, and Asia. Table 1 summarizes the documented productivity
effects while Table 2 provides additional details on the studies considered. On average, the reported
estimates indicate a 37% improvement in productivity attributable to AI use, measured either as a
reduction in time required to complete a given task or as an increase in output, sometimes reported
log changes. We note that several of the studies with the largest estimated effects focus specifically
on coding tasks, which tend to show the highest gains but also estimate them with low precision.
To address potential concerns about external validity, we also compute an average excluding coding-
focused studies, obtaining an average of 31% productivity gains.

To project the aggregate gains from AI, we assume that the average potential productivity improve-
ments in AI-exposed tasks is 30%. This number is close to the average gains excluding coding in
Table 1, and also to the assumed task-level gains of Acemoglu (2025). We see this assumption as
relatively conservative. One reason is explored in the last column of Table 1, where we report the
harmonised estimates of productivity gains implied by different studies, translating measures of time-
saving into measures of increased output per unit of input. We note that, for instance, Brynjolfsson,
Li and Raymond (2025) report a 15% increase in the number of customer service tasks completed per
hour (i.e. a % increase in output) while others such as Noy and Zhang (2023) find a 40% reduction in
the completion time of writing tasks. Previous papers interpreted these estimates as equivalently cor-
responding to a 15% and 40% increase in productivity (Acemoglu, 2025; Aghion and Bunel, 2024),
based on a log-approximation.1 Yet, this approximation underestimates productivity gains for larger
time savings. For example, a 40% reduction in completion time corresponds to a 1/(1−40%) = 67%
increase in the number of tasks completed per hour. For consistency, we also harmonize log changes
reported in Gambacorta et al. (2024) into non-approximated % changes. Harmonized effects are often
much higher and entail average task-level productivity gains around 50%.2

1If a study estimates %timesaved per task, the log change in task-level output is − ln(1−%timesaved)≈ %timesaved.
2A further reason why our assumption 30% task-level gains assuption may be conservative is that many studies also report AI-

driven increases in the quality of output on top of time-savings, which could further increase the implied productivity gains (Haslberger,
Gingrich and Bhatia, 2023; Noy and Zhang, 2023). Gains can also rise in the future as AI models become more powerful (Merali, 2024).

1
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TABLE 1—SUMMARY OF MICRO ESTIMATES OF AI PRODUCTIVITY GAINS

Paper Outcome in the paper Estimate SE Harm. effect

Brynjolfsson et al. (2025) % increase in output 15% 0.015 15%
Peng et al. (2023) % time saved per task 56% 0.169 126%
Noy and Zhang (2023) % time saved per task 40% 0.051 67%
Dell’Acqua et al. (2023) % increase in output 39% 0.019 39%
Haslberger et al. (2023) % time saved per task 29% 0.032 41%
Cui et al. (2024) % increase in output per task 26% 0.103 26%
Gambacorta et al. (2024) Log increase in output 53% 0.078 70%

Mean % prod. effect 37% 57%
– (excl. coding) 31% 41%

Notes: The table summarizes the estimates of micro-level (task-level) productivity gains from AI, as reported in the existing literature.
The third and fourth column report the original estimate in the respective papers, expressed either as a %increase in output per unit of
time or as % time savings per task. The last column reports the harmonized % productivity effects, defined as the % increase in output.
Whenever the original studies report estimates of time savings, the harmonized productivity effects is computed as 1

1−(timesaved) . When
the original studies report log changes, the harmonized estimate is obtained taking the exponential of the original one minus one. The

last line excludes the studies focusing on coding tasks, namely Peng et al. (2023), Cui et al. (2024) and Gambacorta et al. (2024).
Standard errors of % productivity effects are approximations given estimates in the original papers. The estimates from Dell’Acqua

et al. (2023) are effects on the quality of the responses for the experimental task inside the AI frontier. The estimates from Haslberger,
Gingrich and Bhatia (2023) is the median among the different writing tasks covered in the study, from an email writing task.
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II. A decomposition of aggregate labor productivity growth

Under constant prices, aggregate labor productivity growth can be decomposed into the sum of two
terms, a within-industry effect and a labor reallocation effect,

(1)
LPt −LPt−1

LPt−1︸ ︷︷ ︸
Aggregate productivity growth

= ∑
j∈J

sVA
j,t−1

(
LPj,t −LPj,t−1

LPj,0

)
︸ ︷︷ ︸

Within-industry effect

+∑
j∈J

∆w jt
LPj,t

LPt−1︸ ︷︷ ︸
Reallocation effect

,

where LPt is aggregate labor productivity at time t, LPj,t is labor productivity in sector j at time
t, sVA

j,t−1 is sector j’s last period share in total value added, and ∆w j,t is the change in sector j’s
employment share. The within-industry effect is a weighted sum of labor productivity growth in each
sector. The labor reallocation term depends on how labor moves across sectors with different rates of
productivity growth and tends to be negative in historical data.3

Given the decomposition in equation (1), it appears that labor moving from high to low-growth
sectors should slow aggregate productivity growth. Conversely, preventing labor from moving to low
growth sectors should benefit aggregate productivity growth as it eliminates the negative reallocation
term in the above formula. Such a conclusion is puzzling, however, since introducing frictions to
prevent labor from moving between sectors should harm rather than support productivity growth.4

The key to resolving this apparent puzzle is to recognize that aggregate productivity growth also
depends on changes in relative prices, which the above formula omits.

Productivity growth is the difference between the growth rate in the volume of output and the
growth rate of an appropriate index of the production inputs.5 If the output under consideration is a
homogeneous good, then the volume of output can be defined in terms of quantities and is independent
of prices.6 In contrast, at the economy-wide level output is by definition composed of many different
types of goods and services, which need to be converted into their respective monetary values so that
they can be compared and summed up. As a consequence, changes in the volume of aggregate output
cannot be derived by directly adding up changes in the volume of the different components. Doing so
would introduce a substitution bias as the composition of aggregate output can change if movements
in relative prices induce agents to adjust their expenditure patterns.

3The reallocation effect in (1) can be further decomposed into a static reallocation effect capturing movements of factors between
sectors with different productivity levels, and a dynamic reallocation effect capturing movements of factors between sectors with
different productivity growth rates. See, for example, the OECD (OECD, 2024) or the European Commission (European Commission,
2024). The static reallocation term is sometimes also called the ‘Denison effect’, while the dynamic term is usually associated with the
Baumol effect. Since we are interested in the Baumol effect, we will frame our discussion in terms of factor reallocation between high
and low-growth sectors rather than between sectors with different productivity levels. We also note that in a competitive economy, the
true Denison effect would be zero, and that estimates of non-zero Denison effects can be an artifact of focusing on sectoral differences
in the level of labor productivity (rather than total factor productivity), which does not account for differences in other inputs, such as
physical and human capital (Nordhaus, 2001).

4The idea that aggregate productivity cannot be improved by introducing frictions that prevent factors from reallocating towards
sectors with lower productivity growth is self-evident in models where equilibrium is efficient by construction. However, reallocation of
factors towards lower productivity sectors can also improve aggregate productivity in models with endogenous technological progress
and imperfect competition (Herrendorf and Valentinyi, 2022).

5Much of the literature on productivity estimation revolves around the question of how to correctly measure the combined quantity
of inputs of different types (most prominently, labor and capital).

6In practice, accounting for quality improvements may still require construction of an appropriate price deflator
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More formally, following Tang and Wang (2004), the relationship between aggregate nominal value
added per worker and sectoral nominal value added per worker can be written as follows:

PtYt

Lt
= ∑

j∈J

L j,t

Lt︸︷︷︸
Sector j’s employment share

×
Pj,tYj,t

L j,t︸ ︷︷ ︸
Sector j’s value added per worker

where P is the aggregate price index, Y is aggregate real output, L is labor, and Pj and Yj are the
respective output price and real output of sector j. To obtain the relationship between aggregate
real labor productivity (LP = Y

L ) and sectoral real labor productivity (LPj =
Y j
L j

), we divide by the
aggregate price index to get:

LPt = ∑
j∈J

Pj,t

Pt︸︷︷︸
Sector j’s relative output price

×
L j,t

Lt︸︷︷︸
Sector j’s employment share

× LPj,t

Hence, aggregate real labor productivity growth depends on changes in sectoral real labor produc-
tivity as well as on changes in the sectors’ employment shares, L jt/Lt , and relative output prices,
Pjt/Pt . In particular, for given sectoral labor productivity growth rates, aggregate labor productivity
growth will be diminished to the extent that sectors with high productivity growth see their relative
output price and employment share decline relative to sectors with low productivity growth.

Re-arranging terms and normalizing last period’s prices to one, we can write

LPt −LPt−1

LPt−1

=
1

LPt−1
∑
j∈J

[
Pj,t

Pt

L j,t

Lt
LPj,t −

Pj,t−1

Pt−1

L j,t−1

Lt−1
LPj,t−1

]
=

1
LPt−1

∑
j∈J

[
Pj,t−1

Pt−1

L j,t−1

Lt−1

(
LPj,t −LPj,t−1

)
+

(
Pj,t

Pt

L j,t

Lt
−

Pj,t−1

Pt−1

L j,t−1

Lt−1

)
LPj,t

]
= ∑

j∈J

[
LPj,t−1

LPt−1

Pj,t−1

Pt−1

L j,t−1

Lt−1

(
LPj,t −LPj,t−1

LPj,t−1

)
+

(
Pj,t

Pt

L j,t

Lt
−

Pj,t−1

Pt−1

L j,t−1

Lt−1

)
LPj,t

LPt−1

]
= ∑

j∈J

[
Pj,t−1Yj,t−1

Pt−1Yt−1

(
LPj,t −LPj,t−1

LPj,t−1

)
+

(
Pj,t

Pt

L j,t

Lt
−

Pj,t−1

Pt−1

L j,t−1

Lt−1

)
LPj,t

LPt−1

]
= ∑

j∈J

Pj,t−1Yj,t−1

Pt−1Yt−1

(
LPj,t −LPj,t−1

LPj,t−1

)
+ ∑

j∈J

[(
Pj,t−1

Pt−1

(
L j,t

Lt
−

L j,t−1

Lt−1

)
+

L j,t

Lt

(
Pj,t

Pt
−

Pj,t−1

Pt−1

))
LPj,t

LPt−1

]
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= ∑
j∈J

sVA
j,t−1

(
LPj,t −LPj,t−1

LPj,t−1

)
︸ ︷︷ ︸

Within-industry effect

+∑
j∈J

∆sL
j,t

LPj,t

LPt−1︸ ︷︷ ︸
Reallocation effect

+∑
j∈J

sL
j,t∆p j,t

LPj,t

LPt−1︸ ︷︷ ︸
Valuation effect

,(2)

where w j is sector j’s employment share and p j is sector j’s relative output price. Compared to the
decomposition in (1), we have an additional term that describes the effect of changes in the relative
output prices of the different sectors.

Importantly, in a competitive economy, there is a direct relationship between the reallocation and
the valuation effect. Specifically, restricting factor mobility between sectors induces changes in sec-
toral output prices that more than offset any positive direct effect on aggregate productivity growth
of retaining factors in high-productivity sectors. The next section develops this insight using a sim-
plified version of our multi-sector general equilibrium model where we can solve explicitly for the
equilibrium nominal output shares in the case with and without factor reallocation.

III. The role of factor reallocation in a simple model of Baumol’s growth disease

Consider a stylized multi-sector economy. In each sector j ∈ J, output is produced linearly from a
single factor, L j, according to

y j,t = A j,tL j,t ,

where A j,t denotes the level of productivity in sector j at time t. For simplicity, let us call the single
factor L j labor. Final demand is represented by a constant elasticity of substitution (CES) aggregator

Yt = At

(
∑
j∈J

α
1
σ

j y
σ−1

σ

j,t

) σ
σ−1

.

where α j is a weight parameter and σ is the elasticity of substitution in consumption.
Solving for the optimal demand schedule yields

y j,t = α j

(
p j,t

Pt

)−σ Yt

A1−σ
t

where Pt =
1
At

(
∑ j∈J α j p1−σ

j,t

) 1
1−σ

is the ideal price index for Y .7 Hence, the ratio of the demand for
good j over good k is a function of their relative prices:

y j,t

yk,t
=

α j

αk

(
pk,t

p j,t

)σ

.

If labor is mobile between sectors in the initial steady state, then the marginal product of labor is

7The ideal price index is the minimal cost of achieving a given level of utility and thus captures changes in the true cost of
living under given preferences. In practice, statistical agencies approximate this price index by constructing chain-linked price indices
constructed from observed prices and quantities (e.g., Laspeyres, Paasche, or Fisher price indices).
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equalized across sectors in period t −1, which implies the following relative employment shares:

L j,t−1

Lk,t−1
=

α j

αk

(
A j,t−1

Ak,t−1

)σ−1

.

If employment shares are fixed at their initial equilibrium values, the sectors’ real output ratio at
time t is a function of their relative productivity levels at time t and at time t −1,

ỹ j,t

ỹk,t
=

α j

αk

A j,t

Ak,t

(
A j,t−1

Ak,t−1

)σ−1

,

where ỹ j,t and ỹk,t denotes the real output of sector j and k under fixed employment shares, respec-
tively.

In contrast, if employment shares adjust so that the marginal product of labor remains equalized
across sectors, then the ratio of supply by sector j over supply by sector k is simply a function of the
relative productivity levels of these sectors at time t:

y j,t

yk,t
=

α j

αk

(
A j,t

Ak,t

)σ

.

Turning to the goods market, its equilibrium requires that sectoral demand equals sectoral supply.
If employment shares are fixed, this implies that

p̃ j,t

p̃k,t
=

(
Ak,t

A j,t

) 1
σ
(

Ak,t−1

A j,t−1

) σ−1
σ

,

where p̃ j,t and p̃k,t denote the equilibrium prices under fixed employment shares. Similarly, the ratio
of the value-added shares of sectors j and k is given by

ỹ j,t p̃ j,t

ỹk,t p̃k,t
=

α j

αk

(
A j,t

Ak,t

) σ−1
σ
(

A j,t−1

Ak,t−1

)σ−1+ 1−σ
σ

.

Instead, if labor is mobile, this implies that in equilibrium

p j,t

pk,t
=

Ak,t

A j,t
,

and therefore, that the ratio of the value-added shares of sectors j and k is

y j,t p j,t

yk,t pk,t
=

α j

αk

(
A j,t

Ak,t

)σ−1

.

Assume without loss of generality that sector j experiences faster productivity growth than sector
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k, so that
A j,t

Ak,t
>

A j,t−1

Ak,t−1
.

Aggregate productivity growth is attenuated by Baumol’s growth disease if sector j’s share of nominal
output decreases relative to that of sector k. Comparing equilibrium nominal output shares in the case
with and without factor reallocation, we can see that the ratio of sector j’s to sector k’s nominal output
share is smaller when factors are prevented from moving between sectors, that is

ỹ j,t p̃ j,t

ỹk,t p̃k,t
=

α j

αk

(
A j,t

Ak,t

) σ−1
σ
(

A j,t−1

Ak,t−1

)σ−1+ 1−σ
σ

≤
α j

αk

(
A j,t

Ak,t

)σ−1

=
y j,t p jt

yk,t pk,t
,

with strict inequality whenever σ ̸= 1. This results implies that in the decomposition formula in 2,
restricting factor reallocation must induce changes in the valuation effect that more than compensate
for the elimination of the reallocation effect. Hence, in the context of Baumol’s growth disease and
against common preconceptions, the movement of factors from high to low growth sectors increases
aggregate productivity growth relative to a counterfactual where factors cannot be reallocated.8

The intuition why factor reallocation towards sectors with lower productivity growth can improve
aggregate productivity comes from recognizing that aggregate real productivity growth depends not
only on sectoral real productivity growth and factor reallocation, but also on changes in equilibrium
prices. Even though keeping factors employed in the sectors with stronger productivity growth would
increase the volume of output (aggregated at base period prices), prices in the high-growth sector
would need to decline further to induce enough demand for the additional output. As a result, the
value-added share of the high-growth sectors would decline by more than if factors could optimally
reallocate across sectors. Put differently, when factors of production in an efficient economy move out
of high-productivity sectors and into those that did not experience comparable productivity growth,
this movement must reflect optimal reallocation of productive resources. Through such reallocation
of factors, the strong productivity gains in specific sectors are leveraged to increase output also in
other sectors of the economy that did not experience productivity growth, yet produce goods and
services that consumers value.
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