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Roadmap

@ Introduction: Past and Future Technological Change



Past Technological Change

o Before AI (LLMs): mostly automation of “routine” tasks.

Acemoglu and Autor (2011)

o Highly educated workers have been complementary.

Autor (2019)

o Stronger incentives to enroll in tertiary education.
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AT is Different

o AT performs (also) “non-routine” tasks (coding, analysis).

e Ambiguous impact on demand for college workers:

— Displacement vs complementarity.

e Not all human capital is the same:
— Some training paths face automation risks.
— Others are more likely to be augmented.

— Uncertainty not equally distributed.

2/24



Al Literature

(Most of) Macro literature focuses on labor demand effects:

o Which occupations/tasks are most exposed to Al? Eloundou et al.

(2024), Massenkoff and McCrory (2026), Tomlinson et al. (2025)
o Long run effects of Al. Restrepo (2025), Ide and Talamas (2025)
o Displacement vs complementarity. Autor and Thompson (2025), Gans
and Goldfarb (2026)
What about workers’ adaptation?

@ Althoff and Reichardt (2026): model of occupational choice.

o This paper: focus on training choice.
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This Paper

I use a task-based model and US data to answer:

1. How do individuals adjust human capital investments in

response to AI?

2. Quantifying the impact of Al on employment and expected

wages for each training.
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Preview of Results

1. Expected automation drives reallocation of labor:

o Paths exposed to automation lose workers (up to -16%).
e Safer paths gain workers
— Technical manual jobs (+2.6%), education (+9%)...

— ... or no training at all (+4%)

2. Expected wages increase for all training paths (4+14%)

o Negative impact of AT is offset by labor scarcity.

3. Uncertainty generates risk premium
e Labor scarcity due to risk aversion (up to -3.3%).
o Uncertainty raises wages (up to +2.3%).
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Roadmap

@ Model: Optimal Training Choice under Uncertainty



Training, Occupations, and Tasks
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Training ‘Busmess (College)
Apprentice (College) /
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Tasks ’ Install. l ’ Repair l ’Codingl [ Debug l ’Analysisl ’Modeling] ’Strategyl
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The Model: Setup

2 periods: Training period and working period.

e Training period: agents maximize lifetime utility

m]ax {BE; [u(lnw;)] — Ci;}

o (;; is disutility cost of training j for individual i.

Training choice is irreversible.

— Working period: labor force composition is fixed.
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Working Period

o Each training j linked with bundle of tasks 7 € 7;.

o Output per worker for training j

2

p—1

1
i p
ij = E ej,-r Yr
T€T; task importance

;.  if task is not automatable (7 € Nj)
y'r(lra k'r) =
¢-k. if task is automatable (7 € A;)

o Al Automation: set A; expands.

o Al Augmentation: higher labor productivity 1 v,
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Channels and Mechanisms: Baseline

o Number of workers with training j is fixed at I_/j

o Competitive markets — w; = p;Y; Iy

Labor Share
LjY}' LjY} labor supply

final good demand total output
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Channels and Mechanisms: Automation

e Automation: increase in set of automatable tasks (1 .A;).
Lji/j LjY} labor supply

final good demand total output

Dj

Ambiguous impact on wage: w; = |p;1Y;|1;

10 /24



Channels and Mechanisms: Augmentation

e Augmentation: increase in labor productivity (1 ;).
LjY}' Lj)/]' labor supply

final good demand total output

Dj

Ambiguous impact on wage: w; = |p;TY;1;
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Channels and Mechanisms: Labor Supply Adjustment

o AT can shift labor supply for next generation.

L;Y;

L;Y;

final good demand

Dj

Positive impact on wage: w; = Tp;Y;I';

labor supply

total output

T post Fpre
Lrest I
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Training Period

o Agents maximize lifetime utility:

max {BE; [u(lnw;(4;,7))] - Cis}

e Future automation (A;) and augmentation (vy;) are unknown.

o Agents’ beliefs:
— Future share of automated tasks: A; ~ N (pa,;, 012“-)

— Average future augmentation: ; ~ N (fiy,;, U,zm-)
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Solution: Training Choice

o Using the Certainty Equivalent €2;

InT(pra,;) + In ((1—paj)p?™Y) n
1—-p p—1

E(In w;) Risk premium

Qj = lnpj +

; ! Var(lnw;)

o Assuming Cj; =  CF  — €ij

average cost  ~iid Gumbel(0,()
@ The share of labor choosing training j is

Lo (B — /)
TS gexp (B — Cp)/€)
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Roadmap

@ Measuring the Al Shock



Task-level Al measures

Three measures at the task level:

o Automatable: Al can perform the entire task. Althoff and

Reichardt (2026)

e Augmentable: increase in labor productivity due to AI (1 = no

gains, 1.1 = 10% productivity bOOSt). Althoff and Reichardt (2026)

o Al penetration: current Al usage. Massenkoff and McCrory (2026)

— € [0,1]: closer to 1 means more automation.
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Classifying tasks: Automation vs Augmentation

Tasks are classified as follows:
e Already Automated: automatable + Al penetration > 0.9
o Potentially Automatable: automatable + Al penetration < 0.9
o Currently Augmented: augmentable + Al penetration > 0

o Potentially Augmentable: augmentable + not automatable +

+ AI penetration =0
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Expected Automation and Augmentation

o Expected Automation

— cur pot
A = SA +pa S4j
Already automated tasks Potentially automatable tasks

o Expected Augmentation

M’Ya.j = ZTGﬁ 9]’,7— 1 + E[bT](,yT - 1)

Task Expected Augmentation

o Uncertainty depends on
— the weighted share of automatable/augmentable tasks.

— the number of potentially automatable/augmentable tasks.
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Automation by Training Path

Baseline results: pg = py = 0.5
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Humanities - .
Medical Professions — o
Architecture — L
Foreign languages - °
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Expected automation share

Figure 1: Expected Automation across Training Paths (with 1 sd CI).
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Augmentation by Training Path
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Figure 2: Expected Augmentation across Training Paths (with 1 sd CI).
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Roadmap

@ Calibration



Data

US data:

O*NET for task descriptions and importance weights.

e CIP-SOC crosswalk to map training to occupations (and tasks).

o BLS for median wages.

ACS microdata for labor force composition.
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Calibration

Pre-Al data (2022):

— Al is not yet present (pa j = fiy,; = U,zm = oi’j =0)

= QY = Inw??? and L} = L3

o Reference category: no training = C§ =0

Cr = B(lnw?? — Inwi®??) — ¢ (In L2022 — In L3°%2)

I follow the literature for other parameters.
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Roadmap

@ Simulation of AT impact



AT impact on employment: Automation

Expected Automation: no augmentation and no uncertainty.

Automation Uncertainty: labor reallocation due to risk aversion.
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AT impact on employment: Augmentation

Expected Augmentation: no automation and no uncertainty.

Augmentation Uncertainty: labor reallocation due to risk aversion
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Al impact on employment: Net Effect

Net effect: Final impact on employment.
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AT impact on expected wages: Automation

Expected Automation: the impact of labor reallocation on wages.
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AT impact on expected wages: Augmentation

Expected Augmentation: the impact of augmentation on wages.
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AT impact on expected wages: Uncertainty

Uncertainty: risk premium due to uncertainty.
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AT impact on expected wages: Net Effect

Net effect: Final impact on expected wages.
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Conclusion

o Al has the potential to shift human capital allocation.

Most of the labor reallocation is driven by expected automation.

e Labor scarcity offsets the negative impact of Al on wages.

Expected wages increase for all training paths by 14%.

Uncertainty generates a risk premium.

24 /24



Investments in Human Capital in the Age of Al

Aleandro Palazzo

University of Bologna

July, 2026



Automation and Augmentation Uncertainty

k: AT correlation between tasks within training.
— k = 0: tasks are independent.

— k = 1: tasks are perfectly correlated.

a%,j:(l—ﬂ) Z Q?JVarAJ s Z gj’T\/VTA,T

pot pot
TGSATJ. TESAJ.

Sum of individual variances Joint Variance

O’,?hj =(1-k) Z 9]2-,7_‘/@7“%-,— + K Z 0; -/ Vary -

pot pot
TES%J‘ TES%J‘



Automation by Training Path (Alternative)
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Figure 3: Expected Automation across Training Paths: p = 0.5 vs p = 0.8

(with 1 standard deviation confidence interval).



Augmentation by Training Path (Alternative)
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Figure 4: Expected Augmentation across Training Paths: p = 0.5 vs p =

0.8 (with 1 standard deviation confidence interval).



Calibration of Other Parameters

o ¢ = 1.57: elasticity of substitution across training goods.

o p = 0.49: elasticity of substitution across tasks within training.
e 3 =0.813: discount factor (3% annual discount rate for 7 years).
@ ¢ = 0.053: scale parameter of the Gumbel distribution.

e 1 = 5: relative risk aversion.

e Labor share:
— I‘?Te =1 before Al

— I assume cost savings from automation are 27% (x = 0.73).

Fpost ~ prl (1 — ,UA,j)
’ pag+xPH (1= pa;)



AT impact on employment: Alternative Scenario

Alternative scenario: pa = p, = 0.8
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AT impact on wages: Alternative Scenario

Alternative scenario: pa = p, = 0.8
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