Supplemental Appendix
Jonathon Hazell and Bledi Taska

A Additional Figures

Figure 1: Employment-Population Ratio in United States during 2019-2021
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Notes: this graph plots the employent-population ratio, by month, from January 2019 to December 2021. The employment-
population ratio is provided by the Bureau of Labor Statistics. The series is rescaled to have a value of 100 in February
2020.
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Figure 2: Nominal Wages and Unemployment—pre vs. post June 2020
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Notes: the graph plots binned wage growth of nominal posted wages, in percent, from Burning Glass; and binned state by
quarter unemployment changes, in percentage points, from the Local Area Unemployment Statistics. In blue circles is data for
2010Q1-2020Q2, in red trianges is data for 2020Q3-2021Q1. To construct wage growth, we take the mean wage within each job
and quarter, and then take log differences at the job level. We use 50 bins and add a non-parametric regression line, separately
for each series.
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Figure 3: Industry Employment Growth During the Pandemic Recession
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Notes: this graph plots industry employment growth, in percentage points, at the 3 digit NAICS level, from the Current
Employment Statistics, between the last quarter of 2019 and the second quarter of 2020. Each observation is demeaned by
national average employment growth over the period.




Figure 4: Brent Crude Oil Price ($/Barrel)
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Notes: this graph plots the quarterly average of the Brent Crude oil price, for 2010-2020. The units are dollars per barrel of oil.
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Figure 5: Nominal Wages and Industry Employment
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Notes: the graph plots binned wage growth of nominal posted wages, in percent, from Burning Glass; and binned 3 digit NAICS
industry by quarter employment growth, in percentage points, from the Current Employment Statistics. The sample period is
2010Q1-2020Q2. To construct wage growth, we take the mean wage within each job and quarter, and then take log differences
at the job level. We use 20 bins and add a non-parametric regression line.
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Figure 6: State Level Coverage in Burning Glass
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Notes: this graph compares the state level share of vacancies in Burning Glass and JOLTS. In green, is the share of vacancies in
each state, in the Burning Glass main sample, for 2010-2020Q2. In yellow is the share of vacancies in each state, for 2010-2020,

according to JOLT'S.
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Figure 7: Broad Occupation Coverage in Burning Glass
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Notes: this graph compares the occupation level share of vacancies in Burning Glass versus employment in the Occupational
Employment Statistics, at the 2 digit occupation level. In green, is the share of vacancies in each occupation, in the Burning
Glass main sample, for 2010-2020Q2. In yellow is the share of employment in each occupation, for 2010-2020, according to the
Occupational Employment Statistics.
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Figure 8: State Level Coverage in Dun & Bradstreet and Burning Glass Merged Sample
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. Dun & Bradstreet Business Dynamics Statistics

Notes: this graph compares the state level share of employment in Dun & Bradstreet and the Business Dynamics Statistics. In
green, is the share of employment in each state, in the Dun & Bradstreet establishments that merge to the Burning Glass main
sample, averaged over 2010-2020. In yellow is the share of employment in each state, according to the 2019 Business Dynamics
Statistics.
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Figure 9: Industry Coverage in Dun & Bradstreet and Burning Glass Merged Sample
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Notes: this graph compares the industry level share of employment in Dun & Bradstreet and the Business Dynamics Statistics,
measured at the 2 digit industry level. In green, is the share of employment in each industry, for the Dun & Bradstreet
establishments that merge to the Burning Glass main sample, averaged over 2010-2020. In yellow is the share of employment
in each industry, according to the 2019 Business Dynamics Statistics.
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Figure 10: Nominal Posted Wage Growth at the Job Level and Unemployment Changes-
Heterogeneity by the Gap between Postings
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Note: the graph plots wage growth of nominal posted wages, in percent, from Burning Glass; and
state by quarter unemployment changes, in percentage points, from the Local Area Unemployment
Statistics. The sample period is 2010Q1-2020Q2. To construct wage growth, we take the mean
wage within each job and quarter, and then take log differences at the job level. We collect wage
growth and unemployment changes into 100 bins, and add a non-parametric regression line. Each
panel corresponds to a specific temporal gap between job postings. Panel (a) restricts the sam-
ple to observations with a l-quarter gap, Panel (b) to a 2-quarter gap, Panel (c¢) to a 3-quarter
gap, Panel (d) to a 4-quarter gap, Panel (e) to a 5-quarter gap, and Panel (f) to a 6-quarter gap.
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B Additional Tables

Table 1: Difference of State Wages in Burning Glass and CPS vs. Unemployment

Difference between Quarterly State Wage Growth in Burning Glass and CPS

(1) (2) (3) (4)

AUy 0.12 0.13 0.06 0.06
(0.38) (0.38) (0.38) (0.38)
Observations 2,193 2,193 2,193 2,193
Time Fixed Effect v v v v
State Fixed Effect v v
Weights QCEW QCEW CPS CPS

Notes: this table regresses the difference in Burning Glass and Current Population Survey (CPS) wages on unemployment.
The dependent variable is 100 times the growth of quarterly state wages in Burning Glass, minus 100 times the growth of
quarterly state wages in the CPS. We measure quarterly state wages in Burning Glass and the CPS in the same way as Table 2,
Panel A. The regressor is the change in state-quarter unemployment, from the 2010-2020 Local Area Unemployment Statistics,
in percentage points. Standard errors are in parentheses, clustered by state. Columns (1) and (3) include time fixed effects,
columns (2) and (4) include both time and state fixed effects. Column (1) and (2) are weighted by mean state employment
during 2010-2020 from the Quarterly Census of Employment and Wages. Columns (3) and (4) are weighted by the quarterly
size of the state, measured from the CPS.

Table 2: Variance Decomposition of Log Wages with Job Fixed Effects

Specification Share of Variance Explained by Job FEs
Job FEs only 0.99
Job, Time FEs 0.98
Job, State-Time FEs 0.98
Job, State-Time FEs, at least 5 obs per job 0.94
Job FEs only, trimmed wages 0.98
Job title FEs 0.82

Notes: this table regresses log wages, for each job and quarter, on job fixed effects—recall that a job is a job title by establishment.
Column (1) reports the specification, and column (2) reports the share of the total variance in wages that is explained by job
fixed effects. Row 1 is the baseline specification. We add in time fixed effects in row 2, state-time fixed effects in row 3, and
restrict to at least five observations per job in row 4 (recall that the main regression sample has at least two observations
per job). Row 5 repeats row 1 but trims the most extreme 5% of wages within each year, 6 digit occupation, pay frequency
and salary type. Row 6 repeats Row 1, but uses a different definition of a job. Specifically, we regress log wages only on job
title fixed effects, instead of job title by establishment fixed effects. The regression is for the main Burning Glass sample, over
2010-2020Q2.
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Table 6: Nominal Posted Wages and Unemployment—Heterogeneity by Posting Time

Nominal Wage Growth at the Job Level, Alogw;;

Vacancy posting

time: Quartile 1 Quartile 2 Quartile 3 Quartile 4
AU -0.11 -0.09 -0.02 0.01
(0.07) (0.06) (0.03) (0.04)
AU, x I(AU,; < 0) -2.55 -2.61 -2.98 -2.78
(0.25) (0.24) (0.24) (0.18)
Observations 112,642 114,682 109,081 110,981
Time Fixed Effect v v v v

Notes: this table reports estimates of downward wage rigidity with heterogeneity by the length of vacancy posting. We estimate
the baseline regression, that is, column (2) of Table 4. We estimate wage rigidity separately for vacancies according to the
length of time that vacancies were posted, split into quartiles. The sample is vacancies from the main sample with information
on the length of time for which vacancies were posted.
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Table 9: Nominal Posted Wages and Unemployment at the Establishment Level

Nominal Wage Growth at Establishment Level, Alogw;g

(1) (2) (3) (4)

AU -0.09 -0.14 -0.13 -0.81
(0.01) (0.06) (0.06) (0.11)
AUg x I(AUg < 0) -1.45 -1.76 -1.79
(0.16) (0.19) (0.21)
Observations 2,120,212 2,120,212 2,120,212 2,120,212
Time Fixed Effect v v v
State Fixed Effect v

Notes: this table presents estimates regressing nominal establishment-level wages on unemployment. The
dependent variable is quarterly percent growth in nominal posted wages, from the Burning Glass main
sample. Wage growth is trimmed at the 1st and 99th percentiles. The regressors are the change in state-
quarter unemployment, and the change interacted with an indicator for whether unemployment is decreasing,
from the 2010-2020 LAUS, in percentage points. Standard errors are in parentheses, clustered by state.
Column (1) presents estimates without controls. Column (2) adds in time fixed effects, interacted with an
indicator variable for whether unemployment is decreasing. Column (3) adds in state fixed effects. Column
(4) presents estimates without asymmetries, by only including unemployment changes and time fixed effects
as regressors.

Table 10: Nominal Posted Wages and Unemployment—Heterogeneity by Posting Frequency

Nominal Wage Growth at the Job Level, Alogw;;

Number of vacancy

postings: Quartile 1 Quartile 2 Quartile 3 Quartile 4
AUg -0.05 -0.05 -0.02 -0.07
(0.04) (0.02) (0.02) (0.03)
AU, x I(AU,; < 0) 171 -1.75 -1.72 -1.37
(0.12) (0.14) (0.10) (0.11)
Observations 728,464 396,696 365,447 298,434
Time Fixed Effect v v v v

Notes: this table reports estimates of downward wage rigidity with heterogeneity by the frequency of vacancy posting. We
estimate the baseline regression, that is, column (2) of Table 4. We estimate wage rigidity separately for vacancies according
to the number of times that vacancies were posted, split into four groups. Note that although we use the word quartile in the
table, we use the jobs that posted two times in first column and jobs that posted three times in the second column. In the last
two columns, we split the rest of the sample evenly into two groups.
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Table 11: Heterogeneity in Wage Cyclicality by Source of Vacancy

Nominal Wage Growth at the Job Level, Alogw;s:

Company

Website Job Board Government Education

AUy -0.16 -0.17 1.17 -0.30

(0.20) (0.14) (0.93) (0.50)
AUg x I(AUg < 0) -1.63 -1.35 -2.20 -1.16

(0.24) (0.11) (0.77) (0.56)
Observations 120,277 325,838 51,985 51,070
Time Fixed Effect v v v v
Previous Time Fixed v v v v

Effect

Notes: this table reports estimates of downward wage rigidity with heterogeneity by source of vacancy. We estimate the baseline
regression, that is, column (2) of Table 4. We estimate wage rigidity separately for vacancies from different sources, as listed in
the table. The sample is vacancies from the main sample with information on the source of the vacancy. Standard errors are

in parentheses, clustered by state.

Table 12: Regression of Nominal Posted Wage Growth on Industry Employment Growth

Nominal Wage Growth at the Job Level, Alogw;i
(1) (2) (3) (4)

Alog (employment,,) 0.00 -0.01 -0.01 0.01
(0.00) (0.00) (0.00) (0.00)

Alog (employment,;,) x 0.05 0.06 0.05

I (Alog (employment,,) > 0) (0.02) (0.01) (0.01)

Observations 934,502 934,502 934,502 934,502

Time Fixed Effect v v v

Industry Fixed Effect v

Notes: this table presents estimates regressing nominal job-level wages on industry employment, at the 3 digit NAICS level.
The dependent variable is quarterly percent growth in nominal posted wages, from the Burning Glass main sample. Wage
growth is trimmed at the 1st and 99th percentiles. The regressors are the growth in industry by quarter employment, and the
change interacted with an indicator for whether employment is increasing, from the 2010-2020 Current Employment Statistics,
in percentage points. Standard errors are in parentheses, clustered by industry. Column (1) presents estimates without controls.
Column (2) adds in time fixed effects, interacted with an indicator variable for whether employment is increasing. Column (3)
adds in industry fixed effects. Column (4) presents estimates without asymmetries, by only including employment changes and

time fixed effects as regressors.
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Table 13: Heterogeneity in Wage Cyclicality by Establishment Size and Occupation Wage

Nominal Wage Growth at the Job Level, Alogw;js

Position in size or wage

distribution: Quartile 1 Quartile 2 Quartile 3 Quartile 4
Panel A: Heterogeneity by Establishment Size
AUy 0.01 -0.03 -0.17 -0.08
(0.02) (0.02) (0.09) (0.04)
AU x I(AUg < 0) -1.71 -1.70 -1.69 -1.55
(0.09) (0.09) (0.14) (0.17)
Observations 493,623 409,625 439,473 446,320
Panel B: Heterogeneity by Occupation Wage
AUy -0.02 -0.09 -0.03 -0.06
(0.05) (0.04) (0.02) (0.03)
AUg x I(AUg < 0) -2.04 -1.70 -1.75 -1.27
(0.17) (0.11) (0.13) (0.13)
Observations 429,883 393,026 406,396 402,585
Time Fixed Effect v v v v

Notes: this table reports estimates of downward wage rigidity with heterogeneity. We estimate the baseline regression, that is,
column (2) of Table 4. In Panel A, we estimate wage rigidity separately for vacancies in the first through fourth quartiles of the
establishment size distribution. Establishment size is the total number of vacancies posted by an establishment, in the main
sample, during 2010-2020. In Panel B, we estimate wage rigidity separately for vacancies in the first through fourth quartiles
of the wage distribution. Wages are the median wage, within the 6 digit occupation, measured from the 2014-16 Occupational
Employment Statistics. Standard errors are in parentheses, clustered by state.

Table 14: Change in Share of Vacancies with Wages at Establishment by Occupation Level

Change in Share of Vacancies with Posted Wages
(1) (2) (3) (4)

AUy -0.00 0.00 -0.00 -0.00
(0.00) (0.00) (0.00) (0.00)
AUg x I(AUg < 0) 0.00 0.00 0.00
(0.00) (0.00) (0.00)
Observations 2,975,670 2,975,670 2,975,670 2,975,670
Time Fixed Effect v v v
State Fixed Effect v

Notes: this table presents estimates regressing the change in the share of vacancies with wages on the change in unemployment.
The dependent variable is quarterly change in the share of vacancies that post wages, within each establishment and 6 digit
occupation. The regressors are the change in state-quarter unemployment, and the change interacted with an indicator for
whether unemployment is decreasing, from the 2010-2020 LAUS, in percentage points. Standard errors are in parentheses,
clustered by state. Column (1) presents estimates without controls. Column (2) adds in time fixed effects, interacted with
an indicator variable for whether unemployment is decreasing. Column (3) adds in state fixed effects. Column (4) presents
estimates without asymmetries, by only including unemployment changes and time fixed effects as regressors. The sample is
all establishment by occupation observations that post at least one vacancy with a wage in the lagged period.
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Table 15: Heterogeneity in Wage Cyclicality by Degree of Wage Bargaining or Posting

Degree of bargaining or
posting in occupation:

Nominal Wage Growth at the Job Level, Alogw;s:

Quartile 1 Quartile 2 Quartile 3 Quartile 4

Panel A: Heterogeneity by Degree of Wage Bargaining

AUy -0.09 -0.03 -0.04 -0.02
(0.03) (0.04) (0.05) (0.04)
AU x I(AUg < 0) -1.32 -1.69 -2.16 -1.91
(0.14) (0.11) (0.15) (0.13)
Observations 530,381 517,557 362,626 307,183
Panel B: Heterogeneity by Degree of Wage Posting
AUy -0.04 -0.05 -0.02 -0.08
(0.05) (0.05) (0.03) (0.03)
AUg x I(AUg < 0) -1.96 -1.62 -1.73 -1.47
(0.15) (0.11) (0.12) (0.14)
Observations 458,915 424,497 413,320 421,013
Interacted Time Fixed v v Y v

Effect

Notes: this table reports estimates of downward wage rigidity with heterogeneity. We estimate the baseline regression, that is,
column (2) of Table 4. In Panel A, we estimate wage rigidity separately for vacancies in the first through fourth quartiles of
the share of workers within an occupation that engage in wage bargaining. In Panel B, we estimate wage rigidity separately
for vacancies in the first through fourth quartiles of the share of workers within an occupation that receive a job with a posted
wage. The share of workers within an occupation that either receive a bargained or posted wage is provided by Hall and Krueger

(2012). Standard errors are in parentheses, clustered by state.

Table 16: Regression of State Share of High Wage Jobs on Unemployment

Change in State Share of High Wage Jobs

(1) (2) (3) (4)
AUsgt 0.11 0.09 -0.05 -0.07
(0.18) (0.18) (0.17) (0.17)
AUgt x I(AUgt < 0) 0.73 0.84
(0.86) (0.96)
Observations 2,040 2,040 2,035 2,035
Time Fixed Effect v v v v
State Fixed Effect v v

Notes: In all columns, the dependent variable is the growth in the share of high wage vacancies in the state, in percentage
points. High wage vacancies have wages above the national median, within the pay frequency and salary type. In columns (1)
and (2), the independent variable is state unemployment changes, in percentage points, from the 2010-2020 LAUS. Column
(2) also controls for state trends. Columns (3) and (4) repeat columns (1) and (2), but include an additional regressor, the
interaction of unemployment changes with an indicator for whether unemployment is falling. We also control for the interaction
of this indicator with a time fixed effect. We weight by mean state employment over 2010-2020 from the QCEW. Standard

errors are in parentheses, clustered by state.

63



'SIOLI® pIepue)s 1snqol asn () pue (g) suwniop) (£10g) ISAOURIA pUR UIOPaSeH JO 9INseaW SSOUIYSI) SAIJR[NWND ) SB [[om S ‘soljsuojorteyd orjderdowap
pue £1psnpul ‘uoryednodo I0J S[OIJU0D SINSLIUW SIY) {YINOX JO AdAING [euIpniiSuor] [euoljeN oY) wolj (910g) 9SnNoH pue nseq Aq PoIdNIISUOD SOIY MOU I0J aSem 1) JO dINSseaux
a1 YHIm awodno oY) sederdar nq ‘(g) uwmioy) syeada () uwnioy -Surfej st Juewrdojduwraun Isjoym I0J I07edIPUl U [Iim SeSuerd juetrfo[duIaun Jo WOTIORISIUT 8T} Se [[9M
se ‘sjurod ofejuedrod ur ‘safueypd juowrdodwoun [euoljeu SI o[qrLIeA Jjuopuadepur oY, (£10g) [© 10 ojorH Aq PalonIjsuod se ‘,00g-F861 10] ‘Aoaing uorrendod JuaLIny) oY)
woly ‘soIly mou I0j soem oSeroe ul y3moIs quediad oty st o[qerrea juopuadap oY) ‘(g) UwN[od Ul ‘9je)s Aq PaId)SN[d dIe SIOLID prepuels pue ‘MHOY 9Y) WOoIy 0g0g-0T0g IoA0
Juowrfo[dws 91e)s ueow pejydom ale (g) pue (T) SUWN[O)) "URSW 9] 9} UsY) pue (9ouslrodxo Ul [erwouA[od I19PIO YIINO]J © PUR UOIIBONDI ‘SNe)S [RILIRW ‘901 ‘19pUag) S[OIIU0D
onydesSowsp pur ‘sjo9pe paxy A1jsnpul pue uoryednddo JSIp ¢ jsurede sefem azI[eNpPISal am 1s1y ‘Aoaing uornjendod jualiny) ay) wWolj ‘sodem 9)e)s afriIaAR Ul [1MO0I3 agejusdiad
91 YIm o[qerrea juepuadep oY) seor[del nq (1) uwnjoy) sreadal (g) uwnjo) "109je PaxXy dWIl) ® YIIM I0JedIPUI SIY] JO UOIIORISIUI o) pue ‘Sul[[e] sl JuewrAojduoun Ioy19ym I0J
I0YeDIPUI UR [[}IM SoFueyod juswidAojduioun JO UOIJORIDIUL 9} SB [[oM SB (S100[j0 PaxX( awl) UM ‘SNVT 080Z-0T0¢ oY) wogj ‘syutod o8ejusdiod ul ‘seSuetd juomriojdwoun aje)s sI
a[qerrea juapuadepul oY ], ‘g 9[qe], St Aem SUIRS o) Ul PaINSEAW ‘SSe[r) Juring Wolj ‘sodem aje)s aferoar ur 3mold jusdied a1y) ST o[qelrea juepuadap o) ‘(T) UWN[OD U] :S9J0N

M N N sorydeiSowo (]
A A dd Ansnpug
A 2 . uoryednoo(
A N N N 199 PoXI oUWIL],
68 €8 1291 980°C SUOLRAIS( ()

(1€°7) (61°9) (95°1) (82°0)

V62 116 8€°0 070 (0> "nv)I x "NV

(L1¢) (L7°€) (650) (91°0)

8LT- LLE 0T°0- 6¢°0- nv
() (€) (z) (1)

INOZ Jo AoAIng Aoamg uoryemdog Aoamg uorpemdod juarIn)) sse[r) suruing
[RUIPNIISUOT [RUOI}RN MIOIIN)) Ul SOIT[] MON 10 oSep\ ur so8eA\ POISO]
UL SOII[] MON I0J 03RA\ JO oFRIoAy [RUOIJRN UL 93Uey)) JO 98RIoAy 99R1G Ul 98URY))

sefuey)) JuawAo[dWOU ) UO [IMOIX) 98RA\ [RUIWION 9SRIOAY JO UOISSAISY :LT O[qel,

64



‘oge)s Aq
poroysnyo ‘sesoyjjuated Ul ore sIoLd prepue)s ‘A[oA1d0odsor [OA9] [eNUUR PUR JUSUIYSI[(RISS Y} O} SUOISSAISOI PIIDLIOd-UOIIID[As Pue suolyenbs uorde[as oY) 99edeidse om ‘(9)
pue (g) suwnoo U] ‘sjuRIIUS 9PN[OUL OS[e 9M () UWN[od U] ‘uorrenbe UOII9[es oY) Ul S9[qeLIRA 9} 0} 98em Pa33e[ oY) PPR IN( UOID9II00 URWNIOH SUI[OSR( 9] 91RUIIISO-01 oM
‘(¢) uwnjod ur *(g00g) [® 10 SB( JO UOIIBRPUSMIUIOIAI 9} SUIMO[[O] ‘[RAIDIUT HIUN SY) SZISINO UO0I109[9s Jo A)iqeqord pajorpeid e Yim suorjeslasqo doip Jng ‘Uorjodllod URUINOdH
aureseq oY) Jeadal om ‘UWN[OD PUOISS SY) U] “JUOUWIYSI[(RIS? 9] Ul ‘IeaA snoradad oy) JO 1IeIs Y] pur Ieek oY) JO 1IRIS oY) UsamIaq [1Mmoi3 juswdojdwe 10] [01JU0D pejsUl pue
‘SULI9) UOIO9[0S URWINIOH 9Y7} SAOWSI OM ‘UWN[OD 9SIY oY) U] ‘] 9[qRT, JO (g) uwniod ‘uoryeoyroods UOISseI301 PIjoaLIod UOIPO9[Os UTRUI 99 JO SSauIsnol sp10dod a[qey s1y) :S910N

VORI PoXI]

/ / / / / / OUWIL T, SNOTADI]
A A A A N A JO9HH] POXL] SWIL],
L¥9°989 09%°86. 670°8ST'1 7££019 866°STT'T 670°0G7'T SUOIJRATIS( ()
F1°0) (01°0) (L0°0) (1T°0) (L0°0) (01°0)
8¢'T- 18°0- 871~ 99°'1- GF1- 8.1~ (0> "nV)Ix*Av
(80°0) (50°0) (20°0) (20°0) (20°0) (10°0)
zro- 200~ 000~ 90°0~ 10°0- €00~ NV
uoryenbo q }M0I3
renuuy 19491 SHITBIHIO UOT)I9[9S SOTHIIAEqO JuotAordure
HuswysIqeIsy Surpnpu ur ogem posser L 10J [0IUO))

#Lm Sop 7 ‘[oAdT qOr O} 1B IMOIY) 9FeA\ [RUIWION

SSOU)SNQOY—SeIg UOI}09[eG SUI}00110)) T O[eL

65



Table 19: Heterogeneity in Wage Cyclicality by Turnover

Nominal Wage Growth at the Job Level, Alogw;;

Ratio of vacancies

to employment: Quartile 1 Quartile 2 Quartile 3 Quartile 4
AU -0.08 -0.04 -0.06 -0.01
(0.02) (0.02) (0.08) (0.02)
AUg x [(AUg < 0) -1.65 -1.70 -1.55 -1.80
(0.07) (0.13) (0.15) (0.16)
Observations 434,159 473,787 434,974 374,827
Time Fixed Effect v v v v
Previous Time v v v v

Fixed Effect

Notes: this table reports estimates of downward wage rigidity with heterogeneity. We estimate the baseline regression, that is,
column (2) of Table 4. We calculate the ratio of vacancies to employment within each occupation. Vacancies are the number of
observations in each 6 digit occupation, for the main sample, and employment is measured at the 6 digit level from the 2014-16
Occupational Employment Statistics. W estimate wage rigidity separately for observations in the first through fourth quartiles
of the distribution of the ratio of vacancies to employment. Standard errors are in parentheses, clustered by state.

Table 20: Detailed Occupations in Burning Glass vs. Occupational Employment Statistics

6 Digit SOC Occupation Shares in Burning Glass
(1) (2) (3)

Occupation Shares in OES 0.84 0.86 0.92
(0.05) (0.05) (0.06)

Observations 666 666 666

2 Digit Occupation Fixed Effect v

3 Digit Occupation Fixed Effect v

Notes: the outcome variable is the share of vacancies within each 6 digit occupation, for the main Burning Glass sample. The
regressor is the share of employment within each 6 digit occupation, from the 2014-16 Occupational Employment Statistics.
Column (1) has no controls, column (2) adds 2 digit occupation fixed effects, and column (3) adds 3 digit occupation fixed
effects. Robust standard errors are in parentheses.
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Table 21: County Employment in County Business Patterns vs. in Burning Glass

Log County Vacancies in Burning Glass

(1) (2) (3)

Log County Employment 0.98 0.99 0.98
(0.01) (0.01) (0.01)

Observations 3,013 3,013 3,013

Census Division Fixed Effect v

State Fixed Effect v

Notes: the outcome variable is 100 times the log number of vacancies within each county, for the main Burning Glass sample.
The regressor is 100 times log employment for each county, as measured by the 2016 County Business Patterns. Column (1)
has no controls, column (2) adds fixed effects for the census division, and column (3) adds fixed effects for the state. Robust
standard errors are in parentheses.
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Table 25: Wage Growth and Unemployment Changes, Bad Control

Nominal Wage Growth at the Job Level, Alogw;js
(1) (2) (3) (4)

AU 0.05 0.01 -0.02 0.01
(0.01) (0.03) (0.02) (0.03)
AUg x I(AUg < 0) -1.40 0.01 0.13
(0.10) (0.17) (0.15)
Observations 1,789,042 1,789,042 1,789,042 1,789,042
Time Fixed Effect v v v
State Fixed Effect v
Time-Gap Fixed Effect v v v

Notes: this table presents estimates regressing nominal job-level wages on unemployment. The dependent
variable is quarterly percent growth in nominal posted wages, from the Burning Glass main sample. Wage
growth is trimmed at the 1st and 99th percentiles. The regressors are the change in state-quarter unem-
ployment, and the change interacted with an indicator for whether unemployment is decreasing, from the
2010-2020 LAUS, in percentage points. Standard errors are in parentheses, clustered by state. Column
(1) presents estimates without controls. Column (2) adds time fixed effects, interacted with an indicator
variable for whether unemployment is decreasing, as well as the interaction of time fixed effects and the gap
between current and previous job postings fixed effects. Column (3) adds in state fixed effects. Column (4)
presents estimates without asymmetries, by only including unemployment changes and time fixed effects as
regressors, as in Column (1). Counts refer to the number of differenced observations.
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Table 26: Controlling for lagged gap between postings

Panel A: Controlling for lag of gap

(1) (2) (3)
AUg -0.041 -0.039 -0.037
(0.016) (0.016) (0.015)
AUg x I(AUg < 0) -1.771 -1.763 -1.758
(0.106) (0.107) (0.107)
Lagged Gap 0.049
(0.006)
Observations 707,894 707,894 707,878
Time Fixed Effect v v v
Lagged gap FE v

Panel B: Correlation between gap and its lag

Gap between postings

Previous gap between postings 0.093
(0.004)

Observations 714,530

Time Fixed Effect v

Panel C: Job specificity of gap between postings

Gap between postings

Observations 513,142
R-squared 0.41
Job Fixed Effect v

Notes: Panel A presents estimates regressing nominal job-level wage growth on unemployment changes. The
dependent variable is the quarterly percent growth in nominal posted wages, from the Burning Glass main
sample. Wage growth is trimmed at the 1st and 99th percentiles. The regressor is the change in state-quarter
unemployment, from the 2010-2020 LAUS, in percentage points. Standard errors are in parentheses, clustered
by state. Panel B shows the result for estimating a regression with the current gap between postings as the
dependent variable and the lagged value of the gap between postings as the explanatory variable. Panel
C displays the R-squared of the regression of the gap between postings on job fixed effects. In all panels,
we limit our sample such that it only includes observations for which the lagged value of the gap between

postings is not missing. Counts refer to the number of differenced observations.
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C Data Appendix

C.1 Description of Burning Glass Algorithm
C.1.1 Classifying Job Titles

This subsection describes the algorithm that Burning Glass uses to extract job titles from the
text of vacancy postings, Burning Glass’ “CleanTitle” field. The wage posted in the vacancy
is not used at any stage in this process. There is natural language processing model that
segments the posting into different parts (such as company description, position description,
and so on) and then finds the text containing the raw job title. The raw job title is then
cleaned and standardized as follows. First, the title is cleaned by matching to an existing
dataset of job titles maintained by Burning Glass. Second, there is a step to remove any
location identifiers from the text of the job title (since these populate the separate location

field). Third, there is a further step to standardize punctuation and other aspects of writing.

C.1.2 Measuring Length of Vacancy Posting

Burning Glass’ algorithm checks daily for new vacancy postings, when a new vacancy is
posted, it is assigned a start date. The end date is the minimum of (a) the first seen date +
60 days, or (b) the last seen date; we discard the vacancy length information for vacancies
that record a length of 60 days. The last seen date is the date that the posting is either
(i) removed from the internet; or (ii) includes some text saying it is no longer available, not

accepting applications. Burning Glass’ algorithm checks daily if (i) or (ii) is true.

C.2 Representativeness of the Main Sample

This section expands on the discussion in subsection 2.1. We show that our main Burning
Glass Sample is broadly representative of the population of US employment and establish-
ments; with notable caveats that we will make clear.

Appendix Figure 6 shows that the main regression sample is broadly representative at
the regional level. We calculate the share of vacancies in each state over 2010-2020, for our
main sample in Burning Glass; and from the official source, the Bureau of Labor Statistics’
Job Opening and Labor Turnover Survey. Overall, the distribution of vacancies at the state
level match across the two datasets.

Appendix Figure 7 shows that the main regression sample is also mostly representative
at the broad occupation level. We calculate the share of employment over 2010-2020 for the

main sample in Burning Glass; and from official data, namely, the Occupational Employ-
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ment Statistics (OES) for 2010-2020. The distribution of jobs across occupations is broadly
similar across the two sources. The main discrepancy is in transportation, which is heav-
ily overweighted in Burning Glass. One innocuous reason for the difference could be that
transporation is an occupation with high turnover; so, will be over-represented in vacancies
relative to employment.

Appendix Table 20 shows that the main sample is also reasonably representative at the
detailed occupation level. We construct the employment share within each 6 digit SOC
occupation from the OES, and corresponding shares for vacancies from the main Burning
Glass sample. We regress the Burning Glass share on the OES share. Column (1) reports a
coefficient of 0.84—meaning, an occupation with a 1 pp higher share in the OES has a 0.84 pp
higher share in Burning Glass, suggesting relatively similar representation. The coefficient is
similar in Columns (2) and (3), which add 2 and 3 digit occupation fixed effects, respectively.
Indeed, column (3) has a regression coefficient of 0.92, suggesting that detailed occupation
shares in Burning Glass and the OES are very similar.

Appendix Table 21 shows that the main sample is also reasonably representative at the
county level. We construct log employment at the county level, from the 2016 County Busi-
ness Patterns (CBP), and construct log vacancies at the county level for the Burning Glass
main sample. We regress Burning Glass log vacancies on CBP log employment. Column (1)
reports a coefficient of 0.98—meaning, county with 1 percent higher employment in the CBP
has 1 percent higher vacancies in Burning Glass, suggesting relatively similar representation.
The coefficient is similar in Columns (2) and (3), which add census division and state fixed
effects, respectively.

Appendix Table 22 shows that selection is not cyclical—neither selection into online
vacancies in general, nor selection into the main regression sample. In Panel A, the outcome
variable is the quarter by state change in the full set of vacancies in Burning Glass, relative to
JOLTS. Here, the denominator is all online vacancies posted in the state and quarter; whereas
the numerator is the number of vacancies in the state and quarter from official sources. The
regressor is the change in quarter by state unemployment. Column (1) has a regression
coefficient of 0.1, meaning that a 1 pp increase in unemployment leads to a statistically and
economically insignificant decline in ratio of online vacancies to total vacancies in the state.
Column (2) reports a similarly small estimate, after added in state fixed effects. Columns (3)
and (4) show similarly small numbers when weighting by total vacancies in each state, instead
of employment. Panel B instead asks whether there is cyclical selection within Burning Glass,
between the full set of online vacancies and the main sample. Specifically, the outcome is
the quarter by state change in the number of vacancies in the main sample, relative to the

full set of Burning Glass vacancies posted in the state and quarter. The estimates in Panel
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B are tiny, suggesting no cyclical selection. For example, column (1) reports an estimate
of 0.02, meaning that a 1 pp increase in state unemployment leads to a 0.02 pp increase in
vacancies in the main sample, relative to the full set.

Next, we show that our main sample is also broadly representative of the population of
establishments. To use information on establishments, we merge the Burning Glass main
sample to establishment level information from Dun & Bradstreet. Section 6.1 describes
the Dun & Bradstreet dataset, and the merge to Burning Glass, in detail. Briefly, Dun
& Bradstreet is a business analytics company that collect information on the universe of
establishments in the United States from 1990-2020. D&B collects data on employment at
the start of the year, industry classification and establishment age. For cost reasons, we
purchased data from D&B only on the largest 30% of employers in Burning Glass. We
achieve a high merge rate—75% of our main sample matches to establishments in Dun
& Bradstreet. Dun & Bradstreet is known to measure employment poorly for very small
establishments. Once these establishments are removed, Dun & Bradstreet appears to match
official employment sources at the industry and regional level (Haltiwanger et al, 2013). Our
extract from Dun & Bradstreet does not include very small establishments, suggesting our
extract should measure establishment employment reasonably well.

Appendix Figure 8 shows that state level coverage of establishments is similar in the
Burning Glass main sample and in official sources. Appendix Figure 9 shows the main
sample is mostly representative of the distribution of establishments across industries—other
than being somewhat under-weight healthcare and over-weight retail. Appendix Table 24,
Panel A shows that the distribution of establishment age is similar in the main sample and in
official sources. Panel B shows that our merged dataset is under-weight small establishments
but otherwise representative—probably because the data we purchased from D&B excludes
small establishments. Panel C shows that standard measures of the idiosyncratic shocks
facing establishments—mnamely job creation and job destruction as in Davis, Haltiwanger,
and Schuh (1998)—are similar in the two datasets, suggesting that our D&B subsample

adequately measures establishment outcomes at annual frequency.

C.3 Hazard Estimation of the Frequency of Wage Change

This subsection describes the procedure for estimating the hazard rate of the latent wage
change. We assume the hazard rate of the latent wage change is constant across time and
common across all jobs within each 2 digit SOC occupation. Let {w;} be the sequence of
log wages for job ¢ and quarter ¢. Let v;; be the gap in quarters between the wage at ¢ and

wage in the previous vacancy that was posted. Let [;; be an indicator for whether the wage
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changed, where I;; = 1 if w;; # w;;—~,,. The quarterly hazard rate of wage change, assumed
to be time-invariant, is given by A, which we estimate by maximum likelihood.
The likelihood function is then

L= H H _)\’th ( —)\%t) 1-TI5 .

The first order condition dlog L/OA implicitly defines the maximum likelihood estimate ) as

D) D R B DR AR

With a hazard estimate in hand, we can calculate the other statistics as follows. The proba-
bility of a wage change for each occupation is f = 1 —e™*. The implied duration of time for
which a wage is unchanged is d = 1/A. The overall probability of wage change is the median
probability across occupations, weighted by the number of vacancies in each occupation.
Similarly, the overall implied duration is the the weighted median of the implied duration
for each occupation. We discard left-censored wage spells. We can calculate the hazard rate
of wage increase and decrease in an analogous way, and thereby calculate the probability of

wage increase and wage decrease.

C.4 Construction of Census Region Level Price Measures

In this subsection, we describe how we construct measures of the consumer price index at the
quarter by census division level. These measures were not available before this paper—the
closest analogue is the state level inflation series of Hazell et al (2022), which is not available
after 2017.

The Bureau of Labor Statistics (BLS) publishes quarterly census division level prices
after 2018, but not before 2018. We now describe how we calculate census division level
prices before 2018. The BLS reports MSA level inflation for the largest 20 metro areas in
the United States. For census divisions in which MSA level inflation data is available from
the BLS, we take the mean price level across MSAs within each census division to create a
division level series for quarterly prices.

Then, we develop a procedure to calculate prices in census divisions for which MSA level
inflation data is unavailable from the BLS. These census divisions contain only “mid-size”
MSAs as defined by the BLS, instead of the “large” MSAs for which the BLS reports dedicated
a dedicated inflation series. Therefore we assign to these census divisions the series reported

by the BLS for inflation for mid-size cities from the corresponding census region. Recall that
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census divisions are a grouping of states into 9 groups, whereas census regions are a coarser
grouping of states into 4 groups. As it turns out, we do not have to assign multiple census
divisions to the same census region during this step.

We splice together our series for census division level inflation, with the BLS series, in
the final quarter of 2017. We use the same procedure, separately, for the measures of census

division prices including and excluding shelter prices.

C.5 Details on Dun & Bradstreet
C.5.1 Merge

We merge the main Burning Glass sample to Dun & Bradstreet as follows. First, we clean
firm names in Burning Glass and Dun & Bradstreet in order to carry out the match. The
firm name cleaning algorithm closely follows the algorithm developed in Hazell et al (2021),
which uses a combination of standard cleaning procedures and a machine learning algorithm.
We began with a list of (unclean) unique employer names in Dun & Bradstreet and Burning
Glass. Then we clean both sets of employer names in the same way. We truncate employer
names to 128 characters, and then we manually correct the names of some large employers,
making use of code from the NBER Patent Data Project. We additionally stripped common
words (“The”, “Corp.”, “Company”, etc.), all non-alphanumeric punctuation, spacing, and
capitalization. Next, we implemented a fuzzy matching algorithm, called dedupe, to create
clusters of similar employer names. Dedupe makes use of a combination of squared edit
distance comparisons subject to a confidence score threshold (which we chose to be 0.5, or
50% based on sample performance), as well as a small sample of names with manual labelling
provided as training. For computational reasons, we employ blocking to limit the number of
comparisons for each name to roughly 90 percent of each group of names sharing the first two
letters. Within each cluster of names generated by dedupe, we set all names to that of the
most common employer. Finally, we merge this crosswalk back on to the original (unclean)
firm names and set the names to the new, cleaned versions to complete the process.

Then, we match Burning Glass establishments to Dun & Bradstreet establishments, based
on City, County, State and cleaned firm name. Here, City is a field developed by Burning
Glass, which roughly corresponds to a metropolitan statistical area—Dun & Bradstreet
reports a similar field. In order to save money, we merge Burning Glass only to the largest
30% of establishments in Dun & Bradstreet. We are able to achieve a 75% match rate for

the Burning Glass main sample.
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C.5.2 Validating the D&B Dataset

To validate our measure of establishment employment, we compare to official data from the
Business Dynamics Statistics (BDS), and find a reasonably close match. Appendix Figure 8
shows that state level coverage of establishments is similar in the Burning Glass main sam-
ple and the BDS. Appendix Figure 9 shows the main sample is mostly representative of the
distribution of establishments across industries—other than being somewhat under-weight
healthcare and over-weight retail. Appendix Table 24, Panel A shows that the distribution
of establishment age is similar in the main sample and the BDS, though our extract is under-
weight young establishments. Panel B shows that our merged dataset is under-weight small
establishments but otherwise representative—probably because the data we purchased from
D&B excludes small establishments. Panel C shows that standard measures of the idiosyn-
cratic shocks facing establishments—mnamely job creation and job destruction as in Davis,
Haltiwanger, and Schuh (1998)—are similar in the two datasets. This step is important
because our selection correction will use establishment information to measure idiosyncratic

shocks.
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D Controlling for the Length of Time Between Vacancies

This section repeats the baseline results after controlling for the interaction of current time
fixed effects and the length of time since the last posting. We also present scatter plots that
condition on the length of time between vacancies. These controls alter the finding that
wages are flexible upward—instead, wages do not respond much to falls in unemployment.
The finding that wages are downwardly rigid is unaffected by these controls.

These results are important for the reader to digest. However the new covariates are
likely a “bad control” and will lead to a form of selection bias if they are added to the
baseline regression. Without the bad control, there could still be selection bias in the baseline
regression. However as we discussed in Section 6, this selection bias is small.

The importance of these controls does perhaps suggest that trends in wage growth could
confound our finding that wages are flexible upwards. Therefore we develop controls for
trends in wages that are arguably unaffected by the bad control problem. With these controls,

the baseline result is unaffected.

D.1 Results: Controlling for Length of Time Between Posts

We now show how the results change, after controlling for the interaction of current time
fixed effects and the length of time since the last posting. We repeat the baseline regression
equation (1). However, we add a control, v;;_;, which interacts time fixed effects v, with an
indicator for the number of quarters since the last posting. Appendix Table 25 reports the
results. Now, the response of wage growth to increases in unemployment and to decreases
in unemployment are both statistically and economically indistinguishable from zero. By
contrast, in the baseline results, wages do not respond to increases in unemployment but
respond significantly and strongly to decreases in unemployment. Therefore omitting the
control 7;;_; is important for the finding that wages are flexible upwards, although the
result that wages are rigid downward is unaffected.

We next show the same result visually. We repeat the main scatter plot, Figure 1,
visualizing the relationship between wage growth and unemployment changes. However, we
condition on the length of time between vacancy postings. In Appendix Figure 10 we study
the main scatter plot separately for vacancies with a gap of 1 through 6 quarters between
postings, in panels (a)-(f) of the figure. From the figure, conditioning on the gap between
postings, the relationship between wage growth and unemployment changes is linear and

flat. Wages appear to respond neither to increases nor to decreases in unemployment.
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D.2 Length of Time Between Posts as a Bad Control

These results are important because they show that a single control, the length of time
between postings, alters the finding of upward wage flexibility. However the length of time
between postings is a “bad control”. This covariate will bias estimates of the relationship
between wages and unemployment if it is included in the regression.

The time between postings is a bad control because it may be affected by the change
in unemployment between postings. For instance, if there is a large rise in unemployment,
then jobs might post vacancies less often. Therefore the time between postings is also an
outcome that is caused by the regressor, which invalidates its use as a control. Angrist and
Pischke (2009) provide a rubric to detect bad controls: “/o/ne moral of the bad-control story
1s that when thinking about controls, timing matters. Variables measured before the variable
of interest was determined are generally good controls. In particular, because these variables
were determined before the variable of interest, they cannot themselves be outcomes in the
causal nexus.” If we were to control for the gap between vacancies j, the converse would
apply: 7 is determined at the same time as wage growth, meaning it is an outcome variable
that cannot be used as a control.

Consider an example in which the bad control leads to bias. Suppose there are two types
of jobs: high quality jobs, which face good idiosyncratic shocks and rising wages; and low
quality jobs, which face bad idiosyncratic shocks and falling wages. Suppose that during
contractions, only high quality jobs post with a 1 quarter gap between vacancies. During
expansions, all jobs post with a 1 quarter gap between vacancies, including low quality jobs.
Conditional on posting with a 1 quarter gap, there is an omitted variable—the composition
of job quality is different during expansions versus contractions. This omitted variable biases
the cyclicality of wages towards zero when studying only jobs posting with a 1 quarter gap.
Wage growth is relatively high during contractions, since only high quality jobs post with a
1 quarter gap. Wage growth is relatively low during expansions, because there are both high

and low quality jobs posting with a 1 quarter gap.

D.3 Selection Bias: Baseline Regression and Bad Controls

We now show formally that the bad control introduces a form of selection bias that is not
present in the baseline regression. The baseline regression may also suffer from selection
bias. Section 6 of the paper discusses the latter form of selection bias, and finds that it is
small using a Heckman selection correction.

To start, let us review the selection bias of the baseline regression, and recap our finding

that this selection bias was small. As we discussed in Section 6, selection bias may occur if
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jobs only post vacancies when the value to doing so is positive. If so, then then the regression

relating wage growth to unemployment changes takes the form of equation (8), namely

E [At,t—j log wz’st|Ust7 Us,t—j7 Viet >0, V;s,t—j > 0] = a—ﬁAm—jUsH"YE [At,t—jﬁbz’st“/ist >0, Vis,t—j > 0] .
(9)

As we discussed in Section 6, the left hand side is the conditional expectation of wage

growth between periods ¢ and ¢ — j in which the job posts vacancies, A;;_;logw;s. Vist

is the value of posting a job in state s at time . Jobs only post vacancies if the value to

doing so is positive, so that Vs > 0. ¢, is idiosyncratic shocks to wages. The conditional

expectation of A;;_ ;@i is not in general zero because the value of posting depends on

aggregating conditions, A;;_;Us. As a result there is selection bias. In Section 6, we

correct for this selection bias using a standard Heckman estimator, and find that it is small.

Therefore estimating equation (9) by ordinary least squares is approximately unbiased. As

such, equation (9) is well approximated by the data generating process
Apyjlogwiy = a — BA_jUg + YA jDist (10)

where Ay;_;¢;s is conditionally mean-independent of A;;_;U, so that the regression can
be estimated by ordinary least squares with minimal bias.

Using the same regression framework, we now show that controlling for the length of time
between posts introduces selection bias, even if it is not present in the baseline regression.
Consider a selection equation that links the length of time 5 between posts to idiosyncratic

and aggregate conditions. We have for all j' a series of equations
I (Jist = ]/) = 0j + ,Uj’At,t—j’ st T Vj’At7t—j’¢ist- (11)

Here, I (jix = j') is an indicator variable equalling 1 if the length of time between posts
is j', which depends on the change in unemployment A, Uy, as well as the evolution of
idiosyncratic shocks A;;_ ¢, . For instance, if 11 is negative, then jobs are less likely to post
with a gap of one quarter when unemployment increases. Likewise, if 1o is positive, then
vacancies are more likely to post with a gap of ten quarters when unemployment increases.

Suppose we modify the baseline regression by controlling for the length of time between

shocks. As such, we modify the baseline regression equation (10) to

N
Appjlogwin = a = BA U + ) mpel (i = §') + D00 jiar (12)

j'=1
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where I (j;s = j') is a series of fixed effects for whether the gap between vacancies equals j',
and j’ ranges between 1 and N.

In the new equation with the “bad control”, selection bias re-emerges and one cannot
estimate [ without bias by ordinary least squares. To see this point, take conditional ex-
pectations of equation (12), including conditioning on the event that j = 5. Then we arrive

at

E [At,t—j log wist|At,t—jUst7j = J,] = — BAt,t—jUst + ;i + vE [At,t—j¢ist|At,t—jUst7j = ]l] .
(13)
The final term is correlated with unemployment changes A;;_;Us,.. Therefore there is omitted
variable bias and one cannot estimate S by OLS. To see this point, taking conditional

expectations and manipulating the selection equation (11) implies

_ 1— 53‘ - :LLjAt,t—jUst

Vj

E [At,tfj¢ist|At,tijsta jist - jl]

Therefore the final term in equation (13) is correlated with unemployment changes. This
selection bias arises for the reason that we discussed in the previous subsection—due to how
the “bad control” alters the expected value of idiosyncratic shocks. Even if the baseline
regression equation (10) is little affected by selection bias, conditioning on the length of time

introduces new selection bias.

D.4 Additional Concern: Trend Wage Growth

We have argued that controlling for the length of time between posts is a “bad control”.
However the importance of trend controls does perhaps suggest that trends in wage growth
could confound our finding that wages are flexible upward. To understand the concern,
consider two jobs, the first of which posted with a 1 quarter gap, and the second with a
4 quarter gap. Suppose that unemployment trends downward at a constant rate over this
period, whereas wages trend upward. As a result, the second job experiences a 4 times larger
fall in unemployment and a 4 times larger rise in wages than the first job. Comparing the two
jobs suggests that wages increase as unemployment falls. In fact, trends in both variables
explain the comovement. Adjusting for trends, wages might not be flexible upwards.

To rule out this concern, we cannot control for the length of time between vacancies,
due to the bad control problem. What is required is a proxy for the length of time between
vacancy postings that is not a bad control. We use as a proxy the lagged length of time
between vacancy postings, where the lag is at the job level.

This proxy is appealing for two reasons. First, the lagged length of time between vacancies

82



spans much of the same variation as the current length of time between vacancies. As such,
controlling for the lagged length of time will absorb much of the variation associated with
the length of time between vacancy posts. We show this point in Appendix Table 26, Panel
B, by showing that the length of time between vacancy posts is significantly correlated with
its lag. The reason is that the length of time between vacancy posts is to a large extent a
fixed characteristic of the job posting the vacancy. Appendix Table 26, Panel C, confirms
this point by regressing the length of time between posts on job fixed effects. The R squared
of this regression is high: around 40%. Therefore fixed characteristics of a job explain a large
share of the length of time between vacancy posts.

A second advantage of our proxy is that the length of time between vacancies in the past
is predetermined with respect to current changes in unemployment. Being predetermined,
the lagged length of time is less vulnerable to the bad control problem, as the previous quote
by Angrist and Pischke (2009) suggests.

Controlling for the lagged length leads to a simple test for whether how much the length
of time between posts matters, that is likely robust to the bad control issue. If adding
the control does not affect 5 and J, then estimates of wage cyclicality are not affected by
the length of time between postings. Conversely, if adding the control changes estimates
of B and ¢, the length of time between vacancy postings is important and requires further
investigation.

Appendix Table 26, Panel A reports the results from controlling for our proxy for the
length of time between vacancies. We find that the wage cyclicality estimates, § and 9,
change little, meaning the length of time between posts does not matter very much for wage
cyclicality. In column (1) we report estimates of wage cyclicality for the baseline regression
(1), on the sample for which lagged lengths of time between vacancies are available. In
column (2) we add a linear control for the lagged gap. Estimates of wage cyclicality change
little. In column (3) we instead saturate the regression, by including fixed effects for the
lagged gap length interacted with time fixed effects. Again, the results change little. In this
regression, we ignore other sources of selection bias. As we have discussed, Section 6 finds

that other sources of selection bias are small.

E Job Composition and Variance of Wage Cyclicality Es-

timates

This section formally proves that job composition raises the variance of wage cyclicality

estimates. As such, regressions that do not correct for job composition may lack the power
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to detect downward wage rigidity.

Proposition 1. For S,T < oo, and if ), log w;ss Av; and ) logw;ss Av,s are independent

conditional on AUy, then

V [SAvemge’AUst] >V [gJob Level‘AUst:| and V [BAvemge’AUst] >V [BJob Level‘AUst

Proof. Summing regression equation (3) over i yields

Z V’istA lOg Wist = Q¢ + Vi + BAUst + 5J0b Level[ [AUst < O] AUst + Est (14>

where € = ). Vig€isr. We can substitute equation (2) into equation (4) to rewrite the

regression that uses average wages as

Z Vit A log wiss + Z log Wist Avigy = &+ Y + BAU + daverage] [AUst < 0] AUy + 5. (15)

For notational simplicity, we can rewrite equation (14) as
Yst = X;tb + €t

and equation (15) as

/ 1 —
Yst + Ug = Xstb + €

where

Yst = Z VistA log Wist
Ust = Z log Wit Avst.

x,,;b and x_,b collect the covariates and coefficients in regressions (14) and (15) respectively.
The OLS estimator of b, which we term b, is

-1
N 1 , 1
b = (S_T ; Xstxst> (S_T ; Xstyst> .
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The variance of b conditional on X 1S
—1
4 |:B|Xst:| =V (SLT Z;Xstxgt> (SLT Z;Xstyst> |Xst
s, - 5,
= (SLT ;Xstxgt> ﬁv (; Xst?Jst) |Xst
The OLS estimator of b, which we term 123, is

-1
R 1 , 1
b = <S_T ; Xstht> (S_T ; Xst (Yst + ust)) :

Then the variance of b conditional on xg; is

-1
Vb = ] + (G Sm) ot

st

-1
1 , )
T D XeiXy

—1
1 /
o Z Xt Xt
(3o
(16)

The second term in equation (16) is a matrix with strictly positive entries on its leading

E XstUst IXst
st

diagonal for S,T < oco. Hence every entry on the leading diagonal of V' [E‘Xst} is greater

than the corresponding entry on the leading diagonal of V/ [f)]xst] .

F  Selection Correction

This subsection explains how we implement the non-parametric Heckman estimator of Das

et al (2003). We implement the selection correction in two steps as follows:

1. In the first step, we estimate the probability of vacancy posting p;, for a job i in a state
s and quarter ¢. We estimate a regression of §;s; on n;s;—1 and n;s, o, establishment
employment at the start of the year and the previous year. Recall that & is an
indicator for whether the vacancy posts. We interact the regressors with state-by-time
fixed effects in a third order polynomial series regression. Similarly, we estimate p;s;—;
from a regression of &;s¢—; on ns¢—j—1 and n,s,—j_o, interacted with state-by-time fixed

effects in a third order series regression.

2. Then, we re-estimate our baseline regression equation. However, we include as extra
regressors, a third order polynomial series regression in our estimates of pjs, pist—; as

well as n;s ;-1 and n;s ;9.
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