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Appendix 1 

Table SA1. Descriptive statistics
	Variable
	Mean
	Standard deviation
	Range of values 
[min., max.]

	cyclical unemployment
	0.029261
	1.76903
	[–6.740, 9.028]

	output gap
	0.001936
	0.038356
	[–0.181, 0.222]

	unemployment
	–0.051981
	1.32177
	[–4.370, 9.810]

	output growth
	0.022497
	0.033776
	[–0.161, 0.219]

	cyclical employment
	0.000709
	0.028636
	[–0.124, 0.134]

	employment
	0.0097
	0.022979
	[–0.149, 0.107]

	robot
	1.16831
	1.66791
	[0, 16.801]


Source: Our own calculations based on OECD and IFR data. 
 


Table SA2. Correlation matrix
	
	cyclical unemploy-ment
	output gap
	 nemploy-ment
	output growth
	cyclical employ-ment
	 employ-ment
	robot

	cyclical unemploy-ment
	1
	
	
	
	
	
	

	output gap
	–0.5895
	1
	
	
	
	
	

	 unemplo-yment
	0.3408
	–0.1971
	1
	
	
	
	

	output growth
	–0.1323
	0.3691
	–0.6727
	1
	
	
	

	cyclical employ-ment
	–0.8291
	0.6704
	–0.1729
	0.1044
	1
	
	

	 employ-ment
	–0.3966
	0.3609
	–0.8146
	0.6966
	0.3664
	1
	

	robot
	–0.1323
	0.0749
	0.0052
	–0.1765
	0.1082
	–0.0570
	1


Source: Our own calculations based on OECD and IFR data. 


Table SA3. Okun’s Law in contractions: Sensitivity of equation in levels estimation results to the value of the Hodrick–Prescott smoothing parameter set to 6.25
	Estimator
	2SLS
	GMM
	LIML
	CUE

	output gap
	–31.433***
	–34.760***
	–31.707***
	–37.454***

	
	(5.793)
	(4.920)
	(6.026)
	(4.749)

	robot
	–0.011
	0.027
	–0.015
	0.039

	
	(0.074)
	(0.068)
	(0.079)
	(0.072)

	robot×output gap
	8.405***
	10.211***
	8.588***
	11.078***

	
	(2.995)
	(2.639)
	(3.227)
	(2.648)

	Number of observations
	380
	380
	380
	380

	R2
	0.253
	0.246
	0.250
	0.235

	Cragg-Donald Wald F statistic
	41.427
	41.427
	41.427
	41.427

	Sargan–Hansen J statistic
	5.257
	5.257
	5.256
	4.795

	(p-value)
	(0.154)
	(0.154)
	(0.154)
	(0.187)

	Kleibergen–Paap LM statistic
	19.195
	19.195
	19.195
	19.195

	(p-value)
	(0.001)
	(0.001)
	(0.001)
	(0.001)


*, ** and *** indicate statistical significance at the 10, 5 and 1 per cent levels, respectively. 
Notes: Standard errors shown in brackets are robust to heteroscedasticity and autocorrelation. The instrumental variables used for robot and robot×output gap are the following: (output gap × share of GDP of textiles sector in 1995), (output gap × share of employment of agricultural workers in 1995), (output gap × share of employment of elementary occupations in 1995), (output gap × share of employment of managers in 1995) and old-age dependency ratio.
Source: Our own calculations based on OECD and IFR data. 



Appendix 2. Okun’s Law and employment protection legislation.

Table SA4. Okun’s Law and employment protection: Equation in levels with the cyclical rate of unemployment as the dependent variable
	Criterion for classifying employment protection as strong
	Fifth quintile
	Third tertile

	Business cycle state
	Recession
	Expansion
	Recession
	Expansion

	output gap
	–59.578***
	–26.855***
	–60.672***
	–27.356***

	
	(10.675)
	(5.346)
	(11.195)
	(5.299)

	robot
	0.091
	–0.027
	0.064
	–0.027

	
	(0.160)
	(0.085)
	(0.164)
	(0.085)

	robot×output gap
	20.003***
	–4.177
	19.248***
	–4.276

	
	(6.292)
	(5.558)
	(6.341)
	(5.197)

	strong_ep×output gap
	9.454
	2.326
	11.754
	2.947

	
	(9.048)
	(4.729)
	(9.567)
	(4.791)

	Number of observations
	364
	423
	364
	423

	R2
	0.251
	0.366
	0.257
	0.367

	Cragg-Donald Wald F statistic
	28.430
	29.985
	27.494
	33.891

	Sargan–Hansen J statistic
	4.561
	2.735
	5.750
	2.822

	(p-value)
	(0.207)
	(0.434)
	(0.124)
	(0.420)

	Kleibergen–Paap LM statistic
	14.220
	29.058
	15.028
	30.368

	(p-value)
	(0.007)
	(0.000)
	(0.005)
	(0.000)


*, ** and *** indicate statistical significance at the 10, 5 and 1 per cent levels, respectively. 
Notes: Parameters were estimated by 2SLS. Standard errors shown in brackets are robust to heteroscedasticity and autocorrelation. The instrumental variables used for robot and robot×output gap are the following: (output gap × share of GDP of textiles sector in 1995), (output gap × share of GDP of vehicles sector in 1995), (output gap × share of employment of clerical workers in 1995), (output gap × share of employment of managers in 1995) and old-age dependency ratio.
Source: Our own calculations based on OECD and IFR data. 




Table SA5. Okun’s Law and employment protection: Equation in differences with the change in the rate of unemployment as the dependent variable.
	Criterion for classifying employment protection as strong
	Fifth quintile
	Third tertile

	Business cycle state
	Recession
	Expansion
	Recession
	Expansion

	output growth
	–50.332***
	–22.538***
	–50.109***
	–21.387***

	
	(4.027)
	(6.046)
	(4.028)
	(5.997)

	robot
	–0.581***
	–0.000
	–0.589***
	0.010

	
	(0.157)
	(0.149)
	(0.157)
	(0.149)

	robot×output growth
	9.575***
	–8.058
	9.220***
	–8.719

	
	(2.768)
	(5.734)
	(2.766)
	(5.536)

	strong_ep×output growth
	10.059*
	1.859
	9.327*
	0.453

	
	(5.198)
	(4.568)
	(5.144)
	(4.583)

	Number of observations
	339
	413
	339
	413

	R2
	0.533
	0.375
	0.530
	0.370

	Cragg-Donald Wald F statistic
	43.481
	34.611
	43.070
	38.335

	Sargan–Hansen J statistic
	3.004
	1.910
	5.328
	2.178

	(p-value)
	(0.391)
	(0.591)
	(0.149)
	(0.536)

	Kleibergen–Paap LM statistic
	17.603
	22.741
	16.641
	23.805

	(p-value)
	(0.002)
	(0.000)
	(0.002)
	(0.000)


*, ** and *** indicate statistical significance at the 10, 5 and 1 per cent levels, respectively. 
Notes: Parameters were estimated by 2SLS. Standard errors shown in brackets are robust to heteroscedasticity and autocorrelation. The instrumental variables used for robot and robot×output growth are the following: (output growth × share of GDP of textiles sector in 1995), (output growth × share of GDP of vehicles sector in 1995), (output growth × share of employment of clerical workers in 1995), (output growth × share of employment of managers in 1995) and old-age dependency ratio.
Source: Our own calculations based on OECD and IFR data. 


Appendix 3. Okun’s Law in industry and services in contraction
Investment in robotics tends to be concentrated in industrial sectors. It could therefore be conjectured that automation prevents job reductions during contractions mainly – or even only – in those sectors while leaving the Okun coefficient unchanged in services. In this appendix, we investigate the separate impacts of GDP changes on employment in services (market services and non-market services) and industry (manufacturing, construction, mining and quarrying, and electricity, gas and water supply), respectively. We estimate equations (3) and (4) in the main article using the economy-wide rather than sectoral measures of output changes and robot intensity in order to capture sectoral shifts in employment.
As Kim (2020) discusses, technological advancements in the manufacturing sector lead to both sectoral shifts (in the long-run) and intersectoral comovement (in the short-run) in employment. This implies that sectoral employment might be affected by output changes both within and outside the sector, explaining the link between robotization predominantly in the manufacturing sector and employment in services. Acemoglu and Restrepo (2020) further demonstrate that employment changes driven by robotization in manufacturing spill over into the non-tradable (service) sector through income effects and shifts in demand. Empirical evidence supports these employment spillovers (Chung and Lee 2023; Díaz Paves and Martínez-Zarzoso 2024).
Furthermore, the link between robotization and employment in services can be also driven by the fact that the robot intensity indicator captures a broader scope of automation.[footnoteRef:1] For instance, studies have shown a positive correlation between robot and information and communications technology intensity (Presidente 2023; OECD 2017, 37) or between the stock of robots and artificial intelligence (the latter measured by the stock of patents) (Bordot 2022). Therefore, robot intensity may plausibly be considered a proxy for the overall intensity of modern automation technologies, extending beyond just robots. The detailed results are presented in tables SA6 to SA9. [1:  We thank our anonymous reviewer for this suggestion.] 

Estimation of the “levels” and “changes” versions of Okun’s Law leads to an unambiguous conclusion that a decline in economic activity leads to a decrease in industrial employment that is mitigated by automation. This result holds regardless of the estimator used and the way in which GDP and employment fluctuations are obtained. It should be noted that the coefficient of robot intensity is either negative and non-significant or positive and significant, which prevents us from formulating robust conclusions. The estimation results for the relationship between output and employment in industry are similar to those obtained for the whole economy. Furthermore, we find that, during economic stress, job losses in services might be reduced by automation because the sign of the interaction term is negative and statistically significant. The value of Okun’s coefficient in services depends negatively on robot intensity but to a lesser extent than it does in industry and in the whole economy because the statistical significance of the coefficient of the interaction term in the “equation in differences” does not exceed 5 per cent. This result for the service sector, which we interpret as a plausible spillover effect from industry, and possibly as evidence that robot intensity captures a broader range of automation technologies, further confirms the conclusion that robot intensity, although mostly concentrated in the industry sector, does indeed have consequences for employment in the whole economy. 
Sectoral analysis is confined to the contraction periods when the value of the GDP gap is negative because automation was not found to significantly affect the relationship between output and employment in expansions (the results are not shown but are available upon request). Tables SA6 and SA7 contain the estimation results for equations (3) and (4), respectively, with employment changes in industry as the dependent variable.
Table SA6. Okun’s Law in industry in contractions: Equation in levels with the level of cyclical employment in industry (difference between observed and long-term employment in logs) as the dependent variable
	Estimator
	2SLS
	GMM
	LIML
	CUE

	output gap
	1.338***
	1.297***
	1.344***
	1.323***

	
	(0.166)
	(0.154)
	(0.169)
	(0.154)

	robot
	–0.003
	–0.001
	–0.003
	–0.001

	
	(0.004)
	(0.003)
	(0.004)
	(0.003)

	robot×output gap
	–0.392***
	–0.330***
	–0.399***
	–0.338***

	
	(0.131)
	(0.111)
	(0.136)
	(0.108)

	Number of observations
	348
	348
	348
	348

	R2
	0.284
	0.289
	0.283
	0.289

	Cragg-Donald Wald F statistic
	33.163
	33.164
	33.165
	33.166

	Sargan–Hansen J statistic
	3.659
	3.659
	3.645
	3.727

	(p-value)
	(0.301)
	(0.301)
	(0.302)
	(0.292)

	Kleibergen–Paap LM statistic
	15.628
	15.628
	15.628
	15.628

	(p-value)
	(0.004)
	(0.004)
	(0.004)
	(0.004)


*, ** and *** indicate statistical significance at the 10, 5 and 1 per cent levels, respectively. 
Notes: Standard errors shown in brackets are robust to heteroscedasticity and autocorrelation. The instrumental variables used for robot and robot×output gap are the following: (output gap × share of GDP of textiles sector in 1995), (output gap × share of GDP of transport equipment sector in 1995), (output gap × share of employment of clerical workers in 1995), (output gap × share of employment of elementary occupations in 1995), and old-age dependency ratio.
Source: Our own calculations based on OECD and IFR data. 



Table SA7. Okun’s Law in industry in contractions: Equation in differences with the rate of change of employment in industry (variation of the log of employment) as the dependent variable
	Estimator
	2SLS
	GMM
	LIML
	CUE

	output growth
	1.191***
	1.170***
	1.195***
	1.134***

	
	(0.135)
	(0.132)
	(0.138)
	(0.134)

	robot
	0.019***
	0.019***
	0.020***
	0.020***

	
	(0.004)
	(0.004)
	(0.005)
	(0.004)

	robot×output growth
	–0.210***
	–0.212***
	–0.209***
	–0.193***

	
	(0.076)
	(0.073)
	(0.080)
	(0.074)

	Number of observations
	326
	326
	326
	326

	R2
	0.481
	0.478
	0.474
	0.472

	Cragg-Donald Wald F statistic
	40.462
	40.463
	40.464
	40.465

	Sargan–Hansen J statistic
	4.353
	4.353
	4.319
	4.280

	(p-value)
	(0.226)
	(0.226)
	(0.229)
	(0.233)

	Kleibergen–Paap LM statistic
	19.762
	19.762
	19.762
	19.762

	(p-value)
	(0.001)
	(0.001)
	(0.001)
	(0.001)


*, ** and *** indicate statistical significance at the 10, 5 and 1 per cent levels, respectively. 
Notes: Standard errors shown in brackets are robust to heteroscedasticity and autocorrelation. The instrumental variables used for robot and robot×output growth are the following: (output growth × the share of GDP of transport equipment sector in 1995), (output growth × share of employment of technicians in 1995), (output growth × share of employment of elementary occupations in 1995), (output growth × share of employment of machine operators in 1995) and old-age dependency ratio.
Source: Our own calculations based on OECD and IFR data. 


We are also interested in whether less robot-intensive services are also affected by automation. In tables SA8 and SA9, we present the results of the estimation of equations (3) and (4) obtained from the sample data from the service sector.

Table SA8. Okun’s Law in services in contractions: Equation in levels with the level of cyclical employment in services (difference between observed and long-term employment in logs) as the dependent variable
	Estimator
	2SLS
	GMM
	LIML
	CUE

	output gap
	0.725***
	0.687***
	0.732***
	0.665***

	
	(0.108)
	(0.091)
	(0.110)
	(0.090)

	robot
	–0.004*
	–0.004*
	–0.004*
	–0.003

	
	(0.002)
	(0.002)
	(0.002)
	(0.002)

	robot×output gap
	–0.224***
	–0.214***
	–0.232***
	–0.199***

	
	(0.080)
	(0.071)
	(0.083)
	(0.070)

	Number of observations
	338
	338
	338
	338

	R2
	0.228
	0.235
	0.222
	0.244

	Cragg-Donald Wald F statistic
	31.886
	31.887
	31.888
	31.889

	Sargan-Hansen J statistic
	1.713
	1.713
	1.739
	1.520

	(p-value)
	(0.634)
	(0.634)
	(0.628)
	(0.678)

	Kleibergen-Paap LM statistic
	15.701
	15.701
	15.701
	15.701

	(p-value)
	(0.003)
	(0.003)
	(0.003)
	(0.003)


*, ** and *** indicate statistical significance at the 10, 5 and 1 per cent levels, respectively. 
Notes: Standard errors shown in brackets are robust to heteroscedasticity and autocorrelation. The instrumental variables used for robot and robot×output gap are the following: (output gap × share of GDP of textiles sector in 1995), (output gap × share of GDP of transport equipment sector in 1995), (output gap × share of employment of clerical workers in 1995), (output gap × share of employment of elementary occupations in 1995) and old-age dependency ratio.
Source: Our own calculations based on OECD and IFR data. 



Table SA9. Okun’s Law in services in contractions: Equation in differences with the rate of change of employment in services (variation of the log of employment) as the dependent variable
	Estimator
	2SLS
	GMM
	LIML
	CUE

	output growth
	0.510***
	0.443***
	0.524***
	0.424***

	
	(0.091)
	(0.082)
	(0.097)
	(0.068)

	robot
	0.000
	0.001
	0.000
	0.001

	
	(0.002)
	(0.001)
	(0.002)
	(0.001)

	robot×output growth
	–0.111**
	–0.078*
	–0.126**
	–0.071*

	
	(0.052)
	(0.047)
	(0.059)
	(0.042)

	Number of observations
	316
	316
	316
	316

	R2
	0.360
	0.374
	0.349
	0.373

	Cragg-Donald Wald F statistic
	38.725
	38.726
	38.727
	38.728

	Sargan–Hansen J statistic
	2.932
	2.932
	2.910
	2.888

	(p-value)
	(0.402)
	(0.402)
	(0.406)
	(0.409)

	Kleibergen–Paap LM statistic
	19.222
	19.222
	19.222
	19.222

	(p-value)
	(0.001)
	(0.001)
	(0.001)
	(0.001)


*, ** and *** indicate statistical significance at the 10, 5 and 1 per cent levels, respectively. 
Notes: Standard errors shown in brackets are robust to heteroscedasticity and autocorrelation. The instrumental variables used for robot and robot×output growth are the following: (output growth × the share of GDP of transport equipment sector in 1995), (output growth × share of employment of technicians in 1995), (output growth × share of employment of elementary occupations in 1995), (output growth × share of employment of machine operators in 1995) and old-age dependency ratio.
Source: Our own calculations based on OECD and IFR data. 
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