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« What will be the labor market consequences of Al?

« Our focus: job transformation shift in the task content of jobs
rich empirical literature



Job Transformation - the example of legal associates today > Industral Revolution

The AlShift Professional services

The AI Shift: If Al is coming for junior lawyers’

.o . e jobs, why does their pay keep going up?
junior associates [...] will historically

have been doing a lot of document re-
view worR [...]

A lot of that can be automated [...]

Automation may be freeing up their time to do mere valuable work

But that just means actually those as-
sociates can be used more efficiently on
other things [...] It's upscaling the type
of work they're able to do [like] interact-
ing with clients and just doing more so-
phisticated legal work SEETI

Sarah 0'Connor and John Burn-Murdoch

Published DEC 182025 [T

0’Connor and Burn-Murdoch (2025, FT)
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« What will be the labor market consequences of Al?

« Our focus: job transformation shift in the task content of jobs

rich empirical literature
D

- State-of-art models abstract from job transformation as measurement is hard:
which tasks will be automated?

what are workers’ task-specific skills?
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© Theory: formalize job transformation in a task-based theory

© Measurement: estimate skill distribution via MLE using model structure

© Application: project LLM-induced job transformation effects
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© Theory: formalize job transformation in a task-based theory
occupations bundle tasks, performed by workers or machines
workers have heterogeneous portfolios of task-specific skills, choose occ. & earn wage
automation leads to job transformation by shifting weights on labor-produced tasks

© Measurement: estimate skill distribution via MLE using model structure
ensure mapping between model skills and O*NET tasks

validate estimated model (steady state, historical routine-biased tech. change)

© Application: project LLM-induced job transformation effects

LLMs automate information-processing tasks
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© Exposure: —positive
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even conditional on occupation

© Skills:

© Distribution: —low-earners benefit more
than high-earners
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What’s new? Position in the literature.

We develop a framework to quantify job transformation effects and demonstrate

their central role in shaping the labor market consequences of Al.

Job transformation

D

¥ structurally quantify wage effects

Task-based theory

D introduce jobs and task bundling ¥ enable study of

Model-based analysis of Al

D) directly estimate granular skills ¥

Multi-dimensional skills

D

distribution of task-specific skills ¥
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Model environment: task-based production meets Roy > Equiltrium de iion

Technology

Final good: CES () aggregator
over occupational output
Occupation: 0 2 O

tasks T with weightsf . gt

Y .
Yi;o;'[ = X; 01
2T
where x| . = Xir;n;atwhines + xil;a;t:or
Tasks: Assigned to labor (! T )
ormachines (! T )

Firm/job: Hires 1 worker (i),
chooses machine quantity M ;.
IX [rachines = exp(z )M
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Model environment: task-based production meets Roy

» Equilibrium de nition

Technology

Final good: CES () aggregator
over occupational output
Occupation: 0 2 O

tasks T with weightsf . gt

Y .
Yi;o;'[ = X; Ol
2T
where x| . = Xir;n;atwhines + xil;a;t:or
Tasks: Assigned to labor (! T )
ormachines (! T )

Firm/job: Hires 1 worker (i),
chooses machine quantity M ;.
IX [rachines = exp(z )M

Workers

Skills: ,

time-invariant

si fs i gor, N( s o)
IX ilia;tior = eXp(Si; )\ii it

Occupational choice:
Choose 0 2 O s.t. Gumbel
preference shocks

Time: Inelastic unit supply
X

2T

Markets
Labor: Competitive
Capital: In nitely elastic

supply, machines can be
rented at rate r

Occupational output:
Competitive

Final good: Competitively
traded numeraire



Optimal time allocation is proportional to weight matrix A » Firm problem

» Capital FOC

Firm's pro t maximization problem yields:

N _ o; _| o
i = P2 =

i
2T, © LS
The summarizes relative weights attached to
tasks 2 T, across occupations o 2 O:
0 _ 1
N 12 ce Linsill
LS s [
= % : : . : § 2 RIGIHT i
Noceil  _Mocei2  »»» _MocciMgyil
L&OCC LS‘OCC U LS‘OCC
P . .
where LS = ,1 o denotes the labor share in occupation o.




Model yields a tractable and intuitive log-linear wage equation > Intercept term

Wi;;t = +As i+"i;t

occ.-speci ¢ idiosyncratic
log wage of i intercept productivity shock
if chogse pin t (incl. prices) (not grycial)
41 Y 41l Al
Wi:oit - o + + iit



Automation leads to job transformation given task bundling

" Automation: rise in machine productivity z - making it optimal to reassign  ?
T°=Tin? To=Tn[ 7

weighton 7 # & weight on other entries " proportional to their
occupation-speci ¢ weight,i.e. A 9 A ;= ET ﬁ} ﬁ% 1

Task2 Task3 Task4  Task5

Occ 1 (Pre) 0 0.4 0.1 0.3
Occ 1 (Post) 0 0.125 0.375
oere _

Occ 2 (Post)



Automation leads to job transformation given task bundling

" Automation: rise in machine productivity z - making it optimal to reassign  ?

T°=Tin? To=Tn[ 7

weight on  ? # & weight on other entries " proportional to their
occupation-speci ¢ weight

We nest \partial automation™: only a fraction » 2 [0; 1] is automated

" Job transformation meaningful (A 9 A , 6= 0) if an occ. features task bundling:

f2T,: o >0gj>1



Wages change due to canonical and job-transformation e€ects

. . = 0 i
|E W';O;H%z w |;0;t} ot (fA_O{ZA_O; H%}

potential log wage for i in o task weights in o individual skill vector

@ Occupation-level e€ects: 0 1

o 7 log P log R,
0= Te——— (2 logr+ m%
LS ) LS -2 LS
I > _{z P >{z }
productivity & displacement e€ects GE e€ects
(>} 0 1
0 ’ X ;

(As Ao) si= S, S >

L 2 '
|L{‘§"} > of )

occupational exposure i's relative specialization
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M easureme nt » Validation: task weights » Task! cluster examples > Apre

" Goal: parametrize the model at same ‘resolution' as task-exposure measures

" Step 1: map model tasks & occupations to data, construct A

tasks: NLP tools to cluster 19,000 O*NET task statements ! 38 task clusters
occupations: 3-digit, SOC-2000

occ. task weights (A): identi ed o€ of LLM-generated time diaries given

Y = ’ﬁ = Ao,

robustness: aggregated O*NET weights

time-varying (pre-2000, post-2000)

" Step 2: estimate skill distribution ('s; <)
data: A + NLSY '79 panel of worker occ. choices and wages

identifying variation: realized wages & occupational choices
validation: Monte Carlo exercise
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Measurement

" Goal: parametrize the model at same ‘resolution' as task-exposure measures

" Step 1: map model tasks & occupations to data, construct A

tasks: NLP tools to cluster 19,000 O*NET task statements ! 38 task clusters
occupations: 3-digit, SOC-2000

occupational task weights: identi ed o€ of time diaries (baseline: LLM)
time-varying (pre-2000, post-2000)

~ Step 2: estimate skill distribution ( s; )
data: A + NLSY '79 panel of worker occ. choices and wages

identifying variation: realized wages & occupational choices
validation: Monte Carlo exercise



Validation: Monte-Carlo study

(a) Means (b) Standard deviation

(c) Correlation (d) Other parameters



Model properties & validation: overview > Parameter values

~ Parameter estimates

Skill correlations vs. literature

Skills along the wage distribution vs. literature
~ Steady state

Occ. employment shares

Wages

~ Occ. level averages
" Between-within occ. variance decomposition

Occ. transitions:

" Staying and switching probabilities
" Switches explained by task distances
~ Individual switching frequency shaped by specialization

" Historical: RBTC
Skill returns: " return to social skills
Employment: polarization



Estimated skill correlations match empirical literature > Classication > Skilindices

" Literature often studies coarser task classi cation, esp. NRA/NRI/NRM/RC/RM
I' map our granular tasks to this classi cation & create skill indices

I Estimated correlations match empirical ranges for aggregated skills

(a) Literature (b) Model



Skills vary along the wage distribution in line with data

I'In model & data, analytical and social (but not manual) skills rise along the wage dist.

(a) Data (b) Model



Task requirements explain switching in model and data

I'In model & data, workers move to occupations with similar task requirements|strong
evidence for relevance of task-speci c skills

(a) Data (b) Model



Historical validation: the case of RBTC

" Large literature on \routine-biased technological change" (RBTC)
~ Model analysis: compare SS under post-2000 vs. pre-2000 A
~ Model captures RBTC = validation of our A measures & model mechanisms

(a) Data (b) Model



RBTC e€ects in the literature: employment polarization

I The empirical literature documents a U-shaped change in employment by \skill"
(wage percentile) and attributes it to RBTC

(a) Data (b) Data



Model matches empirical employment polarization

I Model matches this U-shaped change in employment and the role of declining
routine jobs

(a) Model: by wage percentile (b) Model: by routine share



Model matches evidence on rising return to social skills

I Model implies rising return to \social" skills, consistent with empirical literature

Vertical axis indicates the log wage change associated with a one std. dev. increase in the respective skill index.
Markers indicate estimates from the empirical literature; solid lines indicate model predictions.



Al




We use the model to project the wage e€ects due to LLM automation

~ Scenario: What are e€ects for individual workers if LLMs automate certain tasks?
~ Measurement challenge: which speci c tasks will be/are being automated?

~ Solution: exploit mapping of model tasks to task exposure measures
framework is exible enough to map to many exposure measures from literature

genAl, self-driving vehicles, humanoid robots, ...

~ Today: focus on exposure to LLM automation
exposure measures from Eloundou et al. (2024)

scenario where z - is just high enough for a task to be automated in all occ.'s



Scenario: LLMs mostly automate information-processing tasks

I We suppose a fraction of each task corresponding to the exposure score is automated

Share of detailed O*NET tasks within each task cluster rated as fully automatable by Eloundou et al. (2024).



Exposure: What are the implications for wages of being in an Al-exposed occupation?



Result #1: The avg. wage e€ects of Al exposure are non-monotonic...

I On average, incumbents with some exposure win, those heavily exposed lose

I Mechanism: job transformation selection:
[+] for low exposure (! focus on what you're best at)
[-] for high exposure (! machines take over what you're best at)



...but this hides heterogeneity: exposure potential for change > JT dives dispersion

I The biggest gains & losses are among stayers in high-exposure occupations
I Winners? What's automated by Al isn't what selected them into exposed occupations.

Wiioit

P . )
Value is de ned as Vi; = log 0o eXp and average out wage changes due preference-shock driven switches.



Stayers whose lose see are \trapped"

I' Job transformation leads to correlated # in potential wages across likely occupations

Sub-sample of stayers experiencing negative wage changes.



Switching into high-exposure occ.'s yields gains

I Transformed occ.'s pull in new workers whose skills align better with new task pro le

Sub-sample of occupational leavers.



Skills: What type of skills become more or less valuable due to Al?



Result #2: Al raises the return to social & NRM skills > Al-proo Trades

I Continued increase in return to social skills as well as non-routine manual skills
(\skilled trades are Al-proof"), but decrease in return to analytical skills



Job transformation drives these shifts in returns

I' We miss these shifts if we abstract from job transformation



These shifts help predict who the winners & losers tend to be > Wage version

I High-NRA workers are over-represented among losers, high-NRM workers are
over-represented among winners



Distribution: Will the rich or the poor do better due to Al?



Result #3: Al shock is mildly \progressive"

I Wage gains disproportionately accrue to low-wage earners



Result #3: Al shock is mildly \progressive" because of JT

I Wage gains disproportionately accrue to low-wage earners|once you account for JT
I JT also generates increase in average wage = productivity e€ect



This re ects a decrease in the returns to skills prevalent among high earners

~ Automation shocks can be progressive or regressive...

...depending on how they alter the return to skills more prevalent among high earners
" Alis (mildly) progressive

...as it lowers the return to analytical skills

(a) Comparing shocks (b) Skills along the distribution



Conclusion




A framework to quantify the e€ects of Al-induced job transformation

We develop a framework to quantify job transformation e€ects and demonstrate
their central role in shaping the labor market consequences of Al.

@® Al exposure signals potential for change: large heterogeneity within occupation
@ Al raises the return to social skills but lowers that of analytical skills

@® Al's distributional impact is mildly progressive

Thank You!
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Job transformation: the case of weavers in the 19th century  «sax

Preparator . . . .
) P y Tasks while machine running Tasks while power loom stopped
Period tasks
(=]
c Q
s | 8 E 2|z
o |5 |8 o | B = 2 5|9 s o
& el |9 |5 | Bl | 2|25 |a el 2|25
= S| 8|E|g |5 |8 |2 |G| |le|z|z2|8|c2]s
o = = | 2|2l 5| a|2|5 S|l g|lal2|3c| 3|0
= 0 W [ — S < € = 1= = S IS X c o 5}
< 71 o ~ © s @ c ol g | < [} S|l o |G| &
% g @ L g ¢ = @ g x =} e [0} o S o %
= © = =
@ - | & c| S| 3 L2 a|8|&F|8|3|x
g8 5 5| E
x 4 el
Handloom
Early power
loom (1820)
1833
1883

Notes. = Task performed,;

= Reduced frequency; Empty = Task not performed.
Based on Bessen (2012)'s analysis of records of the Lawrence Company, MA.
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Firm's optimal production problem

" Output of rmin occ o with worker i given idiosyncratic shock" .y  N(0O; %):

Y ) Y
yi;o;t () = (exp Si; +" it ip it ) i (exp (Z ) mi; it ) o
2T, 2T m

| {z 3 {z }
worker-produced machine-produced
" Prots:
X
ot — max po:tyi;o;t f it gor \;fm it gor exp Wi;o;t r mi; it
fmi gor mif i gar oT
m
X

s.t. \i; it =1
2T |
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Capital FOC and production

P
" FOC for machines Moyt = 51 Mgt !
!
X po:tYi;o;t =M
0; f - i;o;t
2T m

and
Mio; t = P—2—M
2Tm O
"~ Plugging both FO%S into the productiosn function yields

i;0;t

X ] 1
Yicoit :|Og Yi;o;t =4 Poiysi; S+ i;0 + P |Og Po;t

oT, 2T, O 2T, o
" # 0 1 " #
X o X X N

+ P—2——1log( o) log @ o A+ P———(z logr)

2T T, 2T, My 2T @



Extra Slides

Equilibrium

Remark: Equilibrium

An equilibrium is de ned as a vector of prices p and a joint distribution G of occupation choices, log
wages w, log skills s and idiosyncratic productivity shocks " , such that:

@ all rms make zero pro ts, i.e., at any point in the distribution:

0 1
X X 1
Wior = o — Si t'in y @ Lo Yo A = Po Yo
T LS 020 020

® workers optimize, i.e., the marginal distribution of occupations conditional on wages follows

eXp(Wi;o = )

P6 =oiw . ) =
(6 =ojw ;. ) — eXp(Wigo=)

©® the unconditional marginal distributions of skills s and occupational shocks " follow N ( S; s)
and N (0; &?2l), respectively.
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Wage equation: details

"~ Intercept
P
= Bt —log( o )+
2T o;

; 1
0= o7 B——H(z logr) + PﬂﬁlogPo;t

| 2T m or |

where P, is the price of output of occupation o

~ We assume that in the initial steady state there is only one composite machine task
with productivity normalized to log r
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Partial Automation

" Our framework nests the concept of partial automation
I only a fraction » 2[0;1] of task ? can be automated

" Modeling: Equivalently, rewrite pre-automation production technology as

Y achines Y abor
— 0; 0;
Yi§0;t - )<;11;t xl it
2T m 2T -nf ?g
labor (1 ?) o ? abor 7 o 7.
(1 ?)Xi; 7ot 2K 7y :
where = (1 ) w @) Tt
" Post-automation production technology becomes
- Y abor o abor 1 ?) o ? achines 7 o ? Y achines o .
Yi;O;t - xi it >< 7t xm 75t >q;n;t

2T -nf ?g 2T m
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Summary of step 1 pipeline
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Validation of LLM-generated time shares: overview

® LLM-generated task weights for (o; ) highly correlated with the average importance
rating that O*NET assigns to detailed tasks within each cluster

® Comparison of time share measurement: LLM vs BIBB survey v

® Comparison of LLM-generated time shares for GWAs to O*NET importance weights v

@ Internal consistency: do measurements for detailed occupations aggregate up? v~
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Alternative A matrix: O*NET bottom-up

" ONET contains (Likert scale) \task ratings" indicating the importance of detailed
tasks i foro

" Create occupational task-weight matrices A  (for p 2 f2000s; 2010s; 2020sg, where
each cell (o; ) contains the average importance of task for occupation o
~ Notation
"~ 0°= detailed ONET occupation (8-digit), i = detailed ONET task, = cluster (model task)
" v 2 Vp = ONET versions in period p

" reoiy 2 1;2;3;4;5 = raw importance rating of task i for occupation o %in version v; normalized

1
to [0; 1]: 1904 = r"0+
" Do v =setof (0%i) pairs in version v where o maps to 0 and i maps to
"~ Steps p
@ Sum weights across all (detailed occupation, detailed task) pairs: S o.v = ©%)2D o Toliv
@® Average across versions within the period: S o, = j\/% vav, Soiw
® Normalize to task shares within each occupation:
So;
Ap(0; ) =

0 ©
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Validation: LLM task weights vs. ONET bottom-up { occupation level
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