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IDENTIFYING TREND AND AGE EFFECTS
IN SICKNESS ABSENCE FROM INDIVIDUAL DATA:
SOME ECONOMETRIC PROBLEMS*

ERIK BIORN

Department of Economics, University of Oslo,
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ABSTRACT: When using data from individuals who are in the labour force to disentangle the
empirical relevance of cohort, age and time effects for sickness absence, the inference may be biased,
affected by sorting-out mechanisms. One reason is unobserved heterogeneity potentially affecting
both health status and ability to work, which can bias inference because the individuals entering
the data set are conditional on being in the labour force. Can this sample selection be adequately
handled by attaching unobserved heterogeneity to non-structured fixed effects? In the paper we
examine this issue and discuss the econometric setup for identifying from such data time effects
in sickness absence. The inference and interpretation problem is caused, on the one hand, by the
occurrence of time, cohort and age effects also in the labour market participation, on the other
hand by correlation between unobserved heterogeneity in health status and in ability to work.
We show that running panel data regressions, ordinary or logistic, of sickness absence data on
certain covariates, when neglecting this sample selection, is likely to obscure the interpretation of
the results, except in certain, not particularly realistic, cases. However, the fixed individual effects
approach is more robust in this respect than an approach controlling for fixed cohort effects only.
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latent heterogeneity, bivariate censoring, truncated binormal distribution, panel data
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1 InTtrODUCTION

During the last two decades, the rate at which workers have been absent from work
due to sickness — absenteeism — has risen in several countries. Norway, for instance,
has seen a sharp increase, from around 4-5 per cent of paid hours in the early 1990s
to around 6.5 per cent in 2010. This rise has occurred despite general improvements
in self-reported health conditions. In a recent paper, Bigrn et al. (2010) have, by
exploiting individual data on long-term absence spells for virtually all workers in
Norway over a 13-year period, addressed this problem empirically, attempting, in
particular, to disentangle the empirical relevance of cohort, age and time effects
by means of “fixed effect methods”. It is obvious that the data available for a
study of this kind are potentially affected by sorting-out mechanisms because the
individuals entering the data set are conditional on being in the labour force. It may
be questioned whether this sample selection can be adequately treated by handling
unobserved heterogeneity through fixed effects, and whether suppressing individual
heterogeneity and instead conditioning on cohort or age is likely to accentuate the
bias in the estimation of time effects.

In this paper we examine this issue and discuss more thoroughly the economet-
ric setup for identifying from such data time effects in sickness absence while, as far
as possible, controlling for cohort/age effects and systematic sample selection. The
inference and interpretation problems arise, on the one hand, because of the occur-
rence of time and cohort/age effects also in the labour market participation, on the
other hand because unobserved heterogeneity which most likely affects both health
status and ability to work. Specifically, the modelling and inference should account
for these two latent variables being correlated. Running regressions — ordinary or
logistic — of sickness absence data on certain regressors, without accounting for this
sample selection, is likely to obscure the interpretation of the findings and make it
difficult to explain their message to non-specialists.

The content of the paper is organized as follows. In Section 2 a simple basic
model is formulated, explaining jointly degree of ability to work and degree of sick-
ness by time, cohort and age, accounting for the exact collinearity of the latter, as
well as individual heterogeneity. The modelling of unobserved heterogeneity and
its implication for the interpretation of the coefficients are discussed in Section 3.
Derived sickness probabilities are discussed in Section 4, where we emphasize the
distinction between conditioning on individual effects and conditioning on cohort or
age. Next, in Section 5, models treating degree of sickness as an observable quan-
titative variable are discussed, while in Section 6 models treating it as binary (sick
versus non-sick) are considered. In the two latter sections, selection bias problems
and ways of coming to grips with them are put in focus. Some concluding remarks
follow in Section 7.



2 NOTATION AND BASIC MODEL: HETEROGENEITY UNMODELLED

Let ¢ and t denote individual and time period (year) and let ¢; and a; be birth
cohort and age. The three variables are collinear, since by definition
(2.1) iy = t—c;.
Let 1{A} =1 and =0 if event A is true and untrue, respectively, and define
wy = 1{Individual i belongs to the labour force at time ¢},
si = 1{Individual 7 is reported sick at time ¢}.
Let also
w;, = Degree of ability to work, individual ¢, time ¢,
s;; = Degree of sickness, individual ¢, time ¢,
both quantitative and continuous, although not frequently observable in this way.
Regardless of whether (w};, %) are observable or latent, we postulate that they

depend on cohort, time, age, and latent heterogeneity (ul’, pf) as

(2.2) W}y = PuCi + Yot + dwai + 1 + €,
(23) 32} = ﬁsci + f)/st + 5sait + :uzs + éjt?
Eit i1, w s 0 o2 oy, _
e | D~ (5] 2 7 ]) =003

where €} and €}, are genuine disturbances. Whether or not the covariance matrix 3
is diagonal, i.e., whether o,,,=0 or #0, will be important for the selection bias issue.
Ways of modelling the latent individual effects (u, uf) and their consequences will
be discussed in Section 3.

We treat cohort, year and age as quantitative, but the terms involving these
variables in (2.2)-(2.3) and formulae derived from them can be easily replaced by
terms in cohort, year, age dummies — if desired. Specifically, we may extend t, ¢;, a;;
to (column) vectors of cohort, time, age dummies, and extend the scalar coefficients
and (B, Yw, 0w) and (5, vs, 0s) to (row) vectors of dummy coefficients, paying regard
to the definitional relationships between the dummies which correspond to (2.1).

Our primary objective is to identify s, in combination with S, or 5 if possible,
while controlling for observed and unobserved heterogeneity. Because cohort, time
and age are linearly related, confer (2.1), and the equations under consideration are
linear, the dimension of the equations must be reduced accordingly (2.2) or (2.3) is
confronted with data. As a starting point for the empirical modelling we therefore
can take either of the following versions of the equations:

(2'5) w:t = (ﬁw_éw)ci + (’Vw_"(sw)t + :U;'U + 5%
(Yar+Buw)t + (0w —Buw)ai + i’ + €
(Buwtvw)ci + (6w+Yw)ai + 1 + €if,
(2.6) Sip = (Bs—0s)ci + (Vs +0s)t + 1 + €
(Vs +Bs)t + (05— Bs)ai + p; + €5,
= (Bst+7s)ci + (0s+7s)ai + 11 + €5



3 EXTENSIONS: MODELLING SYSTEMATIC HETEROGENEITY

The latent effects are likely to be correlated with observed regressors, for instance
because norms with respect to labour force participation and absenteeism are cor-
related with cohort. Econometrically, a ‘norm’ is a latent entity, to be attached to,
‘proxied by’, observable variables to be of relevance. A simple way of formalizing
this is

(3.1) U =ty + A + 1V =y + A (t—ay) + V)7,

(3.2) wi = + Ao + V) = g + N (t—ay) + 7,

(3.3) [VV’;]Hci,t] ~ 1D qg , [:’i “Zg D = 11D(0, ),

and concurrently modify (2.4) to

(3.4) [51@ } I[ci,t, v, ] ~ 1D (8} , { % “;g D =1ID(0, ).

git Ows

Inserting (3.1)—(3.2) in (2.5)—(2.6), we obtain

(3.5) Wl = ay + (Bt w—0w)¢ + (Y0t + 1" + £l
=« (7w+ﬁw+)\ )t + (5w_ﬁw_>\w)ait + Vz'w + 5?;
= (5w+)\ +7w)cz (5w+’yw)ait + V;U + 5%)
(36) SZt = Qs + (ﬁs‘l’)\s_és)ci + (75+5s)t + Vf + Eft

+ (’}/S_‘_/BS_I_)\S){: + (68_/88_)\8)a"it + Vf + Eft‘
= o+ (ﬁs‘i‘)\s‘i_VS)ci + (6s+78)ait + Vis + gft

This stylized modelling of heterogeneity makes (5, 3s) unidentifiable, as it
implies that we in (2.5)—(2.6) must extend (B, ;) t0 (Bw+Aw, Bs+As) and replace
(e, uf) by (v, vf). In view of (3.3)—(3.4), the composite disturbances

(uzt7uzt> (V _'_gt?Vz _'_gzt)

have a vector error components form with components mutually orthogonal (e, L
v,, z=w,s) and orthogonal to both regressors, with standard deviations (7, 75) =
[(Ui—l—wi)%, (a§+w§)%], covariance T,s = Ous +wyws and correlation coefficient ks =
Tws/ [TwTs). We will to some extent stick to (3.1)—(3.4) as a way of modeling system-
atic heterogeneity on the following.

However, unobserved heterogeneity may be related also to other observable
variables than cohort, some of which time-varying, reflecting (gradual) changes in
‘norms’ (‘norm drift’); (3.1)—(3.2) may be argued to be too ‘simplistic’. Consider a
variant of (2.2)—(2.3) where uni-dimensional heterogeneity (u{’, i) is generalized to
two-dimensional heterogeneity (ud, pi3,) and (3.1)—(3.2) are extended to

1Y =y + A€ + YEt + 0L + v +52t ,
115, = Qg+ Nge; + VI + Sray + vf el



It is easy to show that this essentially implies extending (7,,, 0,5 Vs, 95) in (3.5)—(3.6)
to include (74, 8%, 4%, 0%), and (€%, €5,) to include (£, €¥), respectively.

w RN

Obvious, but important, conclusions so far are:

CONCLUSION 1: The interpretation of ‘time effect in absenteeism’ depend on
which mechanism determines the two kinds of unobserved heterogeneity and
whether cohort or age is the other control variable.

CONCLUSION 2: The time effects in absenteeism obtained from (2.6), with
(2.4) assumed, and with heterogeneity accounted for, i.e., ys+0s or vs+ Bs,
may be a more stable ‘structure’ — the equation has a higher degree of ‘auton-
omy’ — than the time effects according to (3.6), with (3.83)—(3.4) assumed, or
extensions of it. The latter, unlike the former, changes when the parameters
of (3.2) change.

4 SICKNESS PROBABILITIES

4.1  Threshold values for sickness and ability to work

As remarked, w}, and s}, in particular the former, may not be observable as con-
tinuous variables, while their qualitative counterparts — whether or not individual
i is in the labour force and/or is sick at time t — are usually known. Let w,§ be
unknown critical threshold values for the two continuous variables determining the
status ‘being in the labour force’ and ‘being reported sick’

w}, >w = Individual 7 is observed belonging to the labour force.

s}, >5 == Individual 7 is observed being declared sick by a doctor.

The work ability threshold @w may be time invariant or time dependent, in the
latter case capturing, inter alia, (worker) ‘norm drift’, the sickness threshold s may,
likewise, be time invariant or time dependent, in the latter case also capturing
(worker) ‘norm drift’ as well as drift in doctors’ norms or attitudes with respect
to issuing sickness certificates. We want to derive expressions for the corresponding
sickness probabilities. Let, as a start, ¢(u, v) be the joint density of the standardized
disturbances in (2.5)—(2.6), or in (3.5)—(3.6), i.e., (u,v)=(c¥ /0w, €5 /0s), or (u,v)=
(ul /Ty, us,/7s), and define, for arbitrary a, b,

(4.1) f(a,b) = Plu>a, v>b) = [ [F¢(u,v) dudy,
(4.2) g(a,b) = Po>blu>a) = = “ﬁua:; )> b _ f(f;(’ai)o -

In (2.5)—(2.6), while utilizing (3.1)—(3.2), it is convenient to define

(4 3) :U“;U* = (ﬁw_éw)ci + ,uzw = Qy + (5w+)\w_5w)0i + Viw>
' 1" = (Butyw)e + 1Y = aw + (ButAotYw)e + VY,

(4 4) pi = (Bs—ds)ci + i = as + (Bs+As—0ds)es + 17,
' 1T = (Bets)es + 13 = a4+ (Bs+ A +s)c + v



They can be interpreted as representing ‘gross individual heterogeneity’ inclusive of
cohort effects. Then (3.5)—(3.6) can be rewritten more simply as

(4.5) Wiy = (Yot Ou)t + 1 + €l = (Su+w)an + 1 + el
(4.6) sh = (Vs+0s)t + i 45 = (0s+7s)ai + ufT + &3

Combining these expressions with (2.5)—(2.6), using the definition of the binary
variables in Section 2, we obtain

w— (Vw_'_(sw)ait _MZU)Tv
5— (’ys_‘_(ss)ait _,Uer

W— (Y + 0w )t — ;"™
sp=1<=  s,>5<— €5 > 5—(ys+05)t— 5™

We introduce, in order to simplify notation, putting the kind of parameters
identifiable from binary response data (confer Section 6) in focus, two sets of rescaled
parameters, obtained by normalizing coefficients and thresholds against the relevant
disturbance standard deviations. The first is related to (2.5)—(2.6), the second to
(3.5)—(3.6), giving, respectively, ‘o-normalized’ parameters:

_ w wi
7w+6w _ w g Ky
(47) Ywoe = ) We = —, Hiwe = ’ IU;[U)U - )
Uw Uu} Uw Uw
_ Sx ST
78"’55 — S /J“Z /J“Z
(48) Vso = ) Soe = —, Mise = ) lu;rsd =
05 Us OS 05
and ‘T-normalized’ parameters:
(49) Ywr = y ﬁw'r - ) Wr = —,
Tw Tw Tw
S+58 5+)\5_55 _ ,§
(410) Vst = ! ) Ber = P ) Sr = —,
Ts Ts Ts

where, obviously, (10, 5;, Vwr, Vsr) are smaller (in absolute value) than (0, S5, Yuwe, Vso ).

We then obtain from (2.5)-(2.6)

(411) witzl <~ o

it
w

v

u_)o_fywcft_ru’iwcr = U_)U_fwaait_lu;er7
(412> Sitzl — % Z go_stcrt_:uiso = gcr_fysoait_,u;rgga

E]

and, likewise, from (3.5)—(3.6)

(413) wi=1 <= ?._Zt > w'r_’ywrt_ﬁw—rci = wT_(7w7+5wT)t+6wrait>
(414) sip=1<+—= “T_zt > 57_757t_55—rci = 57_(757+557)t+657-a'it-

!Possible smooth ‘norm-drift” in @w and 5 could be absorbed into (Yuwr, Ysr) OF (Ywe, Vso )-



4.2  Probabilities conditional on individual effects
Conditioning on individual effects, we can, using (4.1)—(4.2), (4.7)—(4.8) and (4.11)—
(4.12), express the probability of being sick unconditionally and conditional on being

in the labour force, as, respectively,?

(415) P(Sit:]';t’:uisa) ( 7801: :uzsa)

( f}/SUCth H’isa)’

( o fwat :uzwa’ S _’ySJt_IU“iSJ)
(w

= T
o™ Ywoliy — luiwa7 So _fYSUait_luisa)'

f
S
(416) P(Sit:1|wit:1;t?:““iwa’:uisa) g
9

If € and €}, are stochastically independent, then

g(wa_'ywat_luiwoa 54 _'VSat_,Uiscr)
= g(—OO, gU—VSUt_IU’iSJ> = f(—OO, ga_fysot_ru’isa)‘

4.3  Probabilities conditional on cohort or on age

Conditioning instead on cohort, or equivalently on age, we can, using (4.1)—(4.2),
(4.9)—(4.10) and (4.13)—(4.14), express the probability of being sick unconditionally
and conditional on being in the labour force, as, respectively,?

(4.17) P(sy=1;t,¢c;) = f(—00, 8 —Ysrt—B,.Ci)
= f(—oo,§T (787+687)t+557 zt)
(4'18> P(Sitzl‘witzl;tvci) = g( _T_Vth_ﬁwrcivST_VSTt_Bsrci)
( 7' (’yw‘l'_‘_ﬁw‘l')t_‘_/gwr zt? (78T+/88T)t+/857' zt)

If not only €}y and &3, but also v/ and v are stochastically independent, then

g(w‘r_’}/w'rt_ﬁwrcia gT_’ySTt_/BgTCZ')
= g(—OO, ET_/-}/STT’_/BSTCZ') = f(_OO7 gT_fYSTt_BSTCi)'

5 MODELS TREATING SICKNESS AS QUANTITATIVE.

In this section, leaving the probability expressions in Section 4, we return to the
setup presented in Sections 2 and 3 and consider three models with sickness as-
sumed quantitatively observable, say measured as the number of sickness days per
unit of time. All models condition on time or on age; otherwise they differ with
respect to the conditioning assumed: the individual effect (Section 5.1), the birth-
cohort (Section 5.2), the age (Section 5.3). Conditioning on age and on cohort give,
however, models which mirror models where the conditioning is on time and cohort.

We assume throughout that the observable variables are s}, w,,t, c;.

2Formally, the latter probability is conditional both on being in the labour force, and on unob-
served individual-specific heterogeneity in sickness and ability to work.

3Formally, the latter probability is conditional both on being in the labour force, and on the
observed cohort to which the individual belongs.



5.1  Conditioning on individual effect

Assume first that (p¥, uf) are treated as fixed effects and, accordingly, that the het-
erogeneity submodel (3.1)—(3.3) is ‘suspended’. It follows from (2.4)—(2.6) and (4.6)
that only vs+ds and the composite parameters u* defined in (4.4) can be identified.
With respect to the sample, we distinguish between two cases:

[A] If the sample were not censored by labour force participation, the sick-leave trend
estimated by regressing s, linearly on (¢, ui*), would have been 7545, since then

(5'1) E($Z|t7 MT) = (78+5S)t + g

[B] If the sample is censored by labour force participation, the sick-leave trend we
actually estimate differs from v,+09,. We have

(5.2) E(silwa =1, 17") = (ys+0s)t + 117" + E(ei|wa =18, 11").

This equation exemplifies a bivariate sample selection model, whose last term ac-
counts for the sample selection; see, e.g., Cameron and Trivedi (2005, Section 16.5.3).
This model type is sometimes referred to as Amemiya’s ‘Type 2 Tobit Model’; confer
Amemiya (1985, Section 10.7).

In the binormal case, where
¢(u,’l}) = (27T)—1(1_p2)—%6_%(u2_2pu1)_|_q)2)/(1_p2)’

we can express E(e5|w;=1;t, uf*) analytically as follows. Letting ¢(-) and ®(-) be
the univariate normal density and c.d.f., respectively, we get, by exploiting ¢'(u) =
—u(u), E(vlu) = pu, and E(ula < u <) = [6(a) — 6(8)]/[2(b) - @(a)] [see, Johnson,
Kotz and Balakrishnan (1994, Section 10.1) or Bigrn (2008, Appendix 8A)]:
¢(a)—¢(b)

. E <u<b) = p—-i>t 2
(53) la<ush) = pEi =S,
and also that, for any a,

¢(a) cb(—a)

5.4 Aa) = = ,
(5.4) (a) (a) 5(—a)
(5.5) N(a) = —¢(a) = —A(a)[Ma)+al.

Therefore, if (¢¥,¢5,) are binormal, letting p,,, =0,s/(0,0,) and using the ‘o-

normalized’ parameters (4.7)—(4.8), we obtain

(5.6) Eeilwi =1, ;") = Eleqlei 2 @ — (yw+du)t =13 1, ci
- USE(€ oiz Z wa - 'Vwat_,uiwa; ta Ci)
- pwsask(ywat_wo_'_:uiwo)‘

Inserting (5.6) in (5.2) we obtain

(5.7) E(siilwa =151, 11;") = (Ys+05)t + 15" + s A Vawot = Wo - fj)
= 0s h/sot + lu’iscr + pwsk(ywat_wo_'_:uiwo)]'



Hence, utilizing (5.5), we find that the correct sickness trend, allowing for the sys-
tematic censoring, is, in general, non-linear and given by
(5.8)  OE(sjlwa=1;t, ;") /Ot = Y5+ 05 + PusTONYuot —Wo + i) /O

= 05 [Vs0 = YwoPusE (Ywot = Wo + gy, )]

If p,. # 0, i.e., if the genuine disturbances in (2.2) and (2.3) are correlated, the
sickness trend (5.8) depends on o, Vue, W, and p,,,. Hence, when p,, # 0, the
correct trend will be individual-specific.

What can be said about the sign of the last component in (5.8)7? First, (5.5)
implies that (Yot —Ws+ ;) 1s likely to be positive. Second, assume that some
common unspecified factors lead both to absenteeism and drop-out from the labour
force and hence p,s <0. Third, assume that the trend in inclusion into (exclusion
from) the labour market is negative (positive), i.e., 7,0 <0. Hence, (5.8) most likely
implies that OE (s}, |w;=1;t, ¢;, puf) /0t < vs+0s.

CONCLUSION 3: If the sample is censored by labour force participation and

Puws 7 0, the (theoretical) regression E(sh|wy = 1;t, us*) s, in general, non-

linear in (t,us*). Its form depends on the coefficients of (2.5) and (2.6) as

well as the distribution of €}y, €5, as expressed by (5.7) in the binormal case.

A linear regression of s, on (t,us*) will result in biased estimation of the
composite sickness trend coefficient o4vse =7s+0s and the composite individual
effects pi*. If p,,s =0 the bias disappears: OE(s}|wyy=1;t, ui*) /Ot = 05Vso =7Yst+
ds. In the latter case, (2.5)—(2.6) form a recursive structure, conditional on the
individual effects: first labour market participation is decided, next sickness is
determined. Conditional on the individual effects, there are no latent elements
bringing feedback from the latter to the former.

5.2  Conditioning on birth-cohort

Assume next that heterogeneity modeled as (3.1)-(3.2) is part of the model, and
let ¢; be the conditioning variable in addition to ¢. It follows from (3.3)—(3.6) and
(4.6) that only vs+0s and Bs+As—0s (or one-to-one transformations of them) can
be identified. With respect to the sample, we again distinguish between two cases.

[A] If the sample were non-censored, the trend coefficient we would have estimated

by regressing s, linearly on (t, ¢;) would have been 7445, since then

(5.9) E(siilt, i) = o + (3s+05)t + (Ba+As—0s) i

[B] If the sample is censored by labour force participation, the trend coefficient ac-
tually estimated by regressing s, on (¢, ¢;) differs from v5+95. We have

(5.10) E(sjy|wie=1;t,¢;) = gt (Vs+05)t+ (Bs+As— 05 ) i+ E(ui | wi =13 ¢, ;).
This equation exemplifies again a bivariate sample selection model, whose last term

accounts for the effects of the sample selection on the expected response variable.
Now, however, the origin of the selection is the composite disturbance u;, =v;+<;,.
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Assume in addition that (g¥,e) and (v,v) are binormal, implying that
(ul, us,) are binormal with standard deviations (7, 7s), covariance T,s and cor-
relation coefficient k5. From (5.3), (5.4) and (5.10), introducing the ‘r-normalized’

parameters, (4.9)-(4.10), we then obtain

(511> E(S;'kt‘wit: 17 t, Ci) = O‘s_'_(fys—i_és)t—i_(ﬁs+>\s_5s>ci+/€ws7—s>\(7w7t+ﬁwﬂ-ci_U_JT)
=5+ T hﬁth_l—ﬁSTci+"€ws)\(7w7't+5w'rci _wT)L

where k,,,#0 if at least one of o,,, and w,,, is non-zero. We then find, in a similar
way as (5.7), that the correct trend and the correct cohort effects are, in general,
non-linear and given by, respectively,

(512)  OB(sjlwu=L;t,c:) /Ot = Yotdu+ Kuns DAYt + Buor i —07) /Ot
= Ta[Ysr = Ywr KusE (Yurt + Burc; —0,)],

(5.13) OE(sh|wy=1;t,¢;)/0c; = BsANs—0s+ KuwsTsONVaprt + BurCi — W0, ) [ Oc;
= 75[Bsr — BurFuws€ (Vwrt + Burci — 7))

If k,,# 0, both derivatives depend on 7, Vyr, Bwr and w,, which implies that the
correct trend is cohort-specific, while the correct cohort effect is time-varying.
What can be said about the sign of the last components in (5.12) and (5.13)7
First, (5.5) implies that &(vu,t+ Buwrc; —w,) is likely to be positive. Second, as-
sume [1] that some common latent individual-specific factors lead to absenteeism
and drop-out from labour force and hence w,s < 0, or [2] that some unspecified
time-varying factors also lead to absenteeism and drop-out from labour force and
hence 0,5 <0. Together, [1] or [2] suggests ks <0. Third, assume that the trend in
inclusion into (exclusion from) the labour force is negative (positive), i.e., Y, <O0.
Hence, (5.12) implies that OE(s},|wi: =1;t, ¢;) /0t <yst+s.
CONCLUSION 4: If the sample is censored by labour force participation, the
(theoretical) regression E(sf|wy = 1;t,¢;) is, in general, non-linear in (t,c;).
Its form depends on the coefficients of both (2.2)-(2.3) and (3.1)-(3.2), as well
as the distribution of (u¥,us,), as expressed by (5.11) in the binormal case. A
linear (empirical) regression of s3, on (t,c;) will result in biased estimation of
the adjusted trend coefficient vs+ds. If both 0,,=0 and w,,,=0 hold, implying
Kws = 0, the biases disappear: OE(sh|wy = 1;t,¢;)/0t = Toysr = Vs + 95 and
OE(s}|wi = 15t,¢;)/0c; = Tsfsr = Bs+As—0s. In the latter case, (3.5)—(3.6)
form a recursive structure, unconditional on the individual effects: first labour
market participation is decided, next sickness is determined. Conditional on

cohort, but unconditional on the individual effects, there is no feedback from
the latter to the former.

5.3  Conditioning on age
Assume again that (3.1)—(3.2) are part of the model, and let ¢ and a; be the con-
ditioning variables. It follows from (3.3)—(3.6) and (4.6) that only s+ s+ As and
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ds—Bs—As (or one-to-one transformations of them) can be identified. With respect
to the sample, we again distinguish between two cases.

[A] If the sample were non-censored, the trend coefficient we would have estimated
by regressing s, linearly on (t, a;;) would have been vs+8s+\s, since then

(5'14) E(S;{t|t> ait) = a5 + ('Vs‘l’ﬁs‘l’)\s)t + (58_65_)\5)%%-

[B] If the sample is censored by labour force participation, the trend coefficient ac-
tually estimated by regressing s¥, on (¢, a;) differs from ~y,+ B+ ;. We have!

(515> E(S;'kt|wit:1; t7 ait) = as+ (Vs+ﬁs+>\s>t+(5s_ﬁs_>\s>ait+E(uft‘witzl; t, ait)-

From (5.3), (5.4), (5.15) and (4.9), we obtain, in the binormal case,

(516) E(sft|w,~t = ]_, t, ait) = O + (75+55+)\8)t + (58—55—)\5)ait
+ stTsA[(fYWT_'_/B’LUT)t_/BU)Tait_wT]'

The correct trend and the correct age effects therefore become®

(5.17) OE(s}|lwiy=1;t,a:)/0t

= Y5+ Bs+As + KuwsTsON(Yuwr + Bur )t — Burair — 7] /O

=7 [(Vsr +Bsr) — (Ywr +Bur) Kws§ [ (Ywr + Bur )t — Bur @it —07]]
(5.18) OE(sj|wi=15t,a;)/0a

= 05— Bs = A+ Bus TsON[(Yawr + Bur )t = Bur @it — W07 | [ Oay

= T [~ Bor + Burbiws& [(Ywr +Bur )t — Burai— 7]

If k,, # 0, both derivatives depend on 7y, Yur, Suwr and w,, which implies that the
correct trend is age-specific and the correct age effect is time-varying.

CONCLUSION 5: If the sample is censored by labour force participation, the
(theoretical) regression E(s},|wy=1;t,a;t) is, in general, non-linear in (t, a;).
Its form depends on the coefficients of both (2.2)-(2.3) and (3.1)-(3.2), as
well as the distribution of (ul,us,), as given by (5.16) in the binormal case.
A linear (empirical) regression of s§, on (t,a;) will result in biased estima-
tion of the actual trend coefficient vs+ Bs+ As and of the adjusted age coef-
ficient 05— s — As. If both o,, =0 and w,, =0 hold, implying k,, =0, the
biases disappear: OE(si|wy = 1;t,a4)/0t = Ts(Vsr + Bsr) = Vs + Bs +As and
OE(sh|wy = 1;t, ) /0ay = —Tsfsr = 05— PBs—As. Then (3.5)—(3.6) form a
recursive structure, unconditional on the individual effects. Conditional on
cohort, but unconditional on the individual effects, there is no feedback from
sickness to labour force participation.

4This equation, of course, mirrors (5.10).
®These equations mirror (5.12)—(5.13).
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6 MODELS TREATING SICKNESS AS DICHOTOMOUSLY OBSERVABLE

6.1  General remarks

Having explored the situation where the degree of absenteeism, s7,, is assumed to be
recorded quantitatively, we next consider models where absenteeism is assumed to
be recorded qualitatively (dichotomously). This may sometimes be a more realistic
assumption. Or even if continuous observations are available, the analyst may want
to exploit it only dichotomously for ‘institutional’ reasons, because of measurement
problems which may plague the data collection, suggesting a need for ‘robustifying’
the results, etc. This corresponds to the approach of Bigrn et al. (2010). With
respect to the sample, we distinguish between cases [A] and [B], as in Section 5.

[A] Data for all individuals, whether in the labour force or outside, are in the sample.
Then we could want to make inference on trend effects in the sickness probability
from (4.15) or (4.17). If we base inference on (4.15) when (3.1)—(3.2) are part of
the data generating mechanism, using standard binomial logit or probit analysis —
and hence conditioning on ¢; or a; — we would estimate 7-normalized coefficients.
If we base inference on (4.17), using binomial logit or probit analysis — and hence
conditioning on y,,, — we would estimate o-normalized coefficients.% Derivatives of
the (log-)probabilities, ‘marginal effects’, could be estimated from either.

[B] The sample is only from individuals being in the labour force. Then, to obtain
valid inference on trend effects in the sickness probability, we should account for
the implicit censoring. Again, we could only obtain inference on 7- or g-normalized
coefficients. Since the relevant sickness-absence probabilities underlying our binary
response data are conditional on w; =1, they are of the form (4.16) or (4.18). When
conditioning on ;. (,ujsa), we obtain more robust inference on the trend in the
sickness probability than when conditioning on ¢; (a;).

To see this we differentiate the relevant expressions for the conditional log-

probability of absenteeism with respect to time and the other relevant covariates.
Let W, (u; 0)= [, ¢ (u,v)dv and ¥, (v;a)= [ ¥ (u, v)du, and write (4.1) as

(6.1)  fla,b)= [ Wy (u;b)du= [, V,(v; a)dv => {gﬁij Z%gcbl: :\\Ilfl: ((l?;;ab))-’

Now differentiation of (4.2) gives

(6.2) ag((;;, b _ —g(a,)Ga(a,b) <> alngig"b) = —Ga(a,b),
(6.3) % — —g(a,b)Gy(a,b) mngig“’“ = —G,y(a,b),

In both cases the non-normalized coefficients are non-identifiable when only discrete informa-
tion is exploited since no metric for (w}, sf;) and (w, §) is exploited.
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where

Co(ap) = L@t Wulaimoo) Jrele)dy [ e
a(@, fla,0)  fla,—oc0)  [Z[Z¢(u,v)dudv [ ¢(u,v)dudv
_ Yu(bia)  [Z(u,b)du
et = fla;b) N famfbm¢(u>v)du dv

6.2  Conditioning on individual effect
It follows by combining (6.2)—(6.3) with (4.16) that the derivative of the log-probability
of absenteeism with respect to time is
(6.4) OIn P(sy=1wuy=1;1, ttjy,s Mise) /Ot
= 0In g(Wo —Yuwol = Hiwe: So = Vsol — Hisy) /O
= ”Yschb(wo_”chrt_,inm _U_’Vsot_:uiso)
+ Yuo Ga(Wo = Yuwol = Hiwg: So = Ysol = Hise)-

The first term after the last equality sign represents the direct effect of the trend
in absenteeism — mirroring the effect of the trend term in (2.6). It is positive when
Vso > 0 since Gp(Woe—Ywo ;s So—Ysol—H;se) 1S Positive. The second term represents
the indirect effect, via the trend in the ability to work and dropping out of the labour
market — mirroring the effect of the trend term in (2.5). It is negative if 7,, <0,

since Go(Wo —Yuwol — Mines So —Vsol — lisy) 18, most likely, positive.

6.3  Conditioning on cohort or age
Combining (6.2)—(6.3) with (4.18), it follows, likewise, that
(6.5) OInP(sy=1|wy=1;t,¢;)/0t
= 0 g(Wr —Yurt =B, msa_%Tt_ﬁs—rCi)/at
= VsrGo(Wr —Yawrt —Bur €y 87— Vsrt —B:6;)
+ YwrGa(Wr = Yurt = ByrCsy S = Ysrt = ByrC;),
(6.6) I P(sy=1|wi=1;t,¢;)/0c;
= (91ng(wr Ywrt —Byr mso_%rt_ﬁs—rci)/aci
= BerGo(@r —Yurt =B Ciy 87 —Yort = fr i)
+ BurGa(Wr =Yorl = BurCi, S = Ysrt = Bor;),

or equivalently
(6.7) Oln P(sy=1|wy=1;t,a;)/0t
= Ol g(@r = (YurtBur )t + Byt 5o = (YortBor )1+ B0 ) [ OF
= (Ysr+Bsr) Gy (07— ('Vwr‘l'ﬁwr)t“‘ﬁuw @iy, S (757+5sr)t+537 it)
+ (Yor +Bur)Ga (W07 (”er"‘ﬁwr)t"‘ﬁwT Uity 50— (VortBsr )+ Borayy)
(6.8) Oln P(s;y=1|wy=1;t,a,)/0a,
= 0In g(W0r — (YowrtBur )t +Bur iy, 50 (”YsT‘f‘ﬁsr)t‘i‘ﬁsr i)/ Oa,
—Bsr Gy (W, — ('Vwr‘l‘ﬁwr)t“'ﬁwr Aty S (’757+ﬁ87)t+557 zt)
— BuwrGa(0, (”er"‘ﬁwr)t"‘ﬁwT Uiy, S0 — (VertBsr )T+ Bortiyy)-
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Again, the first terms after the last equality signs represents the direct effects, while
the second terms represent the indirect effect, via the ability to work and dropping
out of the labour market.

6.4  The recursive case and a synthesis

It is illuminating to compare the last five expressions with those obtained when the
structure is recursive, i.e., pys =0 or 7,,,=0. We then have g(a,b) = [~ ¢(v)dv =
1—®(b), which imply:”

Ga(a,b) =0, Gyla,b) = = 5 = Y

Then (6.4)—(6.8) are simplified to

Puws =0 (Recursivity conditional on individual effects) —
IP(sy=lHwa=1;t, fhios Pisy) _ OMP(sa=13t, f1;,,)
ot B ot

Tws = 0 (Recursivity conditional on cohort) —>

OlnP(sy=1|lwy=1;t,c;)  OlnP(sy=1;t,¢;)

= 780')\(780'.[:_‘_#2'80' _50)7

= fySTA(fySTt—i_BSTCi - gT)’

ot ot
InP(s;=1|lwy=1;t,c; InP(siy=1;t,¢; _
O P(sy=1|w; ¢i) _ OnP(sy C>=5ST>\(%J+BST0@'—ST),
8Ci 80@'

Tws = 0 (Recursivity conditional on age) -

OnP(sy=1|lwy=1;t,a;)  OnP(sy=1;t,a,)

- (787""687’))\((757 _I'ﬁsr)t - ﬁs—ra'it - §T))

ot ot
n (S t |w t a t) _ 1 (S ! a t) = —557)\((757+557)t_657ait _ST)‘
8ait aa'it

CONCLUSION 6: When we condition on (a) the individual latent heterogeneity
or (b) cohort (or age) only, we should account for sample truncation when for-
mulating the appropriate response probabilities as functions of covariates and
likelihood functions for estimating trends in absenteeism, except when o, =0
(in case (a)) and wy,s = 0ws = 0 (in latter case (b)). The correct form of
the likelihood function will, in the general case, reflect the mizture of discrete
choice and sample truncation.

7 CONCLUDING REMARKS

We have in this paper presented a simple model framework for analyzing jointly
degree of sickness and degree of work ability with two kinds of latent heterogeneity

"If u, v are independent = 1 (u,v) =¢(u)p(v), f(a,b)=[1-®(a)][1-®(b)], g(a, b) = [1-®(b)] V a,
where ¢(u) and ®(u) are the univariate density and the c.d.f. of u or v [confer Section 4.1], then
Wy (u;b) = [1=0(b)]p(u), ¥y (v; a) = [1=(a)]¢(v), and hence Gy(a,b) = 0, Gy(a, b) = ¢(b)/[1-2(b)].
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interacting, one related to absenteeism (sickness absence), the other related to abil-
ity to work. Obtaining valid inference on trend effects has been the main focus of
the paper. Sometimes also cohort effects or age effects can be uncovered. We have
shown that correlation pattern of the two kinds of latent heterogeneity is impor-
tant. Treating the two decisions as recursive may not be always be the answer, and
neglecting the sample selection may obscure the interpretation of the coefficients
estimated.

An overall conclusion, somewhat related to and extending conclusions derived
for bivariate ‘Tobit models’ in literature, is that when we stick to linear regression,
the conditions which need to be satisfied for estimated composite trends (time ef-
fects) to be unbiased are stronger when the other covariate (conditioning variable)
is cohort or age, than when we condition on individual effects (and, by implica-
tion, eliminate any relationship between individual heterogeneity and cohort). In
the former case, the genuine disturbances in the underlying sickness equation and
work ability equation should be uncorrelated. The latter case, a kind of ‘double
recursivity’ should hold: both the genuine disturbances and the latent individual
effects in the two equations should be uncorrelated. Inference on sickness absence
trends obtained by linear regression with fixed individual effects (additive shifts in
the intercept) included, may therefore be characterized as more robust than that
obtained when including only cohort or age as regressors and throwing all hetero-
geneity into (gross) disturbances. Essentially, these conclusions also carry over to
the case where absenteeism is only observed dichotomously.

Natural, and rather straightforward, extensions, not elaborated in the paper,
could be to replace the time, cohort and age variable by corresponding time, cohort
and age dummies. Genuine ‘economic regressors’ could also be included, formally
as extensions of the models’ intercepts, except that no such regressor could be in-
dividual specific, in order to avoid perfect collinearity with the individual effects.
Neither could, for a similar reason, time specific regressors be included in models

where time dummies replace the continuous time variable.
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