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Chernoff and Warman (2021)

Main Premise: Shocks could accelerate secular trends in the economy

I Automation is an ongoing trend

I COVID-19 brings in high viral transmission risk

I Firms likely to substitute away from labor to capital (robots, AI)

I Women more exposed to automation and virus transmission risks

Main Implication: COVID-19 pandemic could accelerate automation with more
adverse effects on women



Chernoff and Warman (2021)

Main Premise: Shocks could accelerate secular trends in the economy

I Automation is an ongoing trend

I COVID-19 brings in high viral transmission risk

I Firms likely to substitute away from labor to capital (robots, AI)

I Women more exposed to automation and virus transmission risks

Main Implication: COVID-19 pandemic could accelerate automation with more
adverse effects on women



My Discussion

I Comments on the methodology

−→Discussion of two indices: transmission and automation

I Gender gap in automation threat

−→ Are effects likely to be very uneven?

I Automation dynamics in dangerous occupations

−→ Can the past tell us something?



Methodology

Quantify the viral transmission and automation risks using two separate indices

1. Viral transmission index: based on
I physical proximity
I face-to-face discussions
I exposed to disease or infections
I the average of outdoors, exposed to weather and outdoors, under cover

2. Routine task intensity for occupation i is defined as:

RTIi = RCi + RMi–NRAi–NRIi–NRMi

using routine cognitive (RC ), routine manual (RM), non-routine analytical
(NRA), interpersonal (NRI ) and manual variables (NRM).
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Risk of automation and transmission
7 Figures

Figure 1: Automation potential versus transmission risk of occupation
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Notes: Automation potential and transmission risk indexes are created from the O⇤NET Database and are normalized to range between
zero and one. High-risk occupations are defined as those with both indexes being greater than or equal to 0.5 and are indicated by the red
squares. Low-risk occupations are defined as those with both indexes below 0.5 and are indicated by the green triangles. Medium-risk
occupations are defined as those with an index value greater than or equal to 0.5 for only one of the two indexes and are indicated by the
orange circles.
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A tale of two indices

I The paper uses two separate indices and identifies high risk of automation and
transmission with each index ≥ 0.5

I Are the risks orthogonal to each other? The construction of indices does not take
into account interactions.

I Routine task intensity for occupation i is defined as:

RTIi = RCi + RMi–NRAi–NRIi–NRMi

I If the non-routine component of the occupation has high transmission risk, it is
less likely to be automated.

I A regression-based analysis with interactions would be useful.

I How about a two-dimensional index?



Gender gap in automation threat

Table 2: Mean automation potential and transmission risk indexes by demographic characteristics

Females Males

Automation Transmission Both Both Both Automation Transmission Both Both Both
Risk �0.5 �0.4 <0.5 Risk �0.5 �0.4 <0.5

Overall 0.451 0.562 0.243 0.551 0.191 0.444 0.456 0.120 0.422 0.434
(0.187) (0.159) (0.429) (0.497) (0.393) (0.167) (0.132) (0.325) (0.494) (0.496)

Non-medical 0.458 0.514 0.252 0.551 0.223 0.446 0.442 0.119 0.422 0.450
(0.193) (0.108) (0.434) (0.497) (0.416) (0.167) (0.110) (0.323) (0.494) (0.497)

White 0.434 0.564 0.232 0.508 0.212 0.425 0.458 0.113 0.393 0.467
(0.190) (0.161) (0.422) (0.500) (0.409) (0.169) (0.129) (0.316) (0.488) (0.499)

Black 0.475 0.577 0.259 0.627 0.135 0.484 0.468 0.155 0.518 0.324
(0.177) (0.159) (0.438) (0.484) (0.342) (0.160) (0.138) (0.362) (0.500) (0.468)

Latino or Hispanic 0.500 0.539 0.272 0.661 0.124 0.491 0.432 0.119 0.452 0.376
(0.172) (0.146) (0.445) (0.474) (0.330) (0.147) (0.129) (0.323) (0.498) (0.484)

Asian American 0.446 0.563 0.245 0.547 0.263 0.428 0.490 0.140 0.473 0.461
(0.182) (0.170) (0.430) (0.498) (0.440) (0.170) (0.143) (0.347) (0.499) (0.498)

All other races 0.460 0.559 0.262 0.578 0.192 0.455 0.467 0.144 0.465 0.392
(0.185) (0.154) (0.440) (0.494) (0.394) (0.167) (0.134) (0.351) (0.499) (0.488)

Low pay 0.508 0.551 0.298 0.685 0.109 0.495 0.441 0.149 0.502 0.359
(0.164) (0.143) (0.457) (0.465) (0.312) (0.149) (0.131) (0.356) (0.500) (0.480)

Medium pay 0.443 0.565 0.233 0.525 0.187 0.462 0.450 0.118 0.428 0.397
(0.191) (0.161) (0.423) (0.499) (0.390) (0.161) (0.131) (0.323) (0.495) (0.489)

High pay 0.334 0.572 0.091 0.278 0.389 0.365 0.470 0.068 0.301 0.578
(0.161) (0.188) (0.288) (0.448) (0.487) (0.156) (0.132) (0.251) (0.459) (0.494)

High school or less 0.541 0.532 0.315 0.740 0.093 0.508 0.419 0.118 0.469 0.383
(0.149) (0.137) (0.464) (0.439) (0.290) (0.139) (0.119) (0.322) (0.499) (0.486)

Post-secondary < BA 0.493 0.575 0.316 0.650 0.140 0.464 0.464 0.161 0.477 0.388
(0.171) (0.164) (0.465) (0.477) (0.347) (0.161) (0.128) (0.368) (0.499) (0.487)

BA or higher 0.339 0.572 0.119 0.308 0.317 0.346 0.493 0.083 0.313 0.541
(0.172) (0.167) (0.323) (0.462) (0.465) (0.157) (0.139) (0.276) (0.464) (0.498)

Age 18 to 49 0.452 0.565 0.248 0.556 0.187 0.452 0.459 0.131 0.441 0.412
(0.186) (0.159) (0.432) (0.497) (0.390) (0.165) (0.132) (0.337) (0.496) (0.492)

Age 50 to 65 0.449 0.555 0.234 0.539 0.200 0.424 0.451 0.096 0.379 0.487
(0.190) (0.160) (0.423) (0.498) (0.400) (0.170) (0.132) (0.295) (0.485) (0.500)

Notes: Standard deviations are in parenthesis under the mean estimates. Automation potential and transmission risk indexes are normalized to range between zero and one.
The number of workers in each occupation is estimated from the weighted counts from the 2013 to 2017 ACS. The sample is restricted to individuals aged between 18 and 65 years.
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I Mean values for the automation index are similar for men and women but
transmission index is higher for women.

I Does this mean women are at higher risk of losing their jobs to robots?



Gender gap in automation threat?

From The “End of Men” and Rise of Women in the High-Skilled Labor Market by Cortes,

Jaimovic and Siu (2018)

I Conditional on being a college-educated man, the probability of working in a
cognitive/high-wage occupation has fallen.

I This contrasts starkly with the experience for college-educated women.

I A greater increase in the demand for female-oriented skills in cognitive/high-wage
occupations relative to other occupations.

I Evidence for increasing importance of social skills within such occupations.

Open questions:

1. What will happen to demand for social skills that might require face-to-face
interaction?

2. Are these components of these occupations necessarily automatable?
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Uneven recovery in labor demand? Not so far

Fraction women in construction: 10.9%
Fraction women in education and health services: 74.6%



The 5 D’s: Dirty, Dull, Dangerous, Domestic and Dextrous

Can history help us? How did the introduction of smokebot affect rescue workers?



Concluding thoughts

The mechanism is plausible but evidence is not yet conclusive.

Suggestions:

I Use full information instead of summary indices and allow for interactions

I Direct test of predictions of the mechanism:
−→ historical episodes could be useful

I Little evidence in the vacancy data

−→ need to consider uneven impact on labor supply of women and older workers



Concluding thoughts

The mechanism is plausible but evidence is not yet conclusive.

Suggestions:

I Use full information instead of summary indices and allow for interactions

I Direct test of predictions of the mechanism:
−→ historical episodes could be useful

I Little evidence in the vacancy data

−→ need to consider uneven impact on labor supply of women and older workers


