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In Supplementary Appendix [A] we report additional simulations, empirical analyses and robustness
checks. In Supplementary Appendix [B, we provide the proofs of the theorems and related results in Sec-
tion of our main paper, Chou and Shi (2021). In Supplementary Appendix |§, we show the consequences

of classical measurement errors in the ATUS.

A Additional Simulations, Empirical Results and Robustness Checks

In this appendix, we show additional simulation results, additional empirical results and various robustness

checks that complement our main paper, Chou and Shi (2021).

A.1 Density Plots Based Only on Weekdays in the DTUS

In Figure [I] of the main paper, the ATUS-type daily hours exhibit bimodal distributions since most people
work very little hours on weekends, if at allH Figure M shows the results of a similar experiment which
takes the common five-day work schedule into account. We only keep those individuals whose diary days are
the workdays, and then multiple their ATUS-type daily hours by 5. As is shown in Figure[A.T] even though
the DTUS weekly hours and the scaled ATUS-type daily hours have similar mode, their distributions differ
notably, especially toward the left end. This again highlights the impossibility results in Section of the

main paper.

A.2 Simulations Based Only on Weekdays in the DTUS

Table [A.T] reports the results of simulation experiments that are very similar to those in Table For
Table [A.T, we only use the daily hours worked in the DTUS for the weekdays. The regressors X; and the

IVs Z; are generated from the n x 5 matrix with elements H77VS (t = 2,...,6), denoted by HPTUS5 using
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the same design described in Section [4.1 To generate fictitious ATUS-type samples, we randomly choose
only one day from Monday to Friday for each individual using equal sampling weights.

Just like in Table the week estimator Bwk is our infeasible benchmark, which has virtually no biases and
the smallest variances. The efficiency gain of the impute estimator /B’Z-m relative to the pool estimator Bpool
and the day estimator Bday becomes less pronounced. This is likely due to the fact that the first principal
component of HPTUS captures the dichotomy between weekdays and weekends, and once that is removed,
the daily variation of hours worked drops dramatically]ﬂ Besides, the ATUS assigns equal sampling weights
to the weekdays. As we explained in Remark in Chou and Shi (2021), if Hip =+ = Higand ro = - -+ = 1,
then 2p001—im = 0 and there will be no difference in the asymptotic efficiency between Bim and Bpool. Our

additional simulation results here verify our theoretical prediction in the main paper.

A.3 Coefficient Estimates in the DTUS Weekly Labor Supply Regression

In Table [2] of the main paper, we report the weekly labor supply elasticity estimates using the DTUS.
Table [A.2 reports the coefficient estimates in the weekly labor supply regression equation shown in eq. ,

and the elasticity estimates reported in Table [2| are evaluated at the sample mean hours.

A.4 Coefficient Estimates in the ATUS Weekly Labor Supply Regression

In Table [3| of the main paper, we report the weekly labor supply elasticity estimates using the ATUS.
Table |A.5 reports the coefficient estimates in the weekly labor supply regression equation shown in eq. ,
and the elasticity estimates reported in Table [3| are evaluated at respective sample means based on these

coeflicients and the sample mean hours.

A.5 Representativeness of the ATUS Sample

The ATUS is designed to be a random subsample of those who recently complete their participation in the
CPS. We compare the ATUS sample against the CPS sample. Sample means and sample standard deviations
of the key variables used in the empirical studies are reported in Table @ The ATUS sample (first column)
is the one used in the empirical studies in our main paper. The CPS sample (middle column) is the entire
CPS 2003-2017 sample after the same sample selection criterion (hourly paid workers aged between of 25
and 54, whose wage rate is positive, and spouse earnings (if married) and total usual weekly hours worked

at all jobs reported in the CPS are observed The entire CPS sample (last column) includes the respondents

4Indeed, the first principal component of HPTUS:5 assigns the weights 81 = 0.4389, 82 = 0.4560, 83 = 0.4580, B4 = 0.4531
and 85 = 0.4294 to its columns, which correspond to Monday to Friday, respectively; i.e., each weekday contributes roughly
equally to the first principal component.



whose hourly wage or spouse weekly earnings is missing. None of the key variable summary statistics differ
significantly among the three samples.

The elasticity estimates in Table [3| of the main paper are based on the sample in the first column of
Table[A3. Using the sample of second column of Table[A3] we estimate the labor supply elasticities similar
to the main paper. We report such estimates in Table Comparing them with the CPS results in Table
in the main paper, we find no notable differences.

Therefore, it is safe to conclude that the ATUS sample is a representative subsample of the CPS, which
implies that the differences between the ATUS and the CPS elasticity estimates are more likely due to the
nonclassical measurement errors in the CPS than due to the composition of the ATUS sample.

Moreover, the ATUS sample does not exhibit strong seasonal fluctuations over a year, whether as a
whole or within each occupation. In Table [A.6, we categorize the ATUS sample into different occupations
and months. First, the entire ATUS sample is very balanced over a year, with people surveyed in all months
having roughly equal proportions. Second, within each occupation, the ATUS also surveys approximately
same numbers of people in every month. Third, among the nine occupation categories, not a single occupation
bears overwhelming weights. So the empirical results in the main paper are not likely to be driven by anomaly

in a single occupation or a single month.

A.6 Robustness Checks of the Empirical Results in Section

In Section[5]of the main paper, we estimate labor supply elasticities using the ATUS daily hours and compare
the estimates with those obtained using the CPS recalled weekly hours. The ATUS estimates reported in
Table 3| of the main paper uses the “work” hours on all jobs (activity code: 050100) for all the occupations
in the ATUS.

In this section, we conduct four robustness checks. The first robustness check, reported in Table [A.7,
restricts to the three occupations with the most observations; they are computer and mathematical science,
healthcare support, and office and administrative support occupations. The second robustness check, re-
ported in Table @, uses “work” and “work-related” hours (activity codes: 050100 and 050200) for all the
occupations in the ATUS The third robustness check, reported in Table @, estimates the elasticities
using the OLS, without correcting the potential measurement issues in own hourly wage and spouse weekly
earnings (using their respective decile as IVs). Comparing Tables [A.7 to[A.9 here with Table [3] of the main
paper, we see that none of the estimates change much, neither qualitatively nor quantitatively.

The fourth robustness check, reported in Table |A.10, uses survey year-month group indicators as IVSE

5Examples of work-related activities here include attending social events, attending sporting events, and eating or drinking
with bosses, co-workers or clients, etc.
60ur sample contains respondents in 15 years (2003-2017), which together with 12 months result in 180 group indicators.



Angrist (1991) proposes the use of group classification variable that is independent from the error term as IV.
He also proves that the resulting 2SLS estimator is a generalization of the Wald estimator in the treatment
effect literature that is frequently used in binary treatment and binary IV cases. The identification power of
such 2SLS estimators comes from the variation in group means, and it requires that the individual deviation
from group means to be uncorrelated with the IVs. Since we have no reason to believe that the error term
in the weekly labor supply eq. (4] is systematically correlated with survey year or survey month, the survey
year-month dummies satisfy the exclusion restriction. On the other hand, the correlation between survey
year (or survey month) and log wage (or spouse earnings) is probably weak, which may lead to inflated
standard errors and sizable finite sample bias. Compare Table [A.10] with Table [3] in the main paper, the
standard errors of the elasticity estimates (Panel B) rise remarkably. Among those elasticity estimates which
remain significant — CPS own wage for all groups, CPS spouse earning and older kids for married women,
CPS and ATUS younger kids for married women — neither sign nor magnitude changes much. This shows

that our labor supply elasticity estimates are not very sensitive to the choice of IVs.

B  Proofs of the Theorems in Section [3.2

Proof of Theorem|[I. First we show the identification of 3 if H{" were observed, as it will be instructive for
our discussion based on the ATUS data HATUS. If the true weekly hours worked H” were observed, then the
identification of the p-dimensional parameter vector S is just the usual argument for 2SLS (i.e., generalized

method of moments) estimators. Formally, 8 is identified if the following g-dimensional moment conditions
E(Z;U;) = E[Zi(H}" — X{f)] = 0 <= E(Z;H}") = E(Z;X])3 (B.1)

have a unique solution of 8, which is true if ¢ > p, and the rank of the ¢ x p matrix E(Z;X]) is p (i.e.,

Assumption . Provided that E(Z;Z]) is nonsingular (part of Assumption , eq. (B.1) is equivalent to
B(XiZ)|E(Z:Z)) T BE(Z:H}) = B(Xi Z))|B(Z:Z)] ' B(Z:iX])B, (B.2)

and

8= (BOGZ)IE(Z:2)) E(Z:X]) " E(X.Z)[B(Z:2)) 7 B(ZH]) (B.3)

is the unique solution of eq. 1) Bwk is to replace the expectations in eq. li by respective sample

means.

Next we consider the case where only HiATUS = ZZ:1 d;sH;; is observed. The identification of 3 is still



based on the same moment conditions in eq. , but the only problem now is that the ATUS data are
not informative about the term E(Z;H!") in eq. . Since the expression of 8 in eq. is the unique
solution of eq. 7 the identification of 8 will be proved if we can find equivalent expressions of eq.
that have sample counterparts in the ATUS data. The rest of our proof shows that. Under the potential

outcome framework, we have

7
8= (B(X.Z)[B(Z:Z)| " B(Z:X])) " B(X.Z)E(Z:Z)) 7" > E(Z:Hi) (B.4)
. =1
= (B(X:Z)E(Z:Z0) T E(Z,X)) " B(X:Z}) Y [E(Z:Z})ds = 1)) E(Z;Hytldye = 1) (B.5)
— (BE(X:Z)|E(Z:2})]) E(Z:X))) " E(X,2)| -1 ZE (rndie) B(Z: Hy)

— (BE(X,:Z)|E(Z:2)) E(Z:X))) " B(X:2Z))|E(Z:2})] " Z E(rpdiZiHy)

7
= (B(X:Z)|B(Z:Z)| " B(Z:X])) " BE(XGZ)E(Z:Z)) Y B(raZiHidy = 1) (B.6)

B(X:Z)|dy = V)[E(Z:Zl)di = )] E(Z:;X!|diy = 1))

M*

t:l

B(X; Z)|ds = V[E(Z:Z!)dsy = 1)) E(Z; Hy|diz = 1), (B.7)

where eq. . B.4) holds by the definition of H, eqs. ) to (B.7) hold by Assumption I 1|and that E(r,.d;;) =

1. Equation 1D is the population counterpart of 6im, eq. is the population counterpart of ﬁpool, and
eq. l) is the population counterpart of Bday7 all of which are now estimable using the ATUS data. O

Proof of Theorem[2. First, we show the consistency of ﬁwk:
Buk —B=A'X'P,U=A;'B,C; (Z2'U/n) 25 A" BC~ E(Z;U;) = 0.

In fact, this is a standard result for instrumental variable estimators.

Second, we show the consistency of Bim. Consider the difference (Bm — Bwk) using their definitions:

Bim — Buk = (X'P.X)"1X'P,

7
> 2(2'DiZ)"' Z' D H, — Hw]
t=1

= (X'P,X)"'X'P,

7 7
> Z2(2'DiZ)"'Z'DiH, — P,y Ht]

t=1 t=1

7
Z (X'P,.X)'X'P,Z[(Z'D,Z)"'Z'D:H, — (Z'Z)~' Z' H}]
t=1



7
= Z(X’PZX)*lX’Z[(Z'DtZ)*lZ’Dth —(Z'2)7 7' Hy).
t=1

Using the linear projection eq. , we have

-1
1
fZ/V}
n

7 -1
A A 1 1 1
Bim - ﬂwk = ZAylen (Z/DtZ> *Z/Dt‘/z — (Z/Z)
Uz ng n

t=1

Define
Cnt = Z/DtZ/TLt.

Following from the law of large numbers, A, B and C are the probability limit of A,,, B,, and C,, (also Cy,)

as n — 00, respectively. By the definition of A,,, B, C,, and C,,, we have

7

A A 1 1

ﬁim - Bwk = ZAngn |:Cnt1ZIDt‘/t - C;le'Vt
¢ n

t=1

7
23> AT'BCTE(ZidyVis) — E(ZiViy)]
t=1 (B.9)
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because E(Z;V;;) = 0. Since Bwk L £ and Bim - Bwk RN 0, we conclude that Bim L B.

Third, we show the consistency of Bpool. By the definition of A,,, By, Cy, and C,,, we have

7
R . Z'(rpeDy — IH
Bpool_ﬂwk:ZArr_LanC»rjl ( = ) i

n
t=1
7
2y ATIBOT Y Z'(ryDy — I Hy
n

t=1

7
25 ATBCS B(ridi — 1)Z:Hi) (B.10)

t=1

7
= AT'BC™' " E(rydy — 1)E(Z;Hy)

t=1

=0,

where the second line holds because 7,,; — r¢, and the last equality holds since E(rid;; — 1) = 0. Combined
with the result that Bwk 25 3, this implies that ,@pool £ 8.

Fourth, we show the consistency of Bday. The weekly labor supply equation in eq. can be re-written



as the sum of seven daily labor supply equations in eq. 7 with

7 7
B:Zﬂt and Uz:ZUzt
t=1 t=1

We then can re-write the day estimator as

7
Biay = Y _(X'PX)"'X'P.,H,
t=1
7
=Y (X'PuX) "' X'Poy(X B, + Uy)
t=1
7 7
=> B+ Y (X'PuX) ' X'PuU,

t=1 t=1

(B.11)

K}

=B+ Z(X’Pti)_lX’PztUt.
t=1

Simply by the law of large numbers, continuous mapping theorem, and the definition of P,;, we have

7
Baay — B = (X' Py X) ' X' P,
t=1
B 27: (X’Pti> “'X'D, 7 (Z’th> ~1 7/'D,U,
t=1 T

Uz

Uz N

7
3> AT'BCT'E(ZUy)

2 (B.12)

- A‘lBC_lE[Zi ZU”}
t=1

= A"'BC'E(Z,Uy)

=0.

This completes the proof. O]

Proof of Theorem[3. We have

ViiBui — B) = A*l%X/PZU +op(1),

which is asymptotically normal with mean zero and variance

Qur = A'BCT'E(U}Z;Z!)C~'B'A™*,



This completes the proof of Theorem 3| Again, this is a standard result for instrumental variable estimators.

O

Proof of Theorem[]. To show (i), we consider the decomposition
\/E(Bzm - 5) = \/ﬁ(/ézm - Bwk) + \/ﬁ(ﬁwk - 5)

Since the asymptotic variance of \/ﬁ(ﬁAwk — fB) is given by Theorem [3 the key to finding the asymptotic
distribution of \/ﬁ(@m — ) is therefore to compute the asymptotic variance of \/ﬁ(Bim — 3wk) and \/ﬁ(ﬁwk —

B), as well as their asymptotic covariance. Recall that eq. (B.8) implies

7 - —1
. - 1 1 1 1
ViBim — Bur) = ZA;anﬁz (Z’DtZ> = =7'DVi - (Z’Z) A
Ny Ny n n
(B.13)
1
- ZA 'B, { - rm\/ﬁZ/DtVt Cnl\/ﬁZ/Vt} .
Because n=/2Z'D,V, = O,(1) and n='/22'V; = O,(1), we have
7
A 3 -1 1 1
V1 (Bim — Buwk) = AT'BC™ Z 72 (reDy — 1)V + 0p(1). (B.14)
The key is then the asymptotic distribution of
> L 7D > ! zn: (redie — 1) Z;V;
= tt — = = tlit — it-
t=1 \/ﬁ t=1 n i=1

Because d;; I (Z, Hy) and E(rid;; — 1) = 0, we have that E[(r;d;; — 1)Z;V;¢] = 0. Moreover, we have

E[(Ttdit - 1)Zi‘/it‘/i7'zz{(r7'di‘r - 1)] = E[(Ttdit - 1)(TTdiT - 1)]E(Z7,‘/zt‘/z7'Zr:)

It can be shown that

rn—1 t=r,
E[(’l‘tdit — 1)(Trdir — 1)] = (B15)

-1, t#£T.
We hence have

Var((ridyy — 1) Z; Vi) = (re — 1) E(Z;ViiVin Z3),

and for t # T,
Cov((ridiy — 1) Z;Vig, (rrdir — 1)Z; Vi) = —E(Z; Vi Vir Z)).



From eq. l} we conclude that \/ﬁ(@m - Bwk) is asymptotically normal with mean zero and variance

-

Dim-wn = AT BCT Y (= DE(ZVaVaZl) =2 Y. E(ZiVaVirZ))|CT'B'A™Y
t=1 1<t<7<7

We then proceed to compute the covariance between /n (B Bwk) and \/n (ﬁwk — B). Note that we
have shown E(\/ﬁ(,@im - Bwk)) = 0,(1) and E( ﬁwk — ) . In addition, we have

E(v(Bim = Bur) Vi (B — )

= A"'BC'E <Zn "(r¢eDy — )VtU’PZX> At +0,(1)
t=1
7
= AT'BCT' Y E(n ' Z/(1Dy — L)V;U'P.X)A™! + 0,(1)
t=1
7
= AT'BCTY E(m ' ZE((riDy — L)V:U'P.X | Z)) A7 + 0,(1)
t=1

7
= AT'BC'Y E(n"'Z'E(rD; — I,)E(V,U'P.X | Z))A™" + 0,(1),
t=1

where the last equality holds because the diary day is completely random, i.e., d;; (and hence D) is inde-

pendent from everything else. This, combined with
E(’f’tDt - In) =0

implies

E(vV(Bim = Bk Vi(Bur = 8)) = op(1).

As a result,

Cov (VB — Bur): Vi(Buk = B)) = 0,(1).

We conclude that the asymptotic variance of the impute estimator equals
Qim = ka) + Qim—wk:a

This completes the proof of (i).

To show (ii), we follow similar steps as for (i). We decompose

\/H(B:Dool - 5) = \/ﬁ(épool - Bzm) + \/H(Blm - ﬂ)v



where we only need to find the asymptotic variance of \/ﬁ(Bpool — Blm) and the asymptotic covariance between

the two terms. First, we have

7
V1 (Bpoot — Bim) = \/E(X'PZX)*X’ZZ[(Z'Z)*lrntZ'Dth —(Z'DyZ)'Z' D, H,)
t=1

7 1
=A,'B ; ﬁrntZDth

In light of the linear projection eq. of H;, we have

\/E(Bpool - Bim = 1B Z C_ - \/>ngZ D; (ZOtt + V})

= A 1B Z C_ - antZ DtZOét+0p( )

1
= A 1B Z <On1\/> ’I“ntDtZOét — \/ﬁat) +Op<1)
1

7
7'Z
=A,'B,> <C;1nz’rthZat —/nC; ! at) + 0,(1)

7
1
=A,'B.,C, ' > (Z’rthzat - \/ﬁz’zat> +0p(1)

t=
7
1
- A‘lBC_lz—nZ’(rtDt — 1) Zay + 0p(1), (B.16)

where the second equality holds since C/; —C’;tl = 0,(1), n~Y2y, 7' DV, = 0,(1), and C;tlZ’DtZ/nt =1,,
and the last equality holds by the definition of C,, and C,,,. It follows straightforward that \/ﬁ(ﬁpool — ﬁzm)

is asymptotically normal with some asymptotic variance (2,50—im. To calculate 2p501—im, let
62’1& = (Ttdit — 1)ZZOé£ZZ,

and rewrite

. . 7 1 n
Vi (Bpoot = Bim) = ATTBCTEY T —= Y 651 + 0,(1)

Using eq. (B.15)), we can show that
Var(6;) = (ry — 1) E(Z;0 Z; Zlow Z)),

and

COV((Sit,(SiT) = —E(ZiatZ Z/O/ Z )

LT

10



As a result,

7
Qpool—im = AT1BC™? [Z(rt —V)E(Zioy ZiZjewZ]) =2 Y E(ZioyZiZjo, Z))|CT'B'/A7! . (B.17)

1 T 1
t=1 1<t<7<7

Second, we consider the asymptotic covariance between \/H(Bpool - B,m) and \/ﬁ(@m — ). By the
definition of V;, in the linear projection eq. (10, Z; and Vi, (r = 1,...,7) are orthogonal with each other.

This implies that for any 1 <t <7 <7,
Cov((ridiy — 1) Z;s Zi, (rrdir — 1) Z; Vi) = 0.

This further implies that \/ﬁ(ﬁpool — Blm) and \/ﬁ(ﬁlm - Bwk) are asymptotically uncorrelated. Furthermore,
using the same argument as in the proof of (i), one can show that \/ﬁ(Bpool — Bim) and /n(Buwk — B) are
asymptotically uncorrelated. Together they imply that \/ﬁ(ﬁpool — Blm) and \/E(Blm — f3) are asymptotically
uncorrelated.

To summarize, we have shown that the asymptotic variance of \/ﬁ(ﬁpool — f) equals to
-onol = onol—im + -Qz'm-

Note that since {20 is positive definite, it implies that Bim is asymptotically more efficient than Bpool~ This
completes the proof of (ii).

Part (iii) follows from writing Var(y/n(Bim — Buwk)) as the following sum,
Var(vn(Bim — B)) + Var(v/n(Bur — B)) = 2 Cov(v/n(Bim — B)s V(Bur — 8))-
Because we have shown E(v/n(Bim — Buk)v(Buk — B)) = 0,(1), we have that
E(Vn(Bim — BV1(Bur — B)) = Var(vn(Bur — B)) + 0, (1).

We hence conclude that Var(y/n(Bim — Buk)) = Var(yvn(Bim — 8)) — Var(y/n(Bwr — 8)). The rest of part

(iii) follows immediately. O

Proof of Theorem[5. To prove (i), first note that by the definition of U; and the “H first stage”, we have

7 7 7 7
Ui=H —X[B=)Y Hy—X|B=) (Zioa+ Vi) = X|B=> Vi+ 2]y o~ X|B. (B.18)
t=1 t=1 t=1 t=1

11



Therefore, we have

7 2 7 2
EU?2;Z)) = (ZW) ZZl| + E (Z;Zat—xgﬂ> Z: 7!

t=1 t=1

7 7
(Z Vit> (Z; > - X;5> A
t=1 t=1

7
=3 E(VizZ)+2 > E(ViVi.ZiZ))

t=1 1<t<r<7

7 2
+E (Z;Zat—)m) Z;Z!| +2E

t=1

(B.19)

7 7
(Z Vit> <z; > - X;5> A

t=1

We can then replace E(U2Z;Z!) in the middle of 2, in eq. by eq. . Part (i) follows by adding
Qi and 2,k together, which are given in eq. and eq. , respectively. Since 2,k involves
terms like E(Z;V;+V;ir Z!), it may seem at a glance that (2;,,, depends on the correlations among V;; and V;.
for t # 7. But the proof here shows that these terms from §2,,; and £2;,,_.x cancel with each other.

2
Part (ii) can be proven by the same argument as for part (i), i.e., by expanding the term F [(Z{ E::l oy — X{ﬁ) ZiZl(]

in (2, and adding it together with 2p501—im in eq. . O
Proof of Theorem[6. Part (i). For every ¢t = 1,...,7, it follows from a standard result for instrumental

variable estimators that

V(B — By) - N(0,A"'BC'E(U2Z;Z))C'B'A™Y),
which implies that if we normalize by \/n instead of \/n¢, we have

V(B — B) - N(0, A" ' BC E(U2Z;Z))C~'B'A™).

Moreover, note that Bt only uses the data on those individuals whose diary day is ¢. Since the individuals
are drawn independently, Bt is independent of BT for any ¢t # 7. This implies that the asymptotic variance
of the day estimator Bday is

Qiay = A'BC™! C'B'ATL

Zrt (U227}

This proves eq. .

To prove part (ii), we first derive an alternative expression for (24,,. Similar to eq. (B.18), we can

12



decompose U;; in a similar manner:
Up=Hy — X8 = Vie + (Zja, — Xi 1)
which implies that
B(U32,2)) = E(V3Z:Z) + B |(Zioy — X{B0) Z.2!] + 2B Vi (Zioy, — X15) 2],
which combined with eq. in turn implies that

7 7
Qiay = A"LBC™? {Z E(V3ZZ)+ Y nE [(Zgat — X!5,)? ZiZ{}
t=1

t=1

7
Z Vie (Zhoy — X{Bt)ZiZ{]}ClB’Al. (B.20)
Subtracting £2;,, in eq. from $244, in eq. (B.20), we have
Qday = im = A_lBC_l(‘anyfim + anyfim)c_lBlA_17
where
7
‘QSay—im = ZTt E[(Z,Z()ét X/ﬁt) Z ZI |:<ZI Zat X; ﬁ) ZZ,Z:| s

by meZTt Vie(Zlay — Xﬂt)ZZ]QEKZMt)(Z{Zathﬂ>ZiZ§}

t=1 t=1

We will show that 29 is a variance-covariance matrix, 24 is a cross-covariance matrix, and

day—im day—im
their sum is also a cross-covariance matrix. Whether or not (25, + .Qday +m 18 positive definite depends
on the covariance between (U;1,...,U;7) and (Viy,...,Viz)'.
The proof relies on two observations:
7
B=> B and  Zjoy— X|B = Zjay — Hy + Hi — X}y = Uy — Vi
t=1

Because we will repeatedly use U;; — Vi;, we denote 1y = Uy — V. Using these two observations, we first

13



can write 29

Gay—im S follows,

7 7
Qoyim = > BORZZ) + > (re — V) E(m}Zi Z)) E[(Z mt) Z; z]
t=1 t=1

7 7 7
=N EMLZ:Z)+> (- VEMmLZiZ) = > EMiZ:Z) -2 Y. EmuniZiZ))
1 — t=1 1<t<7<7

= Z(Tt - 1) 77th Z Z E mmer Z)

1<t<r<7

[(27: (reda — 1 mtz)(i: ridis — )i 2, )] (B.21)
t=1 t=1

where the last equality holds by Assumption [1|and the following equalities:

E[(ridy — 1) = E(r?d%) + 1 —2E(rydy) = E(ridy) +1-2=r, —1=1r;, — 1 (B.22)

E[(Ttdit — 1)(T7—di7— — 1)] = E(’I‘t’l"rditdiT) - E(’I“tdit) — E(’I“Tdir) +1=-1. (BQS)

Similarly, we have
1 7 7
5 Phyim = ZE (Vi ZiZ}) + Z (re = VE(Vanu Zi Z)) E[(Z Vie) (th)ZiZ{]
t=1 t=1

7
= Z E(VimuZ:Z}) + Z (re = WE(VanuZ:Z]) = > E(VimuZ:Z;) ZE[VWTZZ-Z;}
t=1 t#£T

= Z (re = VE(VinauZ: Z}) ZE[W%ZZ-Z;}

t#T
7 7
[(Z OV Z; ) (Z(Ttdit - l)th{)]
t=1 t=1
7
= COV (Z(rtdit ‘/’LtZ'L7 Z 7"t it — 77th > (B24)
t=1

where the fourth equality holds again by Assumption [1} eq. (B.22) and eq. (B.23)); the last equality holds

since Z; are IVs which are uncorrelated with the zero mean 7;;.

day—im T .Qday im USINg eq. 1} and eq. li Note that n;; = Uz — Vi, hence

Next, we derive 29
it + 2V = Uy + Viy. We have

M“
M\]

Ttdzt - 1 77th ) (

t=1 t=1

1
“Q;llayfim + 2(5‘93(11/71'1%) =E |:( Ttdzt - 1 77th ):l

K}

M\]

+ E[( (redyy — 1)2Vis Z; ) (Z (redsy — i 2., )}
t=1 t=1
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{(27: rediy — 1) (Ui + Vi) Z ) (27: redi — 1) (Ugs — ‘/;t)Z1():|
t=1

t=1
= COV((i Uit + Vit) Z; (27: Tedi — Vz’t)Zz‘>)~
t=1

t=1

\_/

Again, by Assumption [} eq. (B.22) and eq. (B.23]), we can expand the covariance term in the last line and

conclude that

7
Qiay — im = A~ BO™1 {Z re — V)E((Ust + Vie) (Uss — Vi) Zi Z;)
t=1

— > B((Uis + Vie)Uir — Vir) 2:Z])|C'B'A7.
t#£T

This completes the proof of Theorem [6] O

Remark 10 (Relative efficiency of Bday (cont’d)). To demonstrate that the sign of Q2qay — 2im in Theoremlé
is indeterminate in general, we note that under homoskedasticity and fized effect assumptions, the difference

between the asymptotic variances of Bday and Bl-m mn eq. @) can be simplified to

7
Qday im |: Z Tt — 1 2Bt elC'L) +6t (61 Bt + Z 2ﬁ E elcl) + B E(el )ﬂt):| 17 (B25)
t=1 tAT

where ¢; is the fized effect defined below, and e; is the error term in the first stage regression of X; on IVs Z;.
The term —B,E(e;e;)B: is non-positive; but for t # 7, the terms —28,E(e;c;), 201 E(e;c;) and BLE(e;e})B:
could be positive or negative and their absolute values might be larger or smaller than that of the former. So
whether or not Bday s asymptotically more efficient than Bim is indeterminate and it depends on the sign
of Br (t=1,...,7) and the correlation between e; and c¢;. Inspired by an anonymous referee, we conducted
simple simulation experiments to demonstrate both Qaqy — Qim > 0 case and the opposite case. These results
are not reported but available upon request.

In the rest of this remark, we will prove eq. . First, assume homoskedasticity so that we can move
2;Z! out and rewrite E((Uit + Vi) (Uir — Vir) Z:Z0) = E((Uit + Vi) (Uir — Vir ) E(Z:Z]) (t =17 ort # 7).

Recall the daily regression models (t =1,...,7)

Hiyy = X8 + Uy,
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as well as the reduced form equations for X; and H;

Xi = 7T/Z1' + €i,

Hy = (n'Z; + ) B + Uy = Z; 7By + €5t + Uy,

Qg Vit

where we know that E(Z;e;) = 0, E(Z;Uy) = 0 so E(Z;Vy) = 0, but E(e;Uy) # 0. In order to capture
dependence among daily hours worked determined by unobserved factors, we postulate a common fixed effect
structure

Uit = ¢i + &its
which in turn implies that Viz = €, + ¢; + &it. So for any t,7 =1,...,7, we have
E((Uit 4+ Vit)(Uir — Vir)) = —E(B1€i(2Us + €;))

= —2E(Breic;) — 2E(Brei&in) — E(Breie;Byr)

—2BLE(eic;) — BLE(e€e) B,

where the last equality holds because E(e;c;) # 0 and E(e;&;¢) = 0 since the fized effect might be correlated with
the endogenous regressors X; but is uncorrelated with the idiosyncratic errors &;;. Plugging the last expression

into the formula of 240y — §2im in Theorem E, we immediately get eq. (B.25)) under homoskedasticity.

Proof of Theorem[7. The result holds by the consistency of the estimators (Theorem , the law of large

numbers and the continuous mapping theorem. The proof is standard and therefore is omitted here. O

Proof of Remark|[I1. Now we prove that Bday, the variation of the day estimator described in Remark is
asymptotically equivalent to the impute estimator under Assumptions 1| to
Formally, :
Biay = Y _(X'P.D,P.X)"'X'P.D,Hy. (B.26)

t=1
Our proof proceeds in three steps: first, we obtain the expression of \/H(Bday — f3); second, we derive an
asymptotically equivalent expression of \/ﬁ(Bde — ) by replacing some sample averages in the first step
with their probability limits; third, we derive an asymptotically equivalent expression of \/ﬁ(Bm — ) under
Assumption [5| and show that it is the same as that in the second step.
First, recall that H; = X; + U; and P, = Z(Z'Z)~'Z’, and note the decomposition

X =P.X+(I-P.)X, (B.27)
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so based on eq. (B.26)), we get

7 7
Baay = Z(X’PZDtPZX)’IX’PZDtPZXﬂt + Z(X’PZDtPZX)*lx’PZDt[(I — P)XB + Uy
t=1 t=1
7

7
=> B+ > (X'P.DP.X) "' X'P.Dy[(I — P.)XB; + Uy
t=1 t=1

7
= V1(Baay — B) = Vn Y (X'P.D,P.X) ' X'P.D,[(I — P.)X B + U]
t=1

7
= \fz (X'P.D,P.X)"'X'Z(Z'Z)"' Z' D[(I — P,)X B; + U]

i(XPDtPX>_1X’ (Z’ )_1\/;th [—P)XB+U]  (B28)

since 8 = ZZ:1 Bs.

Second, note that n%Z’Dt(I — P.)XB; 25 0 because (I — P,)X is the vector of “X” first stage residuals
(by regressing X on Z) and by construction is uncorrelated with Z for each diary day, since the diary day is
completely random; in addition, n%Z’DtUt s 0if Assumptionholds (i.e., E(Z;U;;) = 0). Based on these,
a proper central limit theorem implies that \/%Z/Dt [(I—P,) X B:+Uq] N N(0, %) with some positive definite
matrix . This further implies that in eq. , if we replace the terms in front of \/%Z/Dt [(I—-P.)XB:+Uy]
with their respective probability limits, the asymptotic distribution of /n(8g4ay — ) won’t be altered. As a

result, we get

Vit(Baay — B) = A1 BC™ 12f¢1ﬁzmu P)X By + Ul + 0p(1). (B.29)

t=1

Third, recall that H; = X8; + Uy and P, = Z(Z'Z)~1Z’, and use the decomposition in eq. (B.27), we

can rewrite (;,, as follows:

7
Bim = (X'P.X)"'X'P, Z Z(Z'DyZ)"' 7' D H,

t=1

7
= (X'P,X)"'X'P, Z Z(Z'DyZ)" ' Z' D, P, X B3,
t=1
7
+(X'P.X)'X'P.Y  Z(Z2'DyZ) 7' Z'Dy[(I — P.)X By + Uy
t=1

7
=B+ (X'P.X)"'X'P.Y  Z(Z'DyZ)" " Z'Dy[(I — P-)X By + Uy

t=1
=>\/ﬁ(5m—ﬁ)=(X/%X> . g(”t ) M%Z’th—g)xmw]. (B.30)
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When Assumptionhold, we can again replace the terms in front of \/%Z’Dt (I = P.)X B+ U] in eq. 1'
with their respective probability limits, without altering the asymptotic distribution of \/ﬁ(ﬁAlm —p). As a

result, we get

7
Vii(Bin = 8) = AT BOT Y VR DT = X+ Uil +0y(1),

t=1

which is the same as eq. 1) This completes the proof of the asymptotic equivalence of Bday and Blm O

C When the ATUS Hours Have Classical Measurement Error

In this appendix, we provide detailed discussion about the consequence when the ATUS hours contain classi-
cal measurement error e;7 V¥, To summarize: (i) the weekly labor supply elasticities 3 are still identified; (ii)
the estimators are still consistent and asymptotically normal; (iii) the asymptotic variance of the infeasible
Bwk remains unchanged since it does not use the ATUS hours; (iv) the asymptotic variances of the feasible
estimators all increase by Yr_, 7, Var(eATUS)A~1. As a result, the asymptotic efficiency ranking among the
estimators remains unchanged.

Let H{TUS denote the recorded hours worked on day ¢ by respondent i, and let H;; denote the true
hours worked on that day. On top of the assumptions in our main paper, the following assumption about
ATUS _ [JATUS _

the measurement error e} H;; is maintained throughout this section.

Assumption C1 (Classical measurement error in the ATUS). Forallt = 1,...,7, we assume that E(e;TV%)

0 and eﬁTUS AL (dila ey dn, le7 Ul)l

With Assumption @, we can rewrite eq. (main model) and eq. (first stage) as follows,

ATUS ATUS / ATUS
H =Hiy + e =X+ Ui +e; "7,
— ]

1

it

ATUS / ATUS
Hit = Ziat + ‘/it + €t .
e — |

1

= Vit

For our purpose, Uy, differs from Uy only by bringing larger variance (so does Vi from Vit). So the

statistical properties of the estimators in our main paper remain. We elaborate this point in what follows.

C.1 Identification

The measurement error ef;’ U does not enter the true weekly hours worked H"™, so the identification of 3

still results from eq. (B.3)) if the ATUS contains measurement errors.
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For the feasible estimators based on the ATUS data, the identification of 3 follows the same argument as
in the proof of Theorem (I} that is, we only need to find the counterparts of eq. (B.5)), eq. (B.6)) and eq. (B.7)
in the presence of classical measurement errors in the ATUS hours. By Assumption [I] and Assumption [CT,

we have

E(Z:H{P"5|dy = 1) = E(Z;Hy|dy = 1) + E(Ziej" ") diy = 1)
= E(Z;Hy|dy = 1) + E(ZeVT9)
= BE(ZiHy|dy = 1) + E(Z;)E(e;""®)
= E(Z;Hy|diy = 1), (C.1)
E(rpZ:HZV TS dyy = 1) = E(rpeZiHy|diy = 1) + E(rny Zie VTS |dy = 1)
= B(raiZiHyldy = 1) + E(rp ZieV 7o)
= E(rpeZiHy|dyy = 1) + E(roi Zi) E(eVT9)

= E(rntZiHit|dir = 1). (C.2)

Plugging eq. (C.1) into eq. (B.5) and eq. (B.7) and plugging eq. (C.2)) into eq. , we see that the

identification of S still holds when the ATUS contains classical measurement errors.

C.2 Consistency

First, the infeasible estimator Bwk is not affected by the measurement error in the ATUS, and is still
consistent. To see the consistency of other estimators when the ATUS contains classical measurement error,
we only need to slightly modify eqgs. to , which were the key steps in establishing the consistency
without measurement error. With measurement error, eq. becomes

7
A - _ 41 ~ 41
Bim_ﬂwk :ZAnan |:C 1fZ’DtVt—Cn1EZ’Vt

N
n
t=1 t

7
£ ZAilBCil[E(ZiditVit) — E(ZiVy)]
=1

ATYBCYE(Z;Vi)E(dy) — E(Z;Viy)]

I
M~

o~
Il

1

I
o
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where the second equality holds by E(Zif/it) = E(Z;Vi) and diy 1L (Z;, Vi, eﬁTUS). Since Bwk is consistent,
Let eTUS = (efTUS ... eATUS) then eq. 1' becomes

S0 is Bim.

7 7
A A B L Z'(rpeDy — DH, _ L Z'rpDyeATUS
Bpool - Bwk = ZAnlB”Cn ! ( et ) i + ZAnlB”Cn e
t=1 n t=1 n
7
' Z/ D ATUS
Ly04ATIBOT Y ST (by cq. (B10))
t=1
7
504+ AT'BCT Y E(rdiZieTUS)
t=1

= ()7
where the last equality holds by Assumption @ With measurement error, eq. (B.12]) becomes
7 ~
Biay — B="Y_(X'PuX) "' X' P,sT,

t=1

7
=53 AT'BCTYE(ZiUu) + E(Zie""%))] (by eq. (B-12))

t=1

AT'BCTE(Z;Uy)

[
]~

o~
Il

1

Il
[=)

where the second equality holds also by Assumption [CLl

C.3 Asymptotic Variances and Efficiency

First, the asymptotic variance of Buwr is not affected by the measurement error in the ATUS. To derive
the asymptotic variance of the feasible estimators when the ATUS contains classical measurement error, we
modify eq. -, eq. (B.16) and eq. .7 which were the key steps in deriving the asymptotic variance
without measurement error.

For the asymptotic variance of Bnm eq. (B.13) becomes,

V(Bim = Buk) = ZA 13{ rm\leDtvt nf V}

1 1
_ 1 ATUS -1 /
E A, By, { ' rnth D:(Vy + e )—C, \/HZ Vt].
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By Assumption @ and n=1/22'DefTVS = 0,(1), we see that

7 7
~ A 1 1
im — Puk) = AT'BC™YY  —Z'(ryDy — I,)V; + A1 BC? 7' D, eATUS 0.
\/ﬁ(ﬁ Buwk) ; N (ryDy Wi+ ; T reDye; +o,(1)
: = part 1 Pt = part 2 !

By Assumption @7 we get: (i) the asymptotic variance of part 2 is Z:Zl ¢ Var(efyTV9) A~1; (ii) part 1 and
part 2 are asymptotically independent; and (iii) part 1 is the same as the leading term in eq. (B.14). Taking

account of these, we get

7
féim—wk = Var (\/H(Bzm - Bwk)) - Qim—wk + Z Tt Var(eﬁTUS)Ail,

t=1

where 2, _.k is defined in eq. . By Assumption @, we have ef;7US 1l U;, so we still have
Cov (Vi = Bur)s Vi (Buk — B)) = op(1).

Therefore, the asymptotic variance of Bim, when the ATUS contains classical measurement error, is ﬁim =
ok + ik = Dim + ZZ:1 ¢ Var(e4TU9)A~L, where 2, is defined in eq. and (2;,, is defined in
eq. . The new term ZZ:1 ¢ Var(e}TU9) A~1 arises due to the measurement error.

For the asymptotic variance of Bpool, eq. 1} remains valid even when we substitute V; with \N/t,
because n_l/antZ’Dte{‘TUS = O,(1). So the asymptotic efficiency gap 2pp01—im between Bpool and Bim
remains unchanged even with classical measurement error in the ATUS hours. This further implies that the
asymptotic variance of Bpool becomes ﬁpool = Dol + ZZZI T Var(eﬁTUS JA™!, where 2p001 is defined in
eq. .

For the asymptotic variance of Bday, we replace U;; with Uy in eq. . By Assumption @ and the
same argument as for Bim, the asymptotic variance of Bday, when the ATUS contains classical measurement

error, is (NZday = Qgay + ZZ:1 T Var(eﬁTUS)A’l, where (244, is defined in eq. .
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Figure A.1: DTUS Weekly Hours vs. Randomly Drawn Weekday Daily Hours x5

0.05

0.03

0 20 40
Weekly Hour of Work

TUS Daily * 5: Draw 2 D DTUS Weekly

Data | _} DTUS Daily * 5: Draw

Note: The DTUS sample used here is pooled across the years 1985, 1990, 1995, 2000, and 2005. The sample includes only full-time
workers aged between 25 and 54 at the time of interview. We used the default sample weight of the DTUS, which makes the weighted

frequencies of the diaries within each age and sex group are evenly distributed in a week.
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Table A.1: Simulations Based Only on Weekdays in the Dutch Time Use Survey (DTUS)

Corr(X;, Us) Panel A: n = 250 Panel B: n = 500
/ o - - ~ ~ - - - -
Corr(X;, Z;) Buwik Bim Bpool Bday Buwik Bim Bpoot Bday
MSE 0.002 0.019 0.019 0.019 0.001 0.009 0.009 0.009
0/1 Bias? 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000
Var 0.002 0.019 0.019 0.019 0.001 0.009 0.009 0.009
MSE 0.000 0.017 0.017 0.017 0.000 0.008 0.008 0.008
0.25 / 0.95 Bias? 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000
Var 0.000 0.017 0.017 0.017 0.000 0.008 0.008 0.008
MSE 0.002 0.019 0.019 0.020 0.001 0.009 0.009 0.009
0.5 / 0.80 Bias? 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000
Var 0.002 0.019 0.019 0.020 0.001 0.009 0.009 0.009
MSE 0.047 0.064 0.064 124.978 0.022 0.031 0.031 0.043
0.75/ 0.43 Bias? 0.000 0.000 0.000 0.008 0.000 0.000 0.000 0.004
Var 0.047 0.064 0.064 124.970 0.022 0.031 0.031 0.039
Corr(X;, Uy;) Panel C: n = 1000 Panel D: n = 2500
/ o - - ~ ~ - - - -
Corr(Xy, Z;) Buwk Bim Bpoot Bday Buwk Bim Bpoot Bday
MSE 0.001 0.004 0.005 0.004 0.000 0.002 0.002 0.002
0/1 Bias? 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000
Var 0.001 0.004 0.005 0.004 0.000 0.002 0.002 0.002
MSE 0.000 0.004 0.004 0.004 0.000 0.002 0.002 0.002
0.25 / 0.95 Bias? 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000
Var 0.000 0.004 0.004 0.004 0.000 0.002 0.002 0.002
MSE 0.001 0.004 0.005 0.005 0.000 0.002 0.002 0.002
0.5 / 0.80 Bias? 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000
Var 0.001 0.004 0.005 0.005 0.000 0.002 0.002 0.002
MSE 0.011 0.015 0.015 0.017 0.004 0.006 0.006 0.006
0.75/ 0.43 Bias? 0.000 0.000 0.000 0.001 0.000 0.000 0.000 0.000
Var 0.011 0.015 0.015 0.016 0.004 0.006 0.006 0.006
T

This table compares finite sample performance of various estimators using the DTUS data. 10, 000 random samples of different sizes are
drawn from the original DTUS sample of 6, 567 individual-year records.

The two numbers in the first column represent: (i) correlation coefficient between regressor Xi and error term U; (degree of endogeneity);
(ii) correlation coefficient between regressor )2,3 and IV Zi (strength of IV). Both are adjusted by changing the parameter p in the
simulation setup.

Bwk is the 2SLS estimator given in eq. 4l which uses the accurate hours worked from Mondays to Fridays in the DTUS and serves as

w

an infeasible benchmark for the three estimators based on the ATUS. B, has virtually no bias and the smallest variance.

For each individual in the DTUS, we randomly draw one from the five weekdays using the (equal) diary day sampling probabilities

of the ATUS, thus obtained samples that imitate the ATUS, and we apply Bim, Bpoor and Bggy to them in order to evaluate their

performance.

Bim has virtually no bias and the smallest variance among the three, followed closely by Bpool'

6 Bday is numerically equivalent to B;,, when X; is exogenous. When X; is endogenous, however, g, could display notable bias and
considerable variance, especially when the sample size is smaller (and hence each day subsample is even smaller).

7 Bday introduced in Remark 11| performs almost identically to By, , but we do not report it here to avoid repetition.

Table A.2: Weekly Labor Supply Regression Coefficient Estimates: the DTUS

Married Men Married Women

Bre Bwk Bhn BT& Bwk Bzm
n of kids aged < 18 0.42 0.16 0.09 0.01 —4.17 —5.24

(0.18) (0.24) (0.48) (0.36) (0.43) (0.83)
Educ: completed 2ndry 0.95 —0.48 —3.10 —0.96 2.95 2.44

(0.50) (0.66) (1.25) (0.94) (1.11) (2.19)
Educ: above 2ndry 1.84 —-0.85 —2.33 —0.39 5.63 5.37

(0.53) (0.70) (1.34) (1.12) (1.32) (2.62)
P value of joint Hausman test 0.00 0.11 0.00 0.53
n of Obs. 1746 1746 1746 835 835 835
R squared® 0.06 0.03 0.07 0.18 0.39 0.26

1 The other control variables are age, age-squared, a dummy of working in private sector (with public
sector as base group), an urban area dummy (with rural being base group), and year dummies.

2 Bre uses the recalled weekly hours; B, uses the true diary weekly hours; B;,, uses the fictitious sample
where only one day is randomly chosen for each individual using the ATUS diary day sampling weights.

3 Standard errors are in parentheses.

4 We conduct the joint Hausman tests (i.e., the coefficients associated with the three regressors in the
table) regarding whether there are significant differences between fre and B;,,, and between B3 and
Bim respectively.

5 The R squared for impute estimator is the average R squared of the seven linear regression of daily hours
worked Hyy = X/By + Ujy for t =1,...,7.
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Table A.3: Comparison between the Respondents in the ATUS and the CPS

ATUS  CPS (in ATUS or not, Table Entire CPS

Male 40.5% 48.3% 48.6%
College graduates 21.3% 18.1% 18.5%
Age 39.4 39.3 39.3
s.d. (8.4) (8.6) (8.7)
Hours usually worked per week 36.1 38 38
s.d. (9.0) (8.5) (8.5)
Hourly wage (2017 US dollars) 18.7 18.4 18.4
s.d. (9.0) (8.8) (8.8)
Num. of children aged < 5 0.23 0.21 0.20
s.d. (0.52) (0.50) (0.50)
Num. of children aged 5-18 0.79 0.92 0.90
s.d. (1.00) (1.11) (1.11)
Num. of obs. 19,038 73,429 991,116

1 “ATUS” column refers to the sample that was used in our empirical studies. “CPS (in ATUS or not, Table”
column refers to the CPS 2003-2017 sample after the same sample selection criterion (hourly paid workers aged
between of 25 and 54, whose wage rate is positive, and spouse earnings and total usual weekly hours worked
at all jobs reported in the CPS are observed) is applied, whether they participate in the ATUS or not. “Entire
CPS” differs from “CPS (in ATUS or not, Table[A.4)” only in that “Entire CPS” keeps the respondents whose
hourly wage or spouse weekly earnings is missing.

Table A.4: Weekly Labor Supply Elasticity Estimates: the CPS (in the ATUS or not)

Panel A: Mean and std dev of hours and wage

Married Unmarried Married Unmarried

Men Men ‘Women ‘Women
CPS Usual Weekly Hours Worked 41.02 39.21 34.90 36.65
s.d. (7.01) (7.99) (9.16) (8.29)
Hourly Wage (2017 US dollars) 21.22 17.92 17.79 16.23

Panel B: Elasticities (hundredths)?

Married Unmarried Married Unmarried

Men Men Women ‘Women
Wage 7.66 11.15 10.02 12.41
(0.36) (0.48) (0.55) (0.58)
Spouse weekly earnings —0.29 —2.52
(0.12) (0.24)
Num. of kids age < 5 0.34 —6.10
(0.21) (0.42)
Num. of kids ages 5-18 0.30 —2.18
(0.11) (0.17)
R squared 0.16 0.18 0.18 0.17
n of obs. 20,307 15,134 21,165 16,823

1 The sample here contains the CPS 2003-2017 sample after the same sample selection criterion (hourly paid

workers aged between of 25 and 54, whose wage rate is positive, and spouse earnings and total usual weekly
hours worked at all jobs reported in the CPS are observed) is applied, whether they participate in the
ATUS or not.

The clasticities are evaluated at the respective mean hours worked in each data source.

w N

The other control variables are including age, age-squared, two education dummies, eight Census division
dummies, a metropolitan area dummy, race dummies, year dummies, occupation dummies and industry
dummies.
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Table A.5: Weekly Labor Supply Regression Coefficient Estimates: the CPS and the

ATUS

Panel A: Mean and std dev of hours and wage

Married Unmarried Married Unmarried
Men Men ‘Women ‘Women
CPS Usual Weekly Hours Worked 39.625 38.421 32.499 35.524
s.d. (6.130) (7.260)  (10.430) (8.630)
ATUS Hours Worked on Diary Day 4.698 4.741 3.557 4.182
s.d. (4.550) (4.440) (4.000) (4.210)
ATUS Imputed Weekly Hours Worked 41.270 40.380 31.960 36.180
s.d. (lower bound)! (9.569) (9.792) (9.255) (9.677)
Hourly Wage (2017 US dollars) 21.877 18.649 18.699 16.564
Panel B: Elasticities (hundredths)?
Married ~ Unmarried  Married  Unmarried
Men Men ‘Women ‘Women
Wage (CPS) 2.136 4.371 5.163 4.165
(0.353) (0.406) (0.410) (0.380)
Wage (ATUS) 0.607 1.902 3.349 2.945
(1.387) (1.315) (1.061) (1.194)
Spouse weekly earnings ($100) (CPS) —0.000 —0.003
(0) (0)
Spouse weekly earnings ($100) (ATUS) —0.002 —0.002
(0.001) (0.001)
Num. of kids age < 5 (CPS) —0.316 —2.788
(0.192) (0.266)
Num. of kids age < 5 (ATUS) —0.445 —2.868
(0.792) (0.673)
Num. of kids ages 5-18 (CPS) —0.002 —0.932
(0.101) (0.138)
Num. of kids ages 5-18 (ATUS) —0.183 —0.383
(0.464) (0.379)
R squared (CPS) 0.083 0.149 0.219 0.147
R squared (ATUS) 0.155 0.242 0.174 0.169
p value of joint Hausman test 0.254 0.048 0.064 0.281
n of obs. 3889 3816 5602 5731

T
2
day hours are B, .

3 The standard errors are in parentheses.

'S

worked H;; = Xiﬁt +U;p fort =1,...,7.

between Bre and B, -

o

See footnote |[47|in the paper for more details.
The estimates based on the CPS recalled weekly hours are Bre; the estimates based on the ATUS diary

The R squared for impute estimator is the average R squared of the seven linear regression of daily hours
For each sample group, we conduct joint Hausman tests regarding whether there are significant differences

The other control variables are including age, age-squared, two education dummies, eight Census division

dummies, a metropolitan area dummy, race dummies, year dummies, occupation dummies and industry

dummies.
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Table A.7: Weekly Labor Supply Elasticity Estimates: the CPS and the ATUS
(Computer & Mathematical, Healthcare, Office & Administrative Occupations)

Panel A: Mean and std dev of hours and wage'

Married ~ Unmarried  Married  Unmarried
Men Men ‘Women ‘Women
CPS Usual Weekly Hours Worked 38.87 37.22 31.97 35.20
s.d. (7.12) (8.13) (10.68) (8.90)
ATUS Hours Worked on Interview Day 4.64 4.76 3.47 4.18
s.d. (4.57) (4.46) (4.01) (4.21)
ATUS Imputed Weekly Hours Worked 40.69 37.85 30.72 35.89
s.d. (lower bound)? (10.37) (10.63) (9.41) (9.67)
Hourly Wage (2017 US dollars) 21.91 17.79 19.39 17.01
Panel B: Elasticities (hundredths)?
Married ~ Unmarried  Married  Unmarried
Men Men ‘Women ‘Women
Wage (CPS) 6.61 13.78 13.65 9.22
(1.93) (1.88) (1.51) (1.32)
Wage (ATUS) 10.82 8.65 6.71 3.81
(6.39) (6.13) (4.02) (3.84)
Spouse weekly earnings (CPS) —1.67 —10.58
(0.97) (0.94)
Spouse weekly earnings (ATUS) —5.01 —7.20
(3.19) (2.62)
Num. of kids age < 5 (CPS) 0.77 —8.95
(1.10) (0.97)
Num. of kids age < 5 (ATUS) 5.15 —9.67
(3.54) (2.64)
Num. of kids ages 5-18 (CPS) 0.08 —3.26
(0.59) (0.51)
Num. of kids ages 5-18 (ATUS) —1.84 —2.77
(2.08) (1.43)
R squared (CPS) 0.13 0.19 0.22 0.12
R squared (ATUS) 0.42 0.40 0.18 0.18
p value of joint Hausman test 0.46 0.40 0.04 0.15
n of obs. 1227 1483 4224 4087

1

N

See footnote [47]in the paper for more details.
3

day hours are B, -

'S

The standard errors are in parentheses.

@ o

worked H;p = X/By + Uy for t =1,...,7.

-

between Bre and By, -

o

The elasticities are evaluated at the respective mean hours worked in each data source.

This table only contains the three occupations with the most observations in the ATUS (see Table [A.6).

The estimates based on the CPS recalled weekly hours are Bre; the estimates based on the ATUS diary

The R squared for impute estimator is the average R squared of the seven linear regression of daily hours
For each sample group, we conduct joint Hausman tests regarding whether there are significant differences

The other control variables are including age, age-squared, two education dummies, eight Census division

dummies, a metropolitan area dummy, race dummies, year dummies, occupation dummies and industry

dummies.
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Table A.8: Weekly Labor Supply Elasticity Estimates: the CPS and the ATUS

(Work-related Hours)

Panel A: Mean and std dev of hours and wage!

Married  Unmarried  Married  Unmarried
Men Men ‘Women ‘Women
CPS Usual Weekly Hours Worked 39.63 38.42 32.50 35.52
s.d. (6.13) (7.27) (10.44) (8.63)
ATUS Hours Worked on Diary Day 4.70 4.75 3.56 4.19
s.d. (4.55) (4.44) (4.01) (4.21)
ATUS Imputed Weekly Hours Worked 41.38 40.45 31.99 36.19
s.d. (lower bound)? (9.57) (9.80) (9.26) (9.69)
Hourly Wage (2017 US dollars) 21.88 18.65 18.70 16.56
Panel B: Elasticities (hundredths)?
Married  Unmarried  Married  Unmarried
Men Men ‘Women ‘Women
Wage (CPS) 5.39 11.38 15.89 11.72
(0.89) (1.06) (1.26) (1.07)
Wage (ATUS) 1.55 4.76 10.44 8.15
(3.35) (3.25) (3.32) (3.31)
Spouse weekly earnings (CPS) —0.19 —9.43
(0.41) (0.77)
Spouse weekly earnings (ATUS) —3.47 —5.80
(1.62) (2.12)
Num. of kids age < 5 (CPS) —0.80 —8.58
(0.48) (0.82)
Num. of kids age < 5 (ATUS) —1.03 —8.95
(1.90) (2.10)
Num. of kids ages 5-18 (CPS) —0.00 —2.87
(0.26) (0.42)
Num. of kids ages 5-18 (ATUS) —0.47 —-1.19
(1.12) (1.18)
R squared (CPS) 0.08 0.15 0.22 0.15
R squared (ATUS) 0.16 0.24 0.17 0.17
p value of joint Hausman test 0.26 0.05 0.06 0.28
n of obs. 3889 3816 5602 5731

[N

See footnote |47|in the paper for more details.

w

day hours are B, -

'S

The standard errors are in parentheses.

o u

worked H;p = X/By + Uy for t =1,...,7.

-

between Bre and 8, .

©

The ATUS hs worked in this table include all work-related hours.
7|

The elasticities are evaluated at the respective mean hours worked in each data source.
The R squared for impute estimator is the average R squared of the seven linear regression of daily hours

The estimates based on the CPS recalled weekly hours are fBrc; the estimates based on the ATUS diary

For each sample group, we conduct joint Hausman tests regarding whether there are significant differences

The other control variables are including age, age-squared, two education dummies, eight Census division

dummies, a metropolitan area dummy, race dummies, year dummies, occupation dummies and industry

dummies.
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Table A.9: Weekly Labor Supply Elasticity Estimates: the CPS and the ATUS (OLS)

Panel A: Mean and std dev of hours and wage

Married Unmarried Married Unmarried

Men Men Women ‘Women
CPS Usual Weekly Hours Worked 39.63 38.42 32.50 35.52
s.d. (6.13) (7.26) (10.43) (8.63)
ATUS Hours Worked on Diary Day 4.70 4.74 3.56 4.18
s.d. (4.55) (4.44) (4.00) (4.21)
ATUS Imputed Weekly Hours Worked 41.39 40.30 31.95 36.18
s.d. (lower bound)* (9.57) (9.79) (9.26) (9.68)
Hourly Wage (2017 US dollars) 21.88 18.65 18.70 16.56

Panel B: Elasticities (hundredths)?

Married Unmarried Married Unmarried

Men Men Women ‘Women
Wage (CPS) 5.24 10.99 15.31 11.47
(0.89) (1.06) (1.25) (1.07)
Wage (ATUS) 2.18 5.78 11.19 8.56
(3.21) (3.14) (3.21) (3.17)
Spouse weekly earnings (CPS) —0.26 —9.53
(0.40) (0.75)
Spouse weekly earnings (ATUS) —2.94 —6.75
(1.56) (2.02)
Num. of kids age < 5 (CPS) —0.80 —8.56
(0.49) (0.82)
Num. of kids age < 5 (ATUS) —1.07 —8.19
(1.92) (2.08)
Num. of kids ages 5-18 (CPS) —0.01 —2.87
(0.26) (0.42)
Num. of kids ages 5-18 (ATUS) —1.03 —1.26
(1.11) (1.17)
R squared (CPS) 0.08 0.15 0.22 0.15
R squared (ATUS) 0.16 0.24 0.17 0.17
p value of Hausman test 0.36 0.11 0.14 0.37
n of obs. 3889 3816 5602 5731

|

See footnotein the paper for more details.

The estimates based on the CPS recalled weekly hours are fre; the estimates based on the ATUS diary
day hours are B, -

M)

w

The standard errors are in parentheses.

S

The elasticities are evaluated at the respective mean hours worked in each data source.

o

The R squared for impute estimator is the average R squared of the seven linear regression of daily hours
worked H;y = X[By + Uy for t =1,...,7.

For each sample group, we conduct joint Hausman tests regarding whether there are significant differences
between Bre and By, -

-

The other control variables are including age, age-squared, two education dummies, eight Census division
dummies, a metropolitan area dummy, race dummies, year dummies, occupation dummies and industry
dummies.

30



Table A.10: Weekly Labor Supply Elasticity Estimates: the CPS and the ATUS (Year-
Month Grouped IV)

Panel A: Mean and std dev of hours and wage

Married Unmarried Married Unmarried

Men Men ‘Women ‘Women
CPS Usual Weekly Hours Worked 39.63 38.42 32.50 35.52
s.d. (6.13) (7.26) (10.43) (8.63)
ATUS Hours Worked on Diary Day 4.70 4.74 3.56 4.18
s.d. (4.55) (4.44) (4.00) (4.21)
ATUS Imputed Weekly Hours Worked 41.56 40.51 31.85 35.79
s.d. (lower bound)! (9.57) (9.79) (9.26) (9.68)
Hourly Pay (2017 US dollars) 21.88 18.65 18.70 16.56

Panel B: Elasticities (hundredths)?

Married Unmarried Married Unmarried

Men Men ‘Women ‘Women
Wage (CPS) 6.04 10.15 21.78 18.81
(2.68) (2.93) (3.97) (3.51)
Wage (ATUS) 0.00 1.59 —2.10 1.72
(11.17) (9.80) (12.23) (10.47)
Spouse weekly earnings (CPS) —0.18 —11.45
(1.27) (2.59)
Spouse weekly earnings (ATUS) 0.00 0.49
(5.84) (7.77)
Num. of kids age < 5 (CPS) —0.91 —8.86
(0.49) (0.82)
Num. of kids age < 5 (ATUS) —0.16 —8.52
(1.98) (2.11)
Num. of kids ages 5-18 (CPS) 0.02 —2.77
(0.26) (0.43)
Num. of kids ages 5-18 (ATUS) —0.87 —1.87
(1.14) (1.19)
R squared (CPS) 0.08 0.14 0.21 0.13
R squared (ATUS) 0.12 0.20 0.15 0.14
p value of Hausman test 0.60 0.39 0.04 0.09
n of obs. 3889 3816 5602 5731

)

o W

See footnote |47]in the paper for more details.

The estimates based on the CPS recalled weekly hours are Bre; the estimates based on the ATUS diary
day hours are B;,,-

The standard errors are in parentheses.

The elasticities are evaluated at the respective mean hours worked in each data source.

The R squared for impute estimator is the average R squared of the seven linear regression of daily hours
worked H;p = X Bt + Ujy for t =1,...,7.

For each sample group, we conduct joint Hausman tests regarding whether there are significant differences
between Bre and B;,, .

The other control variables are including age, age-squared, two education dummies, eight Census division

dummies, a metropolitan area dummy, race dummies, year dummies, occupation dummies and industry
dummies.
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Table A.11: Pearson’s Chi-squared Test for
Independence Between Diary Day and Other

Variables
Variables P-Values!
Wage decile 0.63
Spouse wage decile 0.87
CPS usual weekly hours worked? 0.58
Education 0.91
Num. of kids age < 5 0.61
Num. of kids ages 5-18 0.07
Age 0.46
Marriage status 0.68
Occupation 0.69
Industry 0.82
Metropolitan area dummy 0.83
Region 0.35
Year 0.55
Race 0.013

1 The null hypothesis is that the diary day is
independent of the corresponding variable.

2 The CPS recalled hours in our sample have only 76
different values, which is likely due to “bagging”
issue in recalled hours. We treat the recalled hours
as discrete variable in implementing the chi-squared
test.

Though the P-value associated with race is small,
Table[A12] below shows that there is in fact no sub-
stantial variation of racial composition across the
seven days of a week.

w

Table A.12: Proportion of Races Across Seven Days

Day  White Non-Hispanic Black Non-Hispanic Other Race Non-Hispanic Hispanic
1 0.64 0.15 0.05 0.16
2 0.63 0.17 0.05 0.15
3 0.63 0.15 0.05 0.18
4 0.67 0.15 0.05 0.13
5 0.61 0.17 0.05 0.17
6 0.64 0.15 0.05 0.17
7 0.64 0.15 0.04 0.17
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