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Background

I Keynes's 1933 prediction of widespread techological
unemployment � �due to our discovery of means of
economising the use of labour outrunning the pace at
which we can �nd new uses for labour�

I Current trend: labour market polarisation �Lousy and
Lovely Jobs�, Goos, Manning, 2007



Non routine tasks

I �Why people still matter�, Levy, Murnane, 2004 � �But
executing a left turn against oncoming tra�c involves so
many factors that it is hard to imagine discovering the set
of rules that can replicate the driver's behaviour�

I Six years later: Google's autonomous car works

I Computerisation no longer con�ned to routine
manufactoring tasks

I Which engineering tasks need to be solved for an
occupation to be automated?



Cognitive non-routine tasks

I Big Data allows to quantify previously ill-posed tasks

I United nations documents for Google translate

I Memorial Sloan-Kettering Cancer used IBM's Watson to
provide diagnositcs based on 600k reports of 1.5m trials

I Symatec's Clearwell: Automatic graphical
viualisation/sorting of documents

I CCTV

I Software engineering



Manual non-routine tasks
I Service robots for wind turbines
I Autonomous vehicles (aggriculture, transport)
I Foxconn employs 1.2m workers, investigates �smart�
robots



Task model / Bottleneck variables

I Perception and manipulation tasks

I Finger dexterity
I Manual dexterity
I Cramped work space, awkward position

I Creative intelligent tasks

I Originality
I Fine arts

I Social intelligence tasks

I Social perceptiveness
I Negotiation
I Persuation
I Assisting and caring for others



Data: covariates

O*NET

I Online service developed by US Department of Labor

I After some preprocessing/cleaning, 702 entries

I Both numbers and open-end description

I 9 real variables (seem to be x ∈ [0, 100]9)



Task model / Bottleneck variables

Example, manual dexterity

I low: �Screw a light bulb into a light socket�

I medium: �Pack oranges in crates as quickly as possible�

I high: �Perform open-heart surgery with surgical
instruments�



Data: labels

I Hand label 70 Occupations via a ML workshop survey

I Question: �Can the tasks of this job be su�ciently
speci�ed, conditional on the availability of big data, to be
performed by state of the art computer-controlled
equipment?�

I Only use high con�dent ones

I �By hand-labelling occupations, we work around the
issues that O*NET data was not speci�cally gathered to
... measure automatability.�

I �The fact that we label only (most con�dent) 70/702, ...
further reduces the risk of subjective bias.�



GP classi�cation

I Covariates xi ∈ R9, labels yi ∈ {0, 1}
I 70 training, 702 testing pairs

I Model
p(y , f |X ) = p(y |f )p(f |X )

where

p(f |X ) = N (f |0,K ) p(y = 1|f ) = 1

1+ exp(−f )

and Kij = k(xi , xj).

I Inference, learning:

I Compute predictive posterior p(y∗) using EP
I 3 kernels: exp. quadratic, rational quadratic, linear
I No details on hyper-parameters, no code published



X-validation

TABLE II. Performance of various classifiers; best performances in bold.

classifier model AUC log-likelihood

exponentiated quadratic0.894 −163.3
rational quadratic 0.893 −163.7
linear (logit regression) 0.827 −205.0

ing characteristic curve (AUC), which is equal to one for a perfect classifier,

and one half for a completely random classifier, and the log-likelihood, which

should ideally be high. This experiment was repeated for onehundred random

selections of training set, and the average results tabulated in Table II. The

exponentiated quadratic model returns (narrowly) the bestperformance of the

three (clearly outperforming the linear model corresponding to logistic regres-

sion), and was hence selected for the remainder of our testing. Note that its

AUC score of nearly 0.9 represents accurate classification: ouralgorithm suc-

cessfully managed to reproduce our hand-labels specifyingwhether an occupa-

tion was computerisable. This means that our algorithm verified that our sub-

jective judgements were systematically and consistently related to theO∗NET

variables.

Having validated our approach, we proceed to use classification to predict

the probability of computerisation for all 702 occupations. For this purpose,

we introduce a new label variable,z, denoting whether an occupation is truly

computerisable or not: note that this can be judged only oncean occupation

is computerised, at some indeterminate point in the future.We take, again, a

logistic likelihood,

(8) P (z∗ = 1 | f∗) =
1

1 + exp(−f∗)
.

We implicitly assumed that our hand label,y, is a noise-corrupted version of

the unknown true label,z. Our motivation is that our hand-labels of comput-

erisability must necessarily be treated as such noisy measurements. We thus

acknowledge that it is by no means certain that a job is computerisable given

our labelling. We defineX∗ ∈ R702×9 as the matrix ofO∗NET variables for all

702 occupations; this matrix represents ourtest features.

We perform a final experiment in which, given training dataD, consisting
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FIGURE II. The distribution of occupational variables as a function of probability of
computerisation; each occupation is a unique point.
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Employment and computerisation
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FIGURE III. The distribution ofBLS 2010 occupational employment over the probability of
computerisation, along with the share in low, medium and high probability categories. Note

that the total area under all curves is equal to totalUS employment.
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Interpretation

I �According to our estimate, 47% of ... employment is
potentially automatable ... perhaps in a decade or two�

I �It shall be noted that the probability axis can be seen as
a rough timeline�

I Two waves of computerisation, technological plateau



Interpretation

TABLE III. Distribution (mean and standard deviation) of values for each variable.

Variable Probability of Computerisation

Low Medium High

Assisting and caring for others 48±20 41±17 34±10
Persuasion 48±7.1 35±9.8 32±7.8
Negotiation 44±7.6 33±9.3 30±8.9
Social perceptiveness 51±7.9 41±7.4 37±5.5
Fine arts 12±20 3.5±12 1.3±5.5
Originality 51±6.5 35±12 32±5.6
Manual dexterity 22±18 34±15 36±14
Finger dexterity 36±10 39±10 40±10
Cramped work space 19±15 37±26 31±20

depend on overcoming the engineering bottlenecks related to creative and so-

cial intelligence. As reported in Table III, the “fine arts”,“originality”, “ne-

gotiation”, “persuasion”, “social perceptiveness”, and “assisting and caring for

others”, variables, all exhibit relatively high values in the low risk category. By

contrast, we note that the “manual dexterity”, “finger dexterity” and “cramped

work space” variables take relatively low values. Hence, inshort, generalist oc-

cupations requiring knowledge of human heuristics, and specialist occupations

involving the development of novel ideas and artifacts, arethe least suscepti-

ble to computerisation. As a prototypical example of generalist work requir-

ing a high degree of social intelligence, consider theO∗NET tasks reported for

chief executives, involving “conferring with board members, organization offi-

cials, or staff members to discuss issues, coordinate activities, or resolve prob-

lems”, and “negotiating or approving contracts or agreements.” Our predictions

are thus intuitive in that most management, business, and finance occupations,

which are intensive in generalist tasks requiring social intelligence, are largely

confined to the low risk category. The same is true of most occupations in

education, healthcare, as well as arts and media jobs. TheO∗NET tasks of ac-

tors, for example, involve “performing humorous and serious interpretations of

emotions, actions, and situations, using body movements, facial expressions,

and gestures”, and “learning about characters in scripts and their relationships

to each other in order to develop role interpretations.” While these tasks are

40

I Plateau mostly manual tasks (dexterity, ...)

I Second wave mostly creative and social intelligence.

I Quite well in-line with technological trends



Wages and computerisation
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FIGURE IV. Wage and education level as a function of the probabilityof computerisation;
note that both plots share a legend.

very different from those of a chief executive, they equallyrequire profound

knowledge of human heuristics, implying that a wide range oftasks, involv-

ing social intelligence, are unlikely to become subject to computerisation in the

near future.

The low susceptibility of engineering and science occupations to computer-

isation, on the other hand, is largely due to the high degree of creative intelli-

gence they require. TheO∗NET tasks of mathematicians, for example, involve

“developing new principles and new relationships between existing mathemat-

ical principles to advance mathematical science” and “conducting research to

extend mathematical knowledge in traditional areas, such as algebra, geometry,

probability, and logic.” Hence, while it is evident that computers are enter-

ing the domains of science and engineering, our predictionsimplicitly suggest

strong complementarities between computers and labour in creative science and

engineering occupations; although it is possible that computers will fully sub-

stitute for workers in these occupations over the long-run.We note that the

predictions of our model are strikingly in line with the technological trends we

observe in the automation of knowledge work, even within occupational cate-

gories. For example, we find that paralegals and legal assistants – for which

computers already substitute – in the high risk category. Atthe same time,

lawyers, which rely on labour input from legal assistants, are in the low risk

category. Thus, for the work of lawyers to be fully automated, engineering bot-

tlenecks to creative and social intelligence will need to beovercome, implying

that the computerisation of legal research will complementthe work of lawyers

in the medium term.
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Hitlist

APPENDIX

The table below ranks occupations according to their probability of computeri-

sation (from least- to most-computerisable). Those occupations used as training

data are labelled as either ‘0’ (not computerisable) or ‘1’ (computerisable), re-

spectively. There are 70 such occupations, 10 percent of thetotal number of

occupations.

Computerisable

Rank Probability Label SOCcode Occupation

1. 0.0028 29-1125 Recreational Therapists

2. 0.003 49-1011 First-Line Supervisors of Mechanics, Installers, and Repairers

3. 0.003 11-9161 Emergency Management Directors

4. 0.0031 21-1023 Mental Health and Substance Abuse Social Workers

5. 0.0033 29-1181 Audiologists

6. 0.0035 29-1122 Occupational Therapists

7. 0.0035 29-2091 Orthotists and Prosthetists

8. 0.0035 21-1022 Healthcare Social Workers

9. 0.0036 29-1022 Oral and Maxillofacial Surgeons

10. 0.0036 33-1021 First-Line Supervisors of Fire Fightingand Prevention Workers

11. 0.0039 29-1031 Dietitians and Nutritionists

12. 0.0039 11-9081 Lodging Managers

13. 0.004 27-2032 Choreographers

14. 0.0041 41-9031 Sales Engineers

15. 0.0042 0 29-1060 Physicians and Surgeons

16. 0.0042 25-9031 Instructional Coordinators

17. 0.0043 19-3039 Psychologists, All Other

18. 0.0044 33-1012 First-Line Supervisors of Police and Detectives

19. 0.0044 0 29-1021 Dentists, General

20. 0.0044 25-2021 Elementary School Teachers, Except Special Education

21. 0.0045 19-1042 Medical Scientists, Except Epidemiologists

22. 0.0046 11-9032 Education Administrators, Elementary andSecondary School

23. 0.0046 29-1081 Podiatrists

24. 0.0047 19-3031 Clinical, Counseling, and School Psychologists

25. 0.0048 21-1014 Mental Health Counselors

26. 0.0049 51-6092 Fabric and Apparel Patternmakers

27. 0.0055 27-1027 Set and Exhibit Designers

28. 0.0055 11-3121 Human Resources Managers

29. 0.0061 39-9032 Recreation Workers

30. 0.0063 11-3131 Training and Development Managers

31. 0.0064 29-1127 Speech-Language Pathologists

32. 0.0065 15-1121 Computer Systems Analysts

33. 0.0067 0 11-9151 Social and Community Service Managers

34. 0.0068 25-4012 Curators

35. 0.0071 29-9091 Athletic Trainers

36. 0.0073 11-9111 Medical and Health Services Managers

37. 0.0074 0 25-2011 Preschool Teachers, Except Special Education

38. 0.0075 25-9021 Farm and Home Management Advisors

39. 0.0077 19-3091 Anthropologists and Archeologists
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Hitlist
Computerisable

Rank Probability Label SOCcode Occupation

275. 0.41 51-2041 Structural Metal Fabricators and Fitters

276. 0.41 1 23-1012 Judicial Law Clerks

277. 0.41 49-2094 Electrical and Electronics Repairers, Commercial and Industrial Equip-

ment

278. 0.42 19-4093 Forest and Conservation Technicians

279. 0.42 53-1021 First-Line Supervisors of Helpers, Laborers, and Material Movers,

Hand

280. 0.43 39-3093 Locker Room, Coatroom, and Dressing Room Attendants

281. 0.43 19-2099 Physical Scientists, All Other

282. 0.43 0 19-3011 Economists

283. 0.44 19-3093 Historians

284. 0.45 51-9082 Medical Appliance Technicians

285. 0.46 43-4031 Court, Municipal, and License Clerks

286. 0.47 13-1141 Compensation, Benefits, and Job Analysis Specialists

287. 0.47 31-1013 Psychiatric Aides

288. 0.47 29-2012 Medical and Clinical Laboratory Technicians

289. 0.48 33-2021 Fire Inspectors and Investigators

290. 0.48 17-3021 Aerospace Engineering and Operations Technicians

291. 0.48 27-1026 Merchandise Displayers and Window Trimmers

292. 0.48 47-5031 Explosives Workers, Ordnance Handling Experts, and Blasters

293. 0.48 15-1131 Computer Programmers

294. 0.49 33-9091 Crossing Guards

295. 0.49 17-2021 Agricultural Engineers

296. 0.49 47-5061 Roof Bolters, Mining

297. 0.49 49-9052 Telecommunications Line Installers and Repairers

298. 0.49 43-5031 Police, Fire, and Ambulance Dispatchers

299. 0.5 53-7033 Loading Machine Operators, Underground Mining

300. 0.5 49-9799 Installation, Maintenance, and Repair Workers, All Other

301. 0.5 23-2091 Court Reporters

302. 0.51 41-9011 Demonstrators and Product Promoters

303. 0.51 31-9091 Dental Assistants

304. 0.52 51-6041 Shoe and Leather Workers and Repairers

305. 0.52 17-3011 Architectural and Civil Drafters

306. 0.53 47-5012 Rotary Drill Operators, Oil and Gas

307. 0.53 47-4041 Hazardous Materials Removal Workers

308. 0.54 39-4011 Embalmers

309. 0.54 47-5041 Continuous Mining Machine Operators

310. 0.54 39-1012 Slot Supervisors

311. 0.54 31-9011 Massage Therapists

312. 0.54 41-3011 Advertising Sales Agents

313. 0.55 49-3022 Automotive Glass Installers and Repairers

314. 0.55 53-2012 Commercial Pilots

315. 0.55 43-4051 Customer Service Representatives

316. 0.55 27-4011 Audio and Video Equipment Technicians

317. 0.56 25-9041 Teacher Assistants

318. 0.57 45-1011 First-Line Supervisors of Farming, Fishing, and Forestry Workers

319. 0.57 19-4031 Chemical Technicians

320. 0.57 47-3015 Helpers–Pipelayers, Plumbers, Pipefitters, and Steamfitters

321. 0.57 1 13-1051 Cost Estimators
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Hitlist
Computerisable

Rank Probability Label SOCcode Occupation

687. 0.98 43-4151 Order Clerks

688. 0.98 43-4011 Brokerage Clerks

689. 0.98 43-9041 Insurance Claims and Policy Processing Clerks

690. 0.98 51-2093 Timing Device Assemblers and Adjusters

691. 0.99 1 43-9021 Data Entry Keyers

692. 0.99 25-4031 Library Technicians

693. 0.99 43-4141 New Accounts Clerks

694. 0.99 51-9151 Photographic Process Workers and Processing Machine Operators

695. 0.99 13-2082 Tax Preparers

696. 0.99 43-5011 Cargo and Freight Agents

697. 0.99 49-9064 Watch Repairers

698. 0.99 1 13-2053 Insurance Underwriters

699. 0.99 15-2091 Mathematical Technicians

700. 0.99 51-6051 Sewers, Hand

701. 0.99 23-2093 Title Examiners, Abstractors, and Searchers

702. 0.99 41-9041 Telemarketers
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Limitations

I Potential substitution, no estimate on how many jobs will
be automated

I Wage level changes

I Regluatory politics

�Thou aimest high, Master Lee. Consider thou what the
invention could do to my poor subjects. It would assuredly
bring to them ruin by depriving them of employment, thus

making them beggars.�



Statistics?

I Covariates not sampled iid (only most con�dent)

I Polarisation sampling artifact?

I Time?

I Ntrain = 70 in R9



Conclusion

Barry cannot be replaced



Thank you


