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Abstract

The objective of this paper is to estimate the effect of diabetes on labor market exit using
longitudinal data from the 1992-2010 Health and Retirement Study (HRS). We estimate a
discrete time hazard model to test whether diabetes affects the hazard of leaving employment
among individuals who were working for pay at the age of 55-56. Using a probit model, we also
estimate the effect of having undiagnosed or poorly controlled diabetes on the probability of
labor market exit two years later. Our results indicate that diabetes is associated with an
increased hazard of exiting the labor market for both males, but not for females. This effect
persists when we include controls for onset of other health conditions, two of which are
documented complications due to diabetes (stroke and heart conditions). We also find diagnosed
diabetes with medication use, regardless of whether it is under control, is associated with large
negative effects on the likelihood of employment two years later.
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1. Introduction and Background

As the US population ages, there is increasingewnamong policymakers about the
economic burden of chronic disease (Parekh & Ba206®0). In 2010, there were about 40.2
million people over age 65 in the US; by 2050, gtze of this group is projected to more than
double to about 88.5 million people (Vincent & Vetk 2010). Most individuals over age 65
have at least one chronic disease, and a signifpraportion of the elderly live with multiple
chronic diseas€e’s.Many studies document that individuals with clicalisease, particularly
those with multiple conditions, are heavy userbedlth services, face high out-of-pocket
spending for medical care, and are a driving firxeleind Medicare spending (Paez et al., 2012;
Joyce et al. 2005; Thorpe, 2012; Vojta et al., 2018creasingly, researchers have documented
that, in addition to these direct costs of chratigease, there are likely to be important indirect
costs. In particular, recent studies in econonticswsthat health is an important determinant of
individuals’ decisions about employment, particlylas workers near retirement age (Garcia-
Gomez et al., 2010; Jones et al., 2010; Miah & @iGok, 2007; Disney et al., 2006).

The objective of this paper is to estimate theaftd diabetes on exiting employment
among older Americans using longitudinal data ftbe1992-2010 Health and Retirement

Study (HRS). We focus on diabetes because themsisis a leading cause of morbidity,

1 Data from the 2008 Health & Retirement Study (HRS)ationally representative survey of older aduitthe US,
indicate that 92 percent of individuals aged 65 awvet self-report at least one chronic health cioali and 17
percent self-report having four or more chroniedises (Hung et al., 2011). The most common chdiséases in
the 2008 HRS population aged 65 and over are tstfB6%), hypertension (60%), heart conditions%3,1and
diabetes (19%) (Hung et al., 2011).



disability, and mortality in the U.S (Sloan et &008; Vojta et al., 2012), and the prevalence of
diabetes is rising (Geiss et al., 2002; Engelgal.e2004). The Centers for Disease Control and
Prevention (CDC), based on data from the Natioredlth Interview Survey (NHIS), estimate
that the age-adjusted prevalence of diagnosedtésibereased from 3.7% in 1980 to 7.7% in
2008 (CDC, 2011).

Recent work indicates that diabetes has importi#@tts on labor market outcomes.

Most of these studies have been based on eithgs-sextional data sets or on longitudinal data
sets analyzed using cross-sectional data analgibads. In many papers, the focus has been on
addressing the potential endogeneity of diabettasin the context of a model of labor market
outcomes. For example, Latif (2009), using Canadeta, Minor (2011), using the 2006 NHIS,
and Brown et al. (2005), using data on Mexican-Aoaars from the Border Epidemiologic

Study on Aging, all examine the effect of diabetardabor market outcomes using cross-
sectional data. They use instrumental variablehoas to account for the potential endogeneity
of diabetes with respect to labor market outcormfs.results show that diabetes has detrimental
effects on labor market outcomes, but the resualtg oy gender.

In addition, Minor (2013), using data from the NLB¥ reports that Type Il diabetes
reduces the likelihood of being employed for maed females, and also reduces wages for
males in some specifications. In this paper, thhalhas data on siblings, and thus can address
the potential for unobserved family-specific hetgnoeity by including family fixed effects in
some models. Fletcher & Richards (2012) use fiata the National Longitudinal Study of
Adolescent Health (Add Health) and find that selfaorted diabetes among young adults
(reported during Wave 4 of Add Health) is assodaté&h worse contemporaneous educational

and labor market outcomes.



Two other recent papers use the HRS, as we deiprésent study. Vijan et al. (2004)
use data from the 1992-2000 HRS and find that lgpstiabetes in 1992 is associated with
increased risk of retirement, disability, and waldsences between 1994 and 2000. This
analysis, however, relies on standard OLS regresaigthods, and does not use methods that
allow one to account for the dynamic nature oftreteship under study. This study therefore
cannot account for incident cases of diabetesat@air between 1994 and 2000, a critical time
period during which many middle-aged and oldervittials in the HRS are diagnosed with
diabetes. Similarly, Tunceli et al. (2005) use deden two waves of the HRS and, using
standard probit models, show that having diabetd992 lowers the probability of working for
pay in 1994 for both males and females.

In this paper, our main contribution is we estimatdiscrete time hazard model in which
we test whether diabetes is associated with thartladf leaving employment among individuals
who were working for pay at the age of 55-56. Tdpproach has two important advantages in
our context. First, we can account for duratiopefelence and for the effects of time-varying
covariates — specifically, health shocks such estiset of diabetes — on labor market exits.
Second, we can take into account censoring of agens that occurs either because we don’t
observe the completion of a spell, or becausetofiah due to dropping out of the HRS survey.
The HRS includes self-reported diabetes informatsnwell as biomarkers for diabetes in the
2006 and 2008 surveys. Using this informationcae study both the effect of new onset of
self-reported diabetes, as well as the effect dfagnosed and poorly controlled diabetes, on
labor market exits. This is a second contributbthis study to the existing literature on

diabetes and labor market outcomes.



Previous research primarily has relied on instruiaderariables strategies to address the
potential endogeneity of an individual's diabetigiss. In our context, the main potential source
of endogeneity is likely to be onset of other Healtnditions that occur at the same time as
diabetes onset. To address this issue, we ineuibd set of control variables in our models
which capture the onset of many other chronic dwm that may be associated with diabetes
onset. Also, our models include random effectsajoture unobserved, time-invariant
heterogeneity. Although we cannot rule out thesfmlity of confounding by other unmeasured,
time-varying events that are correlated with diebeinset, we have drawn on the extensive data
available in the HRS to reduce the likelihood a$ goroblem.

Our results based on self-reported diabetes infoomandicate that onset of diabetes is
associated with an increased hazard of exitindaber market for males, but not for females.
Although we include onset of other health condgiamthe models, two of which are
documented complications due to diabetes (strodléhaart problems), and all of which directly
affect labor market exit, the hazard of exit frdme tabor market associated with diabetes
remains large and statistically significant for egalWhen we combine self-reported information
with diabetes information from biomarkers, we fihat both controlled and poorly controlled
diabetes are associated with reductions in théHied of working for pay two years later.

Lack of effective diabetes management, therefaresdhot appear to be an important factor

influencing older individuals’ decisions about emphent.

2. Methods
To estimate the effect of diabetes onset on latarket exit, we use a discrete time

hazard model, an approach similar to that of Jehes (2010) and Garcia-Gomez et al. (2010).



The discussion below follows Garcia-Gomez et &)1(® closely. We start with a sample of
HRS respondents who are working for pay at thech®®-56. Over time, HRS respondents may
stop working for pay due to retirement, unemploytpdisability, or death, or they may be
censored. Censored respondents are those whe &tirit the sample for reasons other than
death, and respondents who continue working coatigly throughout the study period. We
also consider respondents reaching age 67-68 ¢ersored since the determinants of labor
force participation are likely to be distinct pést typical retirement age. We estimate the
association between onset of diabetes and labce foxit for any reason — retirement,
unemployment, disability, or death. We model an individual’s duration in employmesing a
hazard function which represents an individual’'sdibonal probability of leaving employment
at time t, conditional on staying in employmentiltime t. Specifically, an individual i’'s
discrete-time hazard of leaving employménftt) , is defined as:
hi(t) = P[T; = t|T; = t; x;¢] 1)

whereT; and t are discrete measures of time (i.e. integgnesenting survey waves) arydis a
vector of covariates, which may be time-varyindiore-invariant.

We define a dummy variable, = 1 if t=T; and the individual i is not censored, and

vt = 0, otherwise. The log-likelihood function can bettem as (Jenkins, 1995):

i hi(k i
logL = Tis Tity ielog oo + Ty Ty log(1 — hi(k) e

Following Garcia-Gomez et al. (2010), Jones et24110), and others, we specify a
complementary log-log hazard rate. That is, theatdfunction for each individual i for spell

year t is written as follows:

21t would be useful to examine these categoriesragglg, but we lack adequate sample size. In ampe, the
number of respondents who exit to apply or rec&88¢DI is n=121 for males and n=130 for females.



hi(t) = 1 —exp(—exp[c(t) + ¥Dy_q + B'xie + uie]) 3)

whereD; ._; is a dummy variable representing the individudiabetes status in period t-1. In
other words,D; ., = 1 if an individual i reported having been diagnoseth diabetes in period
t-1, and is 0 otherwise. In our main specificatjoms use a lagged measure of diabetes to reduce
the likelihood of reverse causality (work statugeting diabetes), but we also consider
measures of current diabetes in alternative spatifins. The expression c(t) is the baseline
hazard function. We specify a non-parametric basdiazard function c(t) as a step function, by
using dummy variables to represent each time pehiwohg which individuals are at risk of
exiting the labor market.

The discrete time hazard model directly addredsesight-censoring problem, but not
the left-censoring problem. That is, the initislmktes spell at t=0 in the sample period has no
known starting point. To deal with this issue, wge self-reported information in the HRS on
the age of diabetes onset and include as covarmatdsmodels control variables capturing
“number of years since diabetes onset.” This aggras similar to the approach used by Garcia-
Gomez et al. (2010) to address the initial condgiproblem.

Because unobserved heterogeneity is a potentiblggm we further extend this model to
the random effects complementary log-log model cWwiallows for Corr(u;:, u;s) # 0 when
t #s. The model is based on the assumption thatrtbleserved heterogeneity is normally

distributed with mean zerb.Using a likelihood ratio test, we test the nylpbthesis that

3As a sensitivity check, we also estimated a madelhich the unobserved heterogeneity is assumbd gamma
distributed. This model does not include covasdatther than the main diabetes measures due t@@ance
issues in the female sample. However, the findimgse very similar to the same model estimated utioe
assumption that the unobserved heterogeneity wasatly distributed. We fail to reject the null toghesis of no
heterogeneity in both the normally distributed #melgamma distributed models. Thus, the assumpfion
uncorrelated random effects is not critical in oantext.These results are available upon request.



heterogeneity is zero. We note that a limitatibthes approach is that the random effects are
assumed to be uncorrelated with the explanatoighias, including the measure of diabetes.
We also have information on diabetes biomarker$if®S respondents in the 2006 and
2008 waves only (data discussed below), which alog/to consider more nuanced measures of
diabetes, such as whether diabetes is controllequadely. Since we only have two waves of
data available for these models, we do not useartianodel for estimation. In these models,
the dependent variable is simply a binary indicafowhether or not the respondent is still
working for pay two years after the diabetes bidtaamformation is collected. These models
are estimated using standard probit models, arlddacontrols for use of diabetes medication
in addition to the full set of covariates includadhe other models. The main analyses sample is
limited to those who had diabetes biomarkers meaisinr 2006 or 2008, and had employment

information in 2008 or 2010.

3. Data

Data for this study come from the 1992-2010 wanfébe Health and Retirement Study
(HRS), a biennial, nationally representative, loadjinal household survey initiated in 1992 with
a sample of households in which the household heads 51 to 61 years old. We use data from
Version L of the RAND HRS. In 1992, the initialts¢ HRS cohorts, born between 1931 and
1941, were interviewed. The spouses of this calwdrb possibly were not born between 1931
and 1941) also are interviewed in 1992 and subsgqueeves. In 1998, the HRS started to
interview and followed longitudinally the War BapPy/B) cohort, born between 1942 and 1947.
In 2004, the Early Baby Boomer (EBB) cohort, boetvieen 1948 and 1953, started to be
interviewed and followed longitudinally as well.

Analysis Sample: Individuals working for pay at age 55-56




The analysis sample includes respondents: (1)twmo55-56 years old during the time
in which they participate in the ten waves of t882-2010 HRS and; (2) who are working for
pay at 55-56 years old. We define t=0 when an iddial becomes 55-56 years dld=or
instance, if an individual becomes 55-56 yearsimlthe 1996 HRS interview (thé?3vave), the
34 wave is t=0 for that individual. For this individlithe maximum possible t is 7 in the 2010
interview. Since the HRS is a biennial survey, iéapondent is 56 years old at tf&v@ave and
54 years old at the"2wave, we define theBwave as t=0 for the respondent. If a respondent is
over 55-56 years old at her/his first interviewe tespondent is excluded from our analysis
sample. There are 11,510 respondents (4,982 made8,528 females) who turn 55-56 years old
during their participation in the 1992-2010 HRS.

In Appendix Table 1, we show the total number gpandents who turn 55-56 years old
at each HRS wave, and the number of respondemisigus5-56 by their employment stafuks
other words, each row in Appendix Table 1 showpaedents who have the same t=0 as the
HRS interview wave shown in the first column. Amdhgse who turn 55-56 years old during
the time they are patrticipating in the HRS, our gl@nof interest is limited to those who are
working for pay at t=0 since we want to investigdie effect of having diabetes on labor market
exits. Among the 11,510 respondents who turn 5y€eass old during their HRS patrticipation
period, 8,179 individuals (3,946 males and 4,238dkes) were working for pay at t=0.

We follow this sample of working individuals untiiiey are censored or until they exit

the labor market. If t=t1 is the first period in it an individual reports “not working for pay”

4 To see whether our choice of age affected therfgsd we also re-estimated all models based omalsacreated
based on respondents turning 53-54 years old dtmm$iRS participation period. Results were siniitethose
presented here.

5 The female sample is larger than the male sanglause females in our sample tend to be the spofiges
heads of household, who tend to be males. Ferpalgesss typically are younger than male spousestasdare
more likely to meet our criteria of turning 55-56rtchg HRS survey participation.

10



or the individual is deceased, we define the irhlial as exiting the labor market at time t1
(Figure 1: Exit at t1). In our estimation, we aaptthe effect of diabetes on the transition from
“working for pay” to “not working for pay” includig death. We do not consider the possibility
of a second spell for the same respondents, althibigpossible that they exit the labor market
and subsequently return to the labor market (Fiquigexit at t1 (2)F In our sample of 8,179
individuals who are working at age 55-56, we obs&)652 exits due to transition of their status
from “working for pay” to “not working for pay.”

If an individual remains in the labor market bg thd" wave (2010) and/or if an
individual reaches age 67/68, s/he is censored.ny80l79 respondents, 2,969 respondents
(1,428 males, 1,541 females) are censored by remgamthe sample by the end of the survey
period or by reaching 67/68 years old. In addit@mnemaining in the survey by the end of the
survey period, we also include those who drop éth® survey and/or do not respond the survey
in the censored group (Garcia-Gomez et al. 20b@ur sample, 1,658 respondents (881 males,
777 females) are censored due to dropping out Imresponse.

Measuring Diabetes

In each HRS wave, respondents are asked aboutichiinesses, including diabetes. If
a respondent is new in the wave, the respondeskisd Has a doctor ever told you that you
have [diabetes] ?” If the respondent responds affirmatively, s/h@sked to give the year in
which s/he was diagnosed. If a respondent paatiegin a prior HRS wave and reported

diabetes in the last interview, the interviewer ires the respondent of his/her previous report,

6 Because we do not consider re-entries and re-agftésthe first labor market exit, the labor maréit may
represent a permanent or temporary exit, or thre ata period of reduced labor market attachmémtour analysis
sample, 578 respondents (11.6%) experienced reegmpht once, and 34 (0.68%) experienced re-employme
more than once. As a sensitivity check, we re-eattichthe models including respondents who exiteldtlaa re-
entered as censored. The findings are simildrdee shown in the paper. These findings are dlailgpon
request.

11



and notes if the respondent disputes the priorrtegalness. If not, the interviewer moves to
the next question.

Based on this self-reported information, we créatelagged measures of diagnosed
diabetes, Diabetes with medication (t-1) and Diedetithout medication (t-1), using diabetes
information measured at the prior HRS wave atWe.allow for respondents to change their
diabetes status in either direction (from 0 torlfrom 1 to 0). Diabetes with medication (t-1) is
1 when an individual reported oral medication andisulin shots for controlling diabetes at t-1
and otherwise 0. Diabetes without medication (1) if an individual did not report any oral
medication nor insulin shots at t-1, but reportgihg diabetes (Table 1). We consider diabetes
medication usage as an indication of more seveaglwainced disease.

There are two reasons we prefer to use laggedatads of diabetes. First, diabetes
information is not available at t=T for those whe aensored due to drop out or non-response,
and for those who exit due to death. This is troieaomly for diabetes status but also for all time
varying variables. If an individual reports havitiggnosed diabetes at t-1, it may be reasonable
to assume that the individual has diabetes aet) #vough s/he did not respond at t, because of
the chronic nature of diabetes. If an individual dot report diabetes at t-1, however, we cannot
determine whether an individual had onset of diedbély time t or not.

Next, there is the reverse causality issue. Wenséeeested in the effect of diabetes on the
risk of labor market exit. However, if we use dissestatus at t as an independent variable to
explain labor market status at t, it is unclear thbediabetes led to the labor market exit or
whether the diabetes is diagnosed after the eodt fabor market. Although we focus on models
which include lagged measures of diabetes, for @ispn purposes, we also estimate a set of

models which include current diabetes measureshelse models, we assume that diabetes

12



status at time period t is the same as it wasne fperiod t-1 for respondents who are censored
due to drop out or non-response, and for thoseexitalue to death at time period t.

Our models also include as a covariate the nummibgzgars since the respondent was first
diagnosed with diabetes (Table 1). We consider batbntinuous variable measuring number of
years the respondent has had diabetes, as welledsohdummy variables indicating respondents
had diabetes for 1-2, 3-5, 6-10, 11-20 and 21 aemgears. As discussed above, conditioning
on ‘the number of years since first diagnosed wittbetes’ in the duration model specifications
addresses the problem of left-censoring. Alsogéortumulative exposure to diabetes indicates
a higher risk of complications (Zhuo et al. 2013).

One limitation of all the diabetes measures disedis® to this point is that they are self-
reported — thus, undiagnosed cases are not inglateldhere also is no objective way to
measure how well the disease is under conitrbh take into account undiagnosed cases of
diabetes and consider severity in a more objegtayg we also consider the effect of the
respondent’s A1C level, a diabetes biomarker, borlanarket exit. Information is available on
A1C levels for HRS respondents who participatethesurvey in 2006 and 2008. In 2006, half
of HRS respondents were randomly selected to fjaatiein a blood draw which provided A1C
measures. In 2008, the remaining half of randorlgcted respondents who were not assigned
to a blood draw in 2006 provided A1C measures. Ah€ level is a measure of the average
glucose level in the respondent’s blood over thet geB months. Following guidelines from the
American Diabetic Association, we consider an ATI@igher than 6.5 percent to be an indicator

of diabetes (Buell et al. 2007; Ginde et al. 2008)ile a an A1C between 5.7 and 6.5 is

7 Self-reported information on the degree to whidckbéies is “under control” is available for the 192610 HRS,
but more than 90% of respondents with diabetesrgplirted that the disease was “under control $oAthe HRS
1992 and 1994 did not include the “under controfdirmation.

13



considered to be an indicator of pre-diabetes. alse consider a continuous measure of A1C in
the models, with a higher A1C measure indicatirad the glucose level in the body is less
controlled (worse severity).

In Appendix Table 2, we show the number of respatgi@ith undiagnosed diabetes,
and the numbers for whom diabetes is controlledinsontrolled, based on combined
information from self-reports of diabetes and tiwrmarker data. We consider diabetes to be
uncontrolled if a respondent self-reports havirgpdies, but the A1C level is 6.5 or higher. We
consider diabetes to be undiagnosed if a persos matereport having diabetes but has an AIC
level 6.5 or higher. Note that the sample usedHisranalysis is our main analysis sample
limited to those had A1C measures in 2006 or 208®m Appendix Table 2, one can see that
the numbers of respondents in certain categoriesmbe small. By combining some of these
categories, however, and by combining the malefamale samples, we can explore the effects
of measures of uncontrolled and controlled diabetelbor market exit. Results are discussed
below.

In Appendix Table 3, we show diabetes status bg t@riod t for the male and female
analysis samples. The analysis samples includé 3r2des and 4,233 females who turn 55-56
years old during their HRS participation period avete working for pay at t=0, but the samples
are further limited to those respondents who hadlawe information on all covariates used in
the analysis. Appendix Table 3 shows that as th& HRpondents age, the prevalence of

diabetes rises steadily, particularly for male$.t%, when respondents are 55-56 years old, the

8 Unfortunately, the HRS does not have informatiagarding Type | vs. Type |l diabetes. Type | digsehaccounts
for 5-10 percent of cases worldwide, and it is ¢gllly diagnosed in childhood or adulthood (Maahalt2010).
The HRS has information on the age of diabetest@meng those respondents reporting diabetes.thassl % of
our analysis sample with diabetes reported havijegod onset prior to 20 years old. This informatives us
confidence that we are mainly capturing the effe€tSype Il diabetes on labor market exits.

14



prevalence of diabetes among males is about 109mdtes, it rises to 20% by t=6. The rise for
females is not as dramatic — from t=0 to t=6, trevalence of diabetes increases from about 8%
to about 14% in our sample.

In addition to the diabetes variables, all modetéude controls for race/ethnicity, level
of education, marital status, cohort dummies, amdrdy variables for industry. The indicator
of “married” is interacted with spousal work statugl education. The models are analyzed by
gender. In some specifications, we also includiaé models lagged indicators for other serious
health conditions which can affect labor marketsexistroke, heart problems, hypertension,
cancer, arthritis, psychiatric problems, lung dssgand body mass index (BMI) (Table 1). Our
final analytic sample includes 2,570 males andfékales. The average number of periods
respondents stay in the sample is 3.6 waves fog arad 3.4 waves for females, when each HRS

wave represents about 2 years.

4. Results

Tables 2 and 3 summarize results from the randéente discrete time hazard model,
which is estimated separately for males (Tablen®)famales (Table 3). Columns 1a of Table 2
(males) and Column 1b of Table 3 (females) showlt®from a model which estimates the
effect of onset of self-reported diabetes on theatdhof labor market exit. These models include
a continuous measure of the number of years silabeks diagnosis as a covariate, as well as a
set of socio-demographic and job-related contrs#e (otes to Tables 2 and 3 for full listing of
covariates). For males, we observe that the hadfdedbor market exit is about 1.4 times greater
for those who have been diagnosed with diabetesvenel using medication in the last HRS

wave, compared with those who did not have diaghdszbetes with medication at this time
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(Column 1a, Table 2). This association is statdiycsignificant at the 0.05 level. Among males,
there is no statistically significant associati@tvieen onset of diabetes without medication and
hazard of labor market exit, although the estimaigzhrd ratio is 1.26 (Column 1a, Table 2).

Among females, onset of diabetes at t-1 with meutinas associated with an increase in
the hazard of labor market exit by about 13% (rdhratio: 1.13) (Column 1b, Table 3), but this
association is not statistically significant. Sianiy/, there is no statistically significant
association between onset of diabetes without maéditat t-1 and labor market exit among
females (Column 1b, Table 3).

Columns 2a-b in Tables 2-3 show findings fromg¢hme models as those shown in
Columns la-b except that these models include ¢dlgged chronic health conditions as an
additional set of control variables, since onsediabetes may be associated with the onset of
other chronic health conditions that independeatigct labor market exit. The inclusion of
these covariates has almost no effect on the fgsdior males (Table 2, Column 2a). Among
females, the estimated coefficients on the laggaldetes measures remain statistically
insignificant (Table 3, Column 2b).

We find, however, that the onset of other chromicditions has important effects on
labor market exit. For both males and femalesebofstroke, psychiatric problems, and lung
disease in the previous HRS wave is associatedlange, statistically significant increases in
the hazard of leaving employment (Columns 2b inl@&band 3b in Table 3). Among females,
heart problems, arthritis, and hypertension alscaasociated with an increase in the hazard of
leaving employment (Column 3b in Table 3). It & surprising that onset of a range of chronic

health conditions play an important role in oldeividuals’ likelihood of leaving employment.
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In Columns 3a-b of Tables 2 and 3, instead of én@ the effects of the number of
years since diagnosis as a continuous variablénelede dichotomous indicators for having had
diabetes for 1-2, 3-5, 6-10, 11-20 and 21 or me@y (with no diabetes as the baseline). If the
severity of diabetes is related with the numbeyeztrs since diagnosis, we may observe that
some of these indicators are positively associaidleaving employment. However, the
findings from models with dichotomous indicatorsrau offer a clear-cut interpretation since
most estimates are statistically insignificant, #melmagnitudes do not necessarily get larger for
longer lengths of diabetes. Finally, in the ladtumn of Tables 2-3, we show the same model
from Columns 3a-b, but this time current diabetatus is used instead of lagged diabetes status.
Using current instead of lagged diabetes measwesge that while diabetes is associated with
increased hazard of leaving employment, these ed&ots are not statistically significant for
males or females.

In sum, the findings in Tables 2-3 indicate thabammales, lagged diabetes with
medication is associated with an increased haZdeheing employment. Among females,
diabetes is not associated with leaving employm&ht relationship between diabetes and
employment among aging individuals appears to lie glifferent for males vs. females, a
finding that is consistent with previous work. \Weate that among males and females, we fail to
reject the null hypothesis of no unobserved hetaredy in every model. This finding allays our
concerns about the assumption of uncorrelated @nobd heterogeneity in these models.

One limitation of the findings shown in Tables Zs3hat the information on diabetes is
self-reported. As a result, we can only examirmedtfects of diagnosed diabetes, and we can
only gauge severity by the respondent’s report efiication usage and the number of years

since diabetes was diagnosed. In 2006 and 2088{RS collected A1C levels from
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respondents, allowing us to consider effects ofi lolidhgnosed and undiagnosed diabetes, and
consider the effects of severity, on leaving thmtdorce. Findings based on models that utilize
the biomarker information are shown in Tables 4 and\ote that for these models, the sample
is limited to respondents in our analytic samplewhrticipated in the biomarker collection in
2006 or 2008 and were working for pay at the tinweriarker data were collected. The
dependent variable in these models is a binargatdr of whether the respondent was still
working for pay two years after the biomarker odtilen (in 2008 or 2010).

In column 1a-b of Table 4, we first show findirfggm a model in which we consider a
lagged, self-reported measure of diabetes, asdvimdiables 2-3. We see that for males, there
is no statistically significant association betwseif-reporting diabetes and subsequent work
status two years later, among working HRS respasddiable 4, column 1a). Among females,
however, self-reported diabetes is associatedavi#inge, statistically significant reduction in the
probability of working two years later (Table 4Jwmn 1b). In columns 2a-b of Table 4, we
consider an indicator that is set equal to 1 Hezithe respondent reports having diabetes, and/or
the respondent’s A1C level (collected from biomaskéndicates that the respondent has
diabetes. This measure captures diagnosed cagesmdiagnosed cases. The findings are
basically unchanged when this measure is usedoepf the self-reported measure (Table 4,
columns 2a-b). Undiagnosed diabetes, therefores dot appear to be an important factor in
determining employment decisions in this sample.

In the subsequent columns of Table 4, we exanpeeifications in which we include a
continuous measure of A1C (columns 3a and 3b), durariables indicating pre-diabetes and
diabetes based on AIC cut-points (columns 4a afdcéintinuous A1C with a control for

medication usage (columns 5a and 5b), and, findilyamy variables indicating pre-diabetes and
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diabetes based on AIC cut-points and an indicdtaraglication usage (columns 6a and 6b).
The goal is to gauge whether including measuresadietes control (A1C levels) can enrich our
understanding of the relationship between diaketesemployment decisions. Among males,
all the estimated coefficients are statisticallyigmificant. Among females, however, AIC level
is negatively associated with the likelihood of Wog two years later; this association is
statistically significant at the 0.10 level. Als@ving an A1C level>=6.5% has about the same
effect on the probability of working two years lags having self-reported diabetes (although
this estimated coefficient is not statisticallyrsfgcant).

Finally, in Table 5, we combine the self-reporéed the biomarker information to
directly test whether diabetes has different effect being employed two years later if it is
controlled vs. uncontrolled (Columns 1-3 of Tab)eds if it diagnosed vs. undiagnosed and
controlled vs. uncontrolled (Column 4 of Table &).some specifications, we combined the
male and female samples since cell sizes becomié dneerall, the patters of findings in this
table suggests undiagnosed diabetes, as well bstdgawithout medication, is not associated
with leaving employment, regardless of whetherdiadetes is controlled or uncontrolled. This
could be simply because undiagnosed diabetes abédtés without medication are in the earlier
stages of the disease. These individuals mayeaekperiencing symptoms, and they are not
spending time managing diabetes (since they aregmodsed or not using medication). Thus,
their labor market status may not be affected.

For diabetes with medication, however, labor miaskatus is affected regardless of
whether the disease is under control. In Coluroh®able 5, we see that diabetes with
medication reduces the likelihood of working twagglater by about 24 percentage points if it

is controlled, and by about 27 percentage pointgsfuncontrolled. The “diabetes with
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medication” measure may be capturing a more sduem@stage of the disease. It is also
possible that for respondents taking medicatiomagang diabetes is more time-consuming
(e.g., more doctor visits to monitor medicationyl @imerefore has greater effects on labor market

outcomes.

5. Conclusions

Our findings indicate that diabetes affects leawngployment among men who are
approaching retirement age. Among men, the firglarg limited to individuals who take
medication for diabetes, and we do not find angence that diabetes control or undiagnosed
diabetes play a role in this relationship. Amoeméles, we find no effect of diabetes on leaving
employment in the hazard models. When we focutiemost recent HRS waves during which
biomarker data were collected, however, we seectivagnt, self-reported diabetes is associated
with a reduction in the likelihood of still beingn@loyment in the next HRS wave.

These findings mesh well with those of Rumball-$neit al. (2014), who utilize data
from the 2004 HRS and as well as data from sureégging populations in fifteen European
countries, to estimate the effect of diabetes oly eatirement. The methods, measures, and
model specification used are somewhat differemhftibose used in the present study. Rumball-
Smith et al. (2014) find that having diagnosed dtab increases the risk of leaving the labor
force by about 30 percent across countries. Tinisstout to be similar to what we report in
Column 2a of Table 2 — we find that among malesegbof diagnosed diabetes with medication
is associated with increased risk of labor markesteof about 39 percent.

In the present study, we find different patternéirmdings for men and women. In the

hazard models, for example, in which we draw on212910 HRS waves, we find an association
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between diabetes and leaving employment for maleadt for females. This difference may be
due to the fact that employed women are more likeelye working part-time than employed
men, and thus there is less scope for labor makastment due to diabetes onset for women
vs. men. In addition, women’s occupations and wasrkironments may be more conducive to
managing a chronic disease like diabetes. Iti<kear why when we limit the sample to the
2006-2010 data, we begin to find effects among wonihis may be due to changes in the
sample composition when we limit the sample tog¢Hater waves.

As a group, results from studies of the effectdiabetes on labor market outcomes are
consistent with a recent report by the AmericarbBias Association on the economic costs of
diabetes; in this report, the authors estimateahatit $69 billion of the $245 bullion total cost
of diabetes in 2012 can be attributed to indirests, such as absenteeism, reduced productivity,
and work disability. Of this $69 billion attribute¢o the indirect costs of diabetes, about $2.7
billion results from loss of productivity for thoset in the labor force, and $21.6 billion comes
from work-related disability due to diabetes (ADZ013). However, this ADA report focuses
on costs associated with diagnosed diabetes ooly study suggests that undiagnosed diabetes
also affects labor market outcomes as people @ge.results therefore suggest that the total cost
of diabetes is probably even higher, and more itapdto the economy, than these large

numbers suggest.
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Figure 1: Definitions of labor market exit and ceriisg
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Table 1: List of main health-related variables

Variable

Description

Diabetes with medicationl if a respondent reports having diagnosed dialzetdcurrently

(t-1)

using oral medication and/or insulin shots for tireaor
controlling diabetes at t-1, O otherwise

Diabetes without
medication (t-1)

1 if a respondent reports having diagnosed diali®tesot using
oral medication nor insulin shots for diabetes ently at t-1, O
otherwise

Diabetes (years since
diagnosis at t)

Years since diabetes was first diagnosed at t

Diabetes 1-2 years

1-2 years since diabetes waslfagnosed at t

Diabetes 3-5 years

3-5 years since diabetes vasliagnosed at t

Diabetes 6-10 years

6-10 years since diabetesimgadifgnosed at t

Diabetes 11-20 years

11-20 years since diabetefirstadiagnosed at t

Diabetes 21+ years

21 or more years since diabetedirst diagnosed at t

Diabetes with medication1 if a respondent reports having diagnosed diatzatdscurrently

(t)

using oral medication and/or insulin shots for tiregor
controlling diabetes at t, O otherwise

Diabetes without
medication (t)

1 if a respondent reports having diagnosed dialimtesot using
oral medication nor insulin shots for diabetes ently at t, O
otherwise

Stroke (t-1)

1 if a respondent reports that a ddeés ever told him/her that
he/she had a stroke onset at t-1, O otherwise

Heart problems
(t-1)

1 if a respondent reports that a doctor has evehio/her that
he/she has any heart problems at t-1, O otherwise

Hypertension (t-1)

1 if a respondent reports thaetor has ever told him/her that
he/she has high blood pressure or hypertensiof,al btherwise

Cancer (t-1)

1 if a respondent reports that a ddws ever told him/her that
he/she had cancer or a malignant tumor, excludimgmskin
cancer at t-1, O otherwise
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Arthritis (t-1)

1 if a respondent reports that a doctor has evehim/her that
he/she has any arthritis or rheumatism at t-1heretise

Psychiatric problem-1)

1 if a respondent reports that a doctor has evehio/her that
he/she has any emotional, nervous, or psychiatoislems at t-1,
0 otherwise

Lung disease (t-1)

1 if a respondent reports tlticior has ever told him/her that
he/she had chronic lung disease at t-1, 0 otherwise

BMI (t-1)

Continuous variable with body mass index-1

BMI square (t-1)

Continuous variable with squaredymass index at t-1
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Table 2: Effect of diabetes on leaving employméfdles

Column la 2a 3a 4a
Diabetes without 1.26 1.23 1.13
medication (t-1) (0.23) (0.22) | (0.29)

Diabetes with medication 1.40* 1.39* 1.25

(t-1) (0.19) (0.19) | (0.28)
Diabetes without 1.13
medication (0.27)
(t)
Diabetes with medication 1.43
®) (0.29)
Diabetes 0.99 0.99
(years since diagnosis at (0.01) (0.01)
t
Diabetes? 1-2 years 1.01 0.8(
(0.19) | (0.20)
Diabetes 3-5 years 1.13 1.03
(0.27) | (0.23)
Diabetes 6-10 years 0.87 0.8(
(0.22) | (0.19)
Diabetes 11-20 years 1.32 1.1
(0.33) | (0.27)
Diabetes 21+ years 0.76 0.68
(0.28) | (0.25)
Stroke (t-1) 1.79** | 1.80**
(0.29) (0.29)
Heart problems (t-1) 1.14 1.14
(0.10) (0.10)
Hypertension (t-1) 1.13 1.13
(0.08) (0.07)
Cancer (t-1) 1.16 1.16
(0.14) (0.14)
Arthritis (t-1) 1.04 1.04
(0.07) (0.07)
Psychiatric problem (t-1 1.24* 1.25%
(0.13) (0.13)
Lung disease 1.36* 1.35*
(t-1) (0.16) | (0.16)
BMI (t-1) 0.88* | 0.88**




(0.04) (0.04)
BMI square (t-1) 1.002*| 1.0021
(0.001) | (0.001)
p-value (LR test : rho=0) 0.491 0.486 0.493 0.491
N 2,570
Observations 9,270
Notes: Table shows estimated hazard ratios andatdrerrors associated with selected covariatesdbas
on a random effects discrete time duration modehdard errors are in parentheses. Other covariates
included in all of the models but not shown in éabie: education (less than high school (baselmg,
school graduate, some college, college or moreg, fl@on-Latino white (baseline), African-American,
Latino, Other races/ethnicity), log of householdame, lag of marital status (binary: married=1,
otherwise=0), spouse education (less than highat¢haseline), high school graduate, some college,
college or more), lag of spouse working statusgtynworking for pay=1, otherwise=0), type of
industry in which a respondent currently is work{@g industry dummies and not specified), period
dummies (observation from t=1 (baseline), 2, §{,4, and 7), and cohort dummies (becoming 53 years
old at wave 1 (baseline), 2, 3, 4, 5, 6, 7, 8, @nd.ag of BMI and BMI squared were included in
models (2a) and (3a) only. **p<0.01, * p<0.05.




Table 3: Effect of diabetes on leaving employmé&etnales

OT

N

Females
Column 1b 2b 3b 4b
Diabetes without 0.94 0.91 0.65
medication (t-1) (0.21) (0.19) (0.19)
Diabetes with medication 1.13 1.01 0.73
(t-1) (0.17) (0.14) (0.18)
Diabetes without 0.84
medication (t) (0.23)
Diabetes with medication 1.14
(t) (0.29)
Diabetes 1.01 1.01
(years since diagnosis at (0.01) (0.01)
t
Diabetes) 1-2 years 1.52* 1.51
(0.28) (0.42)
Diabetes 3-5 years 1.54 1.21
(0.43) (0.34)
Diabetes 6-10 years 1.46 1.1}
(0.41) (0.32)
Diabetes 11-20 years 1.61 1.3
(0.47) (0.38)
Diabetes 21+ years 1.58 1.5¢
(0.48) (0.51)
Stroke (t-1) 1.62* 1.63**
(0.30) (0.30)
Heart problems (t-1) 1.26* 1.27*
(0.13) (0.13)
Hypertension (t-1) 1.16* 1.15*
(0.08) (0.08)
Cancer (t-1) 0.98 0.98
(0.11) (0.11)
Arthritis (t-1) 1.25** 1.25**
(0.08) (0.08)
Psychiatric problem (t-1 1.42** 1.43**
(0.12) (0.12)
Lung disease 1.32* 1.32*
(t-1) (0.15) (0.15)
BMI (t-1) 0.96 0.95
(0.03) (0.03)
BMI square (t-1) 1.00 1.001




(0.001) | (0.001)

p-value (LR test : rho=0) 0.257 0.358§ 0.308 0.183
N 2,756
Observations 9,350

Notes: Table shows estimated hazard ratios andatadrerrors associated with selected covariate=dbas
on a random effects discrete time duration modehdard errors are in parentheses. Other covariates
included in all of the models but not shown in &abte: education (less than high school (baselmg,
school graduate, some college, college or moreg, fl@on-Latino white (baseline), African-American,
Latino, Other races/ethnicity), log of householdame, lag of marital status (binary: married=1,
otherwise=0), spouse education (less than higha¢haseline), high school graduate, some college,
college or more), lag of spouse working statusghynworking for pay=1, otherwise=0), type of
industry in which a respondent currently is work{dg industry dummies and not specified), period
dummies (observation from t=1 (baseline), 2, §{,4, and 7), and cohort dummies (becoming 55/56
years old at wave 1 (baseline), 2, 3, 4, 5, 6,ah@9). Lag of BMI and BMI squared were included
models (2b) and (3b) only. **p<0.01, * p<0.05.



Table 4: Effects of diagnosed and undiagnosed thalin probability of working two years later

Column Males Females
la 2a 3a 4a 5a 64 1b 2b 30 4 5 6
Self-reported diabetes -0.10 -0.34¢*
(0.14) (0.13)
Self-reported diabetes -0.15 -0.29*
and/or A1C indicates (0.13) (0.13)
diabetes
A1C level 0.01 0.06 -0.11% -0.06
(0.05) (0.06 (0.05) (0.06)
5.7%<=A1C <6.5% 0.12 0.16 -0.18 -0.11
(0.13) (0.13 (0.12) (0.12)
A1C>=6.5% -0.14 -0.01 -0.25 0.02
(0.16) (0.21 (0.17) (0.22)
Taking medication for -0.27 | -0.18 -0.27| -0.36%
diabetes (0.17)[ (0.19) (0.17) | (0.17)
N 912 1,057

Notes: Table shows estimated marginal effects tartlard errors associated with selected covaresd on a probit model. Standard
errors are in parentheses. Dependent variableiisagy indicator of currently (2008 and 2010) wadkifor payment 2 years after the
diabetes/A1C measurement (2006 and 2008). The samfile sample used in Tables 2-3 limited to tivadse had A1C measure in 2006 or
2008. Other covariates included in the models bushown in table are: education (less than higjoasic(baseline), high school graduate,
some college, college or more), race (non-Latindevibaseline), African-American, Latino, Othereatethnicity), log of household
income, lag of marital status (binary: married=theswise=0), lag of spouse education (less thahn &atpool (baseline), high school
graduate, some college, college or more), lag ofisp working status (binary: working for pay=1,esthise=0), type of industry in which a
respondent currently is working (12 industry dunmsra@d not specified), period dummies (observatiomf2006 (baseline) and 2008), and
dummy indicators for each age (age 57/58 is thelimey. * p<0.05, + p<0.1.



Table 5: Effects of diagnosed and undiagnosed thalin probability of working two years later

Males | Females Both Both
Uncontrolled diabetes (self-reported diabetes0.19 -0.22 -0.20+
& Al(tci)=6-5) (0.15) | (0.17) | (0.11)
Controlled diabetes (self-reported diabetes-0.08 -0.37* | -0.22+
& A%tC1<)6'5) (0.19) | (0.18) | (0.13)
Undiagnosed diabetes (self-report = no and -0.13
A1C>=6.5) (0.22)
Diagnosed diabetes without medication and -0.16
controlled (A1C<6.5) (0.24)
Diagnosed diabetes without medication and 0.13
uncontrolled (A1C>=6.5) (0.36)
Diagnosed diabetes with medication and -0.24+
controlled (A1C<6.5) (0.15)
Diagnosed diabetes with medication and -0.27*
uncontrolled (A1C>=6.5) (0.13)
N 912 1,057 1,969 1,969

Notes: Table shows estimated marginal effects taretlard errors associated with selected covariates
based on a probit model. Standard errors are enpla@ses. Dependent variable is a binary indiator
currently (2008 and 2010) working for payment 2rgesfter the diabetes/A1C measurement (2006 and
2008). The sample used is the same sample useabiasi2-3 limited to those who had A1C measure in
2006 or 2008. Other covariates included in the risoblet not shown in table are: education (less than
high school (baseline), high school graduate, socotiege, college or more), race (non-Latino whites
(baseline), African-American, Latino, Other racésfecities), log of household income, lag of mdrita
status (binary: married=1, otherwise=0), lag ofug@education (less than high school (baselingh, hi
school graduate, some college, college or morg)iapouse working status (binary: working for
pay=1, otherwise=0), type of industry at which sp@ndent currently is working (12 industry dummies
and not specified), period dummies (observatiomf&D06 (baseline) and 2008), and dummy indicators
for each age (age 57/57 is the baseline). * p<sG:Q&<0.1.



Appendix Table 1: Number of individuals who turn5 years old (t=0) by HRS wave

Male Female
Working for  Not working Working for  Not working
pay for pay Total pay for pay Total
1992 709 186 (1) 895 639 391 (1) 1,030
1994 585 166 751 515 312 (1) 827
1996 604 147 (3) 751 573 368 (5) 941
1998 372 88 460 490 224 (4) 714
2000 267 50 317 332 188 520
2002 305 80 (2) 385 393 200 (1) 593
2004 380 106 (2) 486 427 191 (2) 618
2006 352 100 (1) 452 375 202 577
2008 342 104 446 398 167 655
2010 30 9 39 91 52 143
Sum 3,946 1,036 (9) 4,982 4,233 2,295 (14) 6,528

Notes: Numberin parentheses are those who have missing values for workingoByyment. They are included in not-
working for pay group in this Table.



Appendix Table 2: Diabetes status of analysis $amged in Tables 4 and 5

Diabetes Category

Number of males

Number of females

Total number of
respondents in sample

No diabetes (self-
report=no biomarker =
no)

735

883

1,618

Undiagnosed diabetes
(self-report = no
biomarker = yes)

30

21

51

Diagnosed diabetes
without medication and
controlled (self-report &
A1C level in acceptable
range)

22

19

41

Diagnosed diabetes

without medication and
uncontrolled (self-report
& elevated A1C level)

12

20

Diagnosed diabetes wit
medication and
controlled (self-report &
A1C level in acceptable
range)

47

56

103

Diagnosed diabetes wit
medication and

uncontrolled (self-report
& elevated A1C level)

66

70

136

Total

912

1,057

1,969

Notes: The table is based on the same sample mSable 2 and 3 limited to those who had A1C

measure in 2006 or 2008.



Appendix Table 3: Diabetes status over time

t Males

Diabetes w/o w/ No Total % with

medication| medication| Diabetes diabetes

0 263 67 196 2,336 2,599 10.1
1 307 69 238 2,263 2,570 11.9
2 310 77 233 1,787 2,097 14.8
3 265 57 208 1,436 1,701 15.6
4 206 36 170 1,080 1,286 16.0
5 169 32 137 753 922 18.3
6 142 23 119 552 694 20.5
t Females

Diabetes w/o w/ No Total % with

medication| medication| Diabetes diabetes

0 244 63 181 2,598 2,842 8.5
1 278 63 215 2,478 2,756 10.1
2 235 47 188 1,934 2,169 10.8
3 191 46 145 1,515 1,706 11.2
4 148 32 116 1,123 1,271 11.6
5 108 22 86 753 861 12.5
6 82 21 61 505 587 14.0

Notes: The sample is based on the same sampleru$ablle 2 and Table 3 limited to those who had
A1C measure in 2006 or 2008.



Appendix Table 4: Estimates of impact diabetessawing employment — All estimates

Male Female
Estimates | Standard Estimates Standard
(3a) error (3b) error
Health conditions
Diabetes without Medication (t-1) 1.13 0.29 0.65 190
Diabetes with medication (t-1) 1.25 0.28 0.73 0.18
Diabetes 1-2 years 1.01 0.19 1.52* 0.28
Diabetes 3-5 years 1.13 0.27 1.54 0.43
Diabetes 6-10 years 0.87 0.22 1.46 0.41
Diabetes 11-20 years 1.32 0.33 1.61 0.47
Diabetes 21+ years 0.76 0.28 1.58 0.48
Stroke (t-1) 1.79** 0.29 1.63* 0.31
Heart disease (t-1) 1.14 0.10 1.27* 0.13
Cancer (t-1) 1.16 0.14 0.98 0.11
Hypertension (t-1) 1.13 0.07 1.15* 0.08
Arthritis (t-1) 1.04 0.07 1.25** 0.08
Psychiatric problems (t-1) 1.25* 0.13 1.43** 0.12
Lung disease (t-1) 1.35* 0.16 1.32* 0.15
BMI (t-1) 0.88** 0.04 0.95 0.03
BMI square (t-1) 1.002* 0.001 1.001 0.001
Race/ethnicity
African-American 0.93 0.10 1.11 0.10
Latino 0.92 0.12 1.51* 0.19
Other races 0.93 0.20 1.10 0.23
Married 0.89 0.09 1.51* 0.17
Spouse education
High school graduate 1.06 0.11 1.17 0.16
Some college 1.03 0.11 1.03 0.14
College and more 1.03 0.13 1.07 0.16
Spouse working for pay (t-1) 0.82** 0.06 0.78** @.0
Education
High school graduate 0.94 0.09 0.88 0.08
Some college 0.89 0.09 0.78* 0.08
College and more 0.66** 0.08 0.69** 0.08




Log of total income (t-1) 0.98 0.04 1.09 0.05
Job industry (baseline:

Agriculture/Forest/Fish) (t-1)

Does not have job/does not report | 0.95 0.21 0.60 0.21
industry

Mining and Construction 1.55* 0.33 1.55 0.66
Manufacturing 1.93** 0.35 1.50 0.52
Transportation 2.20** 0.44 1.37 0.52
Wholesale 1.98** 0.43 1.06 0.45
Retail 1.25 0.30 1.19 0.41
Finance/Insurance/Real Estate 1.31 0.30 0.96 0.35
Business/Repair Services 1.48 0.36 1.16 0.42
Personal services 1.27 0.29 1.25 0.44
Entertainment/Recreation 1.85* 0.57 0.95 0.42
Professional/Related services 1.49 0.54 1.24 0.42
Public Administration 2.24* 0.52 1.39 0.52
Entering at wave 2 0.95 0.12 0.87 0.13
Entering at wave 3 0.97 0.09 0.91 0.09
Entering at wave 4 1.05 0.11 0.95 0.10
Entering at wave 5 1.35* 0.16 1.08 0.13
Entering at wave 6 1.11 0.15 1.06 0.13
Entering at wave 7 1.29 0.18 1.14 0.15
Entering at wave 8 1.83** 0.29 1.37* 0.21
Entering at wave 9-10 2.38** 0.46 1.41 0.27
T=2 1.15 0.12 1.12 0.11
T=3 1.71* 0.18 1.34* 0.17
T=4 2.52** 0.27 1.98** 0.33
T=5 2.19** 0.27 1.96** 0.43
T=6 2.56** 0.34 2.23** 0.60
Constant 0.54 0.48 0.05** 0.04

Notes: Table shows full regression results for nodkrown in Column 3a of Table 2 and Column 3baifl€& 3.
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