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Résumé

La banque de données IMI@ntegrated Management Information Sysjethe | dagence
ameéricaine OSHAOccupational Safety and Health Administra)ictnont i ent | 6 ens e mbl
mesuresde | dexposition effectu®es s geaverifiel s i nspe

conformit® aux val eles resulthts amalticuss catréspoxdard suxt i on
prélévements effectués par les inspecteorg égalemerdisponibles dans la banque CEHD
(Chemical Exposure Health Dat&Ce s deux banques repr®sentent u
potentielle majeurs ur | es condi ti ons doéex pmAérigiedun auXx s
Nord. Cependant, dur représentativité par rapport a la distribution réalles niveaux
doexposi ti onres mibeuxrde wava@s largemnensinconnue.6 obj ect i f de c
th se est do®t ablir dans quelle mesure | es dc

| 6agence f®d®rale am®ricpone O&HAtL pratviean de¢s

professionnelles en Amérique du Nord.

Les analyses ont porté s601047 et 588818 me sur es ddéexposition cont
banques IMIS et CEHDespectivement, pour la période 12®11. Premiérement, des

modeéles additis g®n ®r al i s®s ont ®t ® wutildsvasiaBles pour ®
reflétant lescaractéristiques des établissemevitsités et desnspectiors et les niveaux

doexp paui7Tagents chimiques 90 % du contenu dol Mluse) . Dans
approche de régression de Poisson modifiée a été utilisée pour étudiactmss

d®t er mi nant s ol boades élgpntifonste eCEHDNdans la banque IMIéh

jumelant les deuxbanquespour 78 agents chimiquesFinalement, des modéles CART
(Classification And Regression Theent été développés permettatd prédire, parmi les

résultats nométectés de la banque IMIS, lesquels correspondent a des mesures courte durée



ou des moyennes pondérées sur 8 heures (VMBN)Pen se basant sues variabés

communes aux banques IMIS et CEHD.

Dans | a premi re anal yse, |l es mod |l es stati

étaient plus susceptibles de dépasserTlV (threshold limit value) pour les mesures
effectuées sous un régime OSHA fédéealrp r apport au r ®gi me OSHA
(RC) de 1,22 dravers les agentsLa probabilité de dépasser la TLV augmentait avec le
nombre total des amendes recues pagétablissement, indépendamment de la nature des
infractions (RC de 1,54 traves les agententre les catégoriesétevée» et «aucune»). Elle

était également pludlevée pour lesvisites de suivique pour lesvisites planifiées(RC de

1,61). Dans la deuxieme analyse, la comparaison des banques IMIS et CEHD a montré un
t aux gitbement global de 38% des données CEHD dans IMIS. Les résultats non

détectés( par ti cul i rement C eux inpeexypan@&de metauxk un

st

d o i

pan

®t ai ent moi ns s us c egnd IMIB(lisgque reldtii~0,6) Fipalereemtr lesgi st r ®s

modeles CART ont prédit plus précisément le type de prélevement (courte durée;8fgEMP
pour l es r®sultats non d®tect®s dans | MI S
attribution du type le plus fréquent parmi les résultats détectés) pour les demius
pertinents (¢a-d. ceux ayant une proportion substantielle de mesures ND, courte durée et

VEMP-8h).

Nos résultats ont montré la présence de plusieurs mécanismes de sélection dans le processus

condui sant ) | 6enr egi s ttionedamsnIMIS, ¢ed gun suggeree s ur e

qu

(

| 6exi stence de di f fl@rneeaux eapporeydales®anqgues GpHAe s ent r

et | es niveaux moyens doéexpo.dagriseemcondptedes | a

PpoOi

informations contextuelles aux mesurés el 6 e mp | o de m®t hodes pr ®di ¢

Vi



pallier partiell ement ces biais et ai nsi raff

donn®es doOoOSHA.

Mots-clés : | MI S; CEHD; banques de d o nmo@etes doexpc

statistiqy e s d 6 e x p o-analyseé; oCGART; stnat@giea de mesureévaluation de

| 6 e x p;dhggiene idwtravail
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Abstract

The Integrated Management Information Syst@MIS) contains exposure measurements
taken bythe U.S. Occupational Safety and Health Adsti@ition (OSHA) inspectors to
verify compliance with permissible exposure limitSupplementary data containing
analytical results of thdield samples are availablen the Chemical Exposure Health
Database (CEHD)These databanks represent a major paksturce of information on
exposure conditions in North American workplacelewever, the degree to which they
represent the actual distribution of the exposure levels found in the workplace is largely
unknownThe objective of this thesis is #xamine te extent to which exposuata

collected by OSHA can be used for estimating occupational exposhoetmAmerica.

Analyses focused on 511 04nd 588818 exposure measurememsIiMIS and CEHD
respectively,for the period1979-2011. First, generalizedadditive modelswere used to
explore associationsbetweenexposure levels in IMISand ancillary variablesreflecting
characteristics of establishmerasd inspections for 77 chemical agents (90% of IMIS
content). Second, modified Poisson regression wastosieentify determinants of recording
or not of CEHD samples in IMIS by linking both databanks for 78 agditslly,
Classification And Regression TrEART) models were applied to predict whichon
detectedND) results stored in IMIS ar@hourtime-weighted average (TWA) or shedrm

samplesbased on common variables available in IMIS and CEHD databanks

In the first analysis, atistical modelling showethat measurements collected undederal
OSHA plans weremore likely to have a sample resuexceed the TLV compared to

measurements collected und#ateOSHA plansg(odds ratio (OR) ofl,22acrossagent$. An

viii



increase in the total amount of penalty assessed to a company was associated with higher
odds of having a sample result exceed the TODR of 1,54 acrossagentsfor «high» vs.
«noney). Follow-up inspections were more likely to have a sample result exceed the TLV
compared to planned inspectiof@R of 1,61 across agenysin the second analysis, linkage
between CEHD and IMIShoweda 38%overall proportion of CEHD samples recorded into

IMIS. Nondetects (especially ND records correspondingralytical panel$ e.g. panel of

metalg were less likely to be recorded in IMI&lative risk~0,6). Finally, CART models
predicted more accurdge which IMIS ND results were TWA or sheterm samples
compared to simple methods of assignment (e.g. assignment of the most frequent category
from detected values) for the most relevant agents (i.e. with high proportions of NDB, short

term, and TWA resut).

Our findingsshowed the presence of several selecti@shanismsn the process leading up
to the recording of a sample in IMIS, which suggggitematic differencesxist between
OSHA measurementsand actual occupational exposures in the gener&. Working
population. These biases can beartially controlled by using ancillary information on
exposure measurements together with predictive methbds, helping to draw more

accurate portraits of exposure levietan OSHA data.

Keywords: IMIS; CEHD; occupational exposure databankgtistical models of exposure;

metaanalysis; CART; measurement strategy; exposure assessment; industrial hygiene
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CHAPITRE 1- Mise en contexte

INTRODU CTION GENERALE



1.1Introduction générale

En sant® au travail, |l a connai ssance des co
substances chimiques joue un rt!'le essentiel

|l a dur ®e et ekpasitibnra® gantaminargs permet de outenir la mise en place

de programmes de surveillance de | 6exposition
secteur dobéactivit® ou par meti er . Ell e est ®
épidémiolg i ques et peut servir au d®vel oppement d:¢

milieu de travail.

Lo®valuation de | 0exposition des travaill eur :
élément limitant trés marqué dans toute activité visant a idengfgesituations les plus a
risque et a prévenir le développement de maladies professioniiNibesvenhuijsen, 2003)

En effet, il est reconnu que les expositions subies par une personne varient dans le temps et

dans | 6espace, et iolnshéaest gasmpohtdnt el didfef
mesures doexposition effectu®es ° des mo me n t
do®t udes r®alis®es en milieu de travail ont p.
chez un travailleur pendanal j our n®e ou déune journ®e " I
| 6®val uation de | 6exposition ne consiste pas
pl usieurs essais (ex : mesure du point doé®bul

décrire une population deleurs, nécessitant ainsi une grande quantité de mesures. En raison

des C 0%t s i mportants associ ®s ~ l a mesure di
| 6ensembl e des circonstances rencontr ®es en mi
direct e ment | 6exposition pass®e, |l es donn®es his

pr ®ci euse doéinformation.



1.1.1 Les banques de donn®es dobéexposition prof

Les BDEP, mises en place au début des années 1980 par plusieurs pagsnsuebmord
am®ricains, repr®sentent une source majeure d:¢
multiples activités industrielles et agresseurs chimiques. Ces banques de données contiennent

|l es mesures doexposition emementades lddns k scadrp ar | e <
déactivit®s de pr® ention ou de contrtle de r
étant associées a un certain nombre de variables les caractérisant (par exemple : secteur
déactivit®, rai s onion ées pags pour lssquele ce typeydp RDERI&® e X p 0 S
été décrit dans la littérature incluent Faance(Vincent et Jeandel, 2001; Mater et coll.,

2016) Allerdagne (Gabriel, 2006; Koppisch et coll.,, 2012 RoyaumeUni (Burns et

Beaumont, 1989) Itdlied(Scaselli et coll., 2007) la Norvége(Lenvik et coll., 1999) la
Finlande(Kauppinen, 2001)Singapou(Tang et coll., 2006)les EtatsUnis (Stewart et Rice,

1990) le CanadgHall et coll., 2014t le Québe¢Lavoué et coll., 2012) e tableau suivant

présente quelques caractéristiques des principales BDEP:

Tablel:Pri nci pales banques de donn®es dbéexpositio

Année e Nombre T
Pays Nom de Propnetglre de Objectl_f principal de la
L du systeme mise en place
création mesures
A Vérifier la
Etats-Unis IMIS 1979 OSHAL 1500000  Cconformité aux
normes
réglementaires
France COLCHIC 1987 INRS? 800 000 A Prévention
. A Prévention
Québec LIMS 1984 IRSST 900 000 A Veérifier la




conformité aux
normes
réglementaires

Prévention

4
Allemagne  MEGA 1972 BG 2200000 4 assirance

> 3>

Prévention
Royaume:  nepg 1986 Hs® 150000 A Elaborationde

Uni politiques
réglementaires
Prévention
Réduction du risque
cancérogéne

p

> >

Italie SIREP 1996 ISPESI® 100 000

" Occupational Safety and Health Administration

2 Institut National de Rechercle¢ de Sécurité

% Institut de recherche RobeBauvé en santé et en sécurité du travail

“BG Institut doéHygi ne et de S®curit®
®Health and Safety Executive

® Institut Italien pour la Sécurité et la Prévention

Les mesures contenues dans les BDEP sor¢dctu e ment expl oi t ®es pour ®
dans plusieurs efforts de recherche en santé au travail. Une vaste étude internationale actuelle
coordonnée par le Centre International de Recherche sur le Cancer (CIRC), appelée
SYNERGY, Vi s e aSsocatenm emteetdé rfactesues de risgdie professionnels et le

cancer du poumofOlsson et coll., 2011; Peters et coll., 2012a; Bigert et coll., 20kB)s le

cadre de ce projet, une banque de donn®es <con
au nické, chrome hexavalent, hydrocarbures aromatiques polycycligbidd®), silice

cristalline et amiante a été assemblée en majeure partie a partir des banques COLCHIC,

MEGA et NEDB (Peters et coll., 2011; Peters et coll., 2012k) autre effort de recherche

ad u el Vi se quant ) [ ui " d®vel opper un outil
REACH Tool (ART) (Tielemans et coll., 2007; Tielemans et coll., 2008; Tielemans et coll.,

2011; van Tongeren et coll., 2011; Schinkel et coll., 2013; McNally et coll4)28RT est

un outil générique permettant de combiner les prédictions générées par un modele physique

d®t ermini ste dobéexposition avec des donn®es dbo
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des banques MEGA et NEDB, via une approche Bayésienne. De @ncét 61 nsti tut Na
de Recherche et de Sécurité (INRS) a produit deux outils en ligne a partir des données
guantitatives de | a banque fran-aise COLCHI C
professionnelle aux fibore@NRS, 2015a)t aux solvarg (INRS, 2015b) Notons également

des analyses réalisées avec la banque italienne SIREP ayant permis de dresser des portraits

gl obaux de | 6exposition professionnelle ©° des
le benzene et les poussiéres de Bwarselli et coll., 2011; Scarselli et coll., 2012; Scarselli
etcoll.,,2013) Ces exemples de r®sultats permettent

tant que source doéinformation pour | a r®alisat

1.1.2La banque IMIS

Accessible publiquement, la BDEP américaine IMIS (Integrated Management Information

System) est la plus importante source multhdustri es déinformation s
Am®ri que du Nord. EIll e a ®t ®@éraeiané@icamenOSHA ace en
et contient aujourdohui pr s de 1,5 million

i nspecteurs dOOSHA charg® de v®rifier |l a conf

Les mesures guantitati gyaa®e doaXdp mndiotriman i soat e

(@}

i nspection telles que | es caract®ristiques
de pr® vement, |l a raison de |l a visite, l e ty
La banque IMIS présenteodc le potentiel le plus élevé pour le développement
déapplications | i ®es ~ | -@amérigain®Raenn lesi ublisatiodsa ns | e
récentes de cette banque, des analyses ont été présentées pour [©glomdt coll., 2004;

Henn et coll., R11), la silice cristalline(Linch et coll., 1998; Yassin et coll., 2009

formaldéhyde(Melville et Lippmann, 2001; Lavoue et coll., 2008 béryllium (Hamm et



Burstyn, 2011) | 6 a (Coveam tete coll., 2015)et les hydrocarbures aromatiques
polycycliques(Lee et coll., 2015)ces études ont permis de dresser des portraits globaux de

| 6exposition professionnell e, ddesti mer l a ¢
secteursindstriels et do®t abl ir | 6 ®v 0 briaminamta t empor

doint ®r °t .

En compl ®ment aux donn®es | MI S, | 6agence OSHA
en 2010 wune banque de r®sul tats déanal yse n
(CEHD). Cette banque contient les résultats analytigues de labreratorrespondant aux

pr® vements effectu®s par |l es i nspecteurs d
(Lavoue et coll.,, 2013; OSHA, 2015)Youtefois, la banque CEHD ne chevauche que
partiellement la banque IMIS puisque les enregistrements dans GEHDIimités aux

échantillons recueillis par les agences assujetties au régime fédéral (federal @BKA).

EtatsUni s, | 6encadrement | @glr®yé mOSHAR@ahReuwmt adsur
lesEtats” | 6 exception de c e uuwed giaénceosens (Statel@SpPIA ® un e
pl an) . En date de 2016, 21 £tats assuraient |
prévention en santé et sécurité au travail (SST) (OSHA, 201&). | aborat oire dban
Salt Lake City, créé en 1984, traitebensembl e des ®chantill ons re

assujetties au régime fédéral.

1.1.3 Représentativité demesures enregistrées dans I&DEP - principe

Bi en que |l es BDEP repr®sentent un tr s fort

o

e X gnode nombreux utilisateurs de ces banques ont mentionné la présence potentielle

déune diff®rence syst®matique entre | es nivea



déexposition dans | x-ad.bpai a)i oAi dexpdsitoheai Ihli & e

obtenus ° partir des visites doéinspection ou
ousouesti mer | 6exposition des travailleurs non
Les banques doéinformations sur | expessi ti on

recueillies lors des visites en industrie ne peuvent donc étre interprétées directement comme
un portrait représentatif des conditions de travail en général. Ces mesures ne résultent pas

déun plan doé®chantil |l onnagnmrsenble &adétapesmenaniee s mi |

|l a prise de mesure puis ° | 6enregi strement d

données peuvent introduire un bigBlsen et coll., 1991)La figure suivante présente un

schéma conceptuel illustrant ces étapes :

Distribution des
expositions dans la
population active

[ Secteur d’activité ] =) Priorités du propriétaire de la banque
[ Etablissement ] =) Raisons associées a la conduite de la visite
[
T
:§ [ Emploi ] =) Sélection des emplois jugés les plus & risque
©
‘O
© [ Travailleur ] mmmp Sélection des travailleurs jugés les plus a risque
c
Q . ) Sélection des périodes d’exposition a
Z [ Période ] Pintérieur du quart de travail
[ Saisie dans la banque ] mmmmp Sous-enregistrement des faibles expositions
Distribution des
mesures dans la
banque
Figure 1 : Sch®ma conceptuel des bi ai s dans une

professionnell¢adapté dé.avoué (2006)
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Traditionnell ement , dans l e but déoptimiser
hygiénistes ont visé a prendre des mesures periks périodes ou des circonstances

associées a de fortes expositions. Cette stratégle® c hant i |erai ansiaugee c au s
surreprésentation de valeurs élevées et donc ur@ajuation des niveaux réeld. est

également possible que lestarvenants jgent nompertinentd 6enr egi strer |l es
expositions dans la banque de données, telles que les valeurs non décelées ou nettement sous

la norme, ce qui causerait également une surévaluation des niveauxEréetsvanche,
certaines st lormag®spntsusceplide® dehnsemet d une-&amlsation des

niveaux réelsé titre doéoexempl e, i est possible que
|l ors dbéinspections faisam°mguistie |'0imher pkaant
| exposni est nulle (p. ex. en raison dobéune obl

a une surreprésentation de faibles valeurs.

En th®ori e, l a meill eure fa-on do®tudier | es

BDEP serait de comparer les fraits établis a partir de ces mesures a des échantillons

al ®atoires provenant de | 6ensemble des mili eu:
approche directe ne peut °tre wutilis®e puisaq
résultant de cangppgnes de mesures al ®atoires. L6®t ude c

abordée de facon indirecte selon deux angles : la premiere approche consiste a étudier

| 6association entre | es ni veaux dobéexposition
contextiels (variables internes) potentiellement associés a la stratégie de mesure alors que la
deuxieme approche consiste a comparer le contenu de la banque avec des sources de données

externes.



Association entre 1les ni v ere BDEP et des xapiables t i on e

internes:

Les BDEP contiennent, aie | ~ des mesures quantitatives doe
déinformati on contextuell e reli ®s direct eme
do®chantill onnage. Cette a p §imer @umetitativements i st e

| 6association entre ces Vs termdsl«a&erminant » eg s ni ve
«pr®dicteur e wutilis®s dans |l a |litt®rature (ef

une variable et Ihés mpilvegaextdpaspadsi tiem de c:

Les deux exemples suivants permettront doil |l u
pour |l es variables ¢ taille de | 6entreprise e
| 6i nter pr ®tsateifofne cdteus®se s't ipna® ti r doune BDEP.

1) Variable ¢ taille de | 6entreprise e soi l

systématiquement plus faibles lors des évaluations effectuées dans les entreprises de grande

taill e, i peudo asjouasvt@rre rl ens®cpers®@diiatei ons faite
BDEP. En effet, S i | 6on observe dans un sect
déentreprises de grande taille est sup®rieure

fait de ne pasonsidérer cette différence de distribution causera uneestmsation des
ni veaux dobéexposition r®ell ement rencontr ®s da
de connaitre la distributiode ce type de variable dans la population, il serarsglossible
dansuntelcad e pond®rer | es esti m®s dbébexposition ef/

de | a distribution des tailles dbéentreprises ¢



2) Variable ¢ raison de |l a visitetoguement|l 6obser
plus ®lev®s | ors des inspections faisant suit
programmeées suggeérerait un biais de sélection (les deux types de raison conduisent a la
mesure de situations doexpansi tfioams marcteiscswali ir er e
un ajustement aux pr®dictions faites ° partir
pour ce type de variable de connaitre dans que
réellement la population. Il faudporter un jugement quant a laquelle des deux situations est

|l a plus repr®sentative de | 6ensemble des mil
accorder aux deux catégories de la variable pour effectuer une correction des estimations. Par
exemple, on gurrait simplement considérer les donnéegpregrammées comme étant
représentatives (poids = 100%) et ne pas prendre en compte les dorpiéiges (poids =

0%) de nos esti m®s dobéexposition.

Comparaison avec des sources de données externes :

La com@mr ai son ddune BDEP avec des sources de
repr ®senter une sour ce doéoinformation sur do
L6observation de di ff ®r ences entre |l es ni ve
contaminants spécf i ques ou dans <certains secteurs dos
particularités locales telles que la réglementation (ex : normes a portée réglementaire vs.

valeurs guides) ou par des différences de procédés, de méthodes de travail ou de moyens de
contrll e entre |l es pays. Par contr e, | 61 dent i
| 6ensembl e du spectre industriel et 7 travers
de strat®gie gl olbé@d les aréWwWa thicam globales engamadDER. t u d

et une source de données externes permet quant a elle de renforcer la fiabilité dans les

esti mPs dobexposi tcette bangueRradffat, sl @s peu propadle que deuxd e
10



sources indépendantes possédant des straitéigiesélection des milieux de travail et des

situations échantillonnées tres différentes puissent comporter les mémes LUaiais
comparaison de sources de mesures représente toutefois un défi particulier puisque les
systemes de nomenclature utilisésvarkeit une sour ce de mesures =~ | 0¢
niveau des systemes de classification des emplois et de la catégorisation des produits
chimiqgues. €& titre doeontadingimieer 24% des données dans c o | |
leur analyse comparativdes banques IMIS et COLCHIC en raison de systemes de

classification des emplois différents utilisés par les deux banques.

1.1.4 Représentativité demesures enregistrées dans I&DEP i résultats disponibles

Par mi | 6 e ns e matolvées daesslitté@tune goetant sur des biais identifiables
par | 6®t ude de par aseulé une &ude portaie sunuaesaute banqud D E P
g u 6 | WMHte& et coll. (20119nt montrédans cette étudgue | es ni veaux doexp

silice cristalline étaint plus élev@pour la stratégie de mesure « pire des cas » (Wwass)
comparé a une stratégie de mesure représentative dans la banque de données ExpoSYN créée

dans le cadre du projet SYNERGMtio des médianes des niveaux = 1.8 études basées

surl MI'S ont guant ” el l es port® principal emen
déentreprise (planifi®es, caus®es par des pl ai
dustatutsyndicad ur | es ni veaux doexpoaslémentleplomb,laun cont

silice et le formaldéhydeHenn et coll. (20119nt notamment montré que les établissements

de petite taille ainsi que les établissements syndiqués avaient une probabilité plus élevée
déavoir des r®sultatskE dd@QRPpldA i p o avielvilld &p pd Danbt.
Lippmann (2001)ont quant & eux montré quee s ni v e a u xau tdlderexegp @us i t i on

formaldéhyde étaienplus élevés lors des visitessa us ®e s par des plainte

11



comparé aux visites planifieeldne revue de lifirature patavoue et coll. (2013)décrivant
| 6ensembl e des ®taudceosncplour tcgaunet Iseusr rI@bIuSl,t at s di
montré la présencedda s s o cnotabtes de fiagon cohérenf@es études rapportaiedés
résultats contradictoiresur | a direction des effets des var

était modérée.

Quatre études portarstur la comparaison de BDEPa ut r e avecddesMdoihges

externesont étéretrouvées dans la littératui®lsen et coll. (1991pnt comparé lesésultats

de la banqual anoi se ATABAS avec un ensemble de mes.!
recueillies dans un échantillon aléatoire de compagnies du secteur industriel du meuble au
Danemark.Les résultats de cette recherche ont démontrélepiaiveaux @ e x posi ti on au
toluéne étaient plus élevéians ATABAS (médianed e s me s ur e splusiédegéeposi t i o
déun f act ¥inzents Bt coll. (199BY)nt comparé les mesures de xyléne dans les

secteurs industriels du travail du bois et depéanture par plwérisation dans 5 BDEP

européennes : ATABAS (Danemark), MEGA (Allemagne), COLCHIC (France), EXPO

(Norvége) et NEDB (Royaurddni). Les résultats de cette recherche ont démontré que les

ni veaux dodéexpositi oconstduges sle dorsmées phsans le badre q u e s

d 6 as s uMEGA eteCOLCHIC) étaient plus faibles que dans les trois autres banques,
constituéegle donnéegle conformité a des normes environnementales (ratio des médianes

des niveaux = 0,25Reters et coll. (20119nt comparés les mess de silice cristalline dans

plusieurs BDEP européennes et une BDEP canadiéeserésultats de cette rectlee ont

montr® que | es rtaienepus glevéd danx Ipsobanques laritanniques et
canadiennes, al or s gandléeslbanquést alemandes et o noml gle ®1 e v R
| 6 E u rrabigp reaxinfaldes médianesle 4,5 entre lepays). FinalementMater et coll.

(2016) ont comparé les résultats de deux BDEP francaises pour la périod@ @I 7Les
12



résultats ont montréeds n i v e asition pldsééevep danls banque de prévention
COLCHIC comparé a la banque de conformité réglementaire SCOLA (ratio des médianes

des niveaux = 3,45).

Cing études portant sur la comparaison de la banque IMIS avec des données externes ont été
retrouvées dns la littératureOkun et coll. (2004pnt comparé, pour le plomb, le contenu de

la banque IMIS (banque de « conformité réglementaire ») avec une banque intégrant des
mesures associées a une stratégie préventive (banque de « prévention »). Lesdésultats
cette recherche ont d®montr® que | es niveaux
conformité étaient systématiquement plus élevés que ceux étant liés a une stratégie de
prévention, cette différence étant toutefois assez faible (proportion de méépessant la

PEL plus élevée de 5% dans IMIS)avoue et coll. (2011pnt comparé les niveaux
déoexposition au formal d®hyde entre | MIS et I
milieux de travail et des profils industriels potentiellement tres difféemmtte les deux pays,

|l es portraits globaux de | 6exposition au f or me
et francaises étaient similaires. Finalem&fgndeloff (1984)Jones et coll. (198@&tLavoue

et coll. (2013)ont comparé le contenu de @anque IMIS avec ldanque de résultats

dodéanal yspour dffeddrils agents chimiques. Ces recherches ont montré que les
r®sultats des mesures effectu®es par | es insp
enregistrés dans la banque IMIEes étuds rapportaient cependant des résultats
contradictoir es searegistremeamus marqaénpoue lagddtaisrfaibleso u s

ou non détectés.

1.1.5 Les mesures nodétectées dans IMIS

13



Léoanal yse des ni vemduecamplexé pax ploas i pri ® epmtisgg d dune
élevée de résultats natécelés(ND). Pl usi eur s auteurs se sont i nt
des résultats ND dans IMIS depuis son instauration au début des annéd&rb88%s et

coll., 1986; Froines, 1989; Teschke et cdl®99; Melville et Lippmann, 2001; Henneberger

et coll., 2004; Henn et coll., 2011; Lavoue et coll.,, 20&B)ont discuté de trois défis

particuliers. Premierementt i a ®t ® sugg®r ® qudédune PDoportior
correspondaient a des sitwats de « nomprésence » (ex-d. agent était absent du milieu de
travail), l e reste des r®sultats ND correspo
présente mais non détectégar la méthode analytiquBes auteurs ont mentionné que la
quantitt & v ®e de r ®sul tats ND dans | MI'S sugg®rait
correspondr e 7 « hodprésence sf\elviket et Ltippnoann, 20@; Henn et

coll., 2011; Lavoue et coll.,, 2013Par contre,il existe présentement peu de données
empiriquessur cette problématique, et ce phénomeéne pourrait se révéler spécifique au
contexte dans l equel |l a mesur e a ®t® recueil
Deuxiemement, aucune informatisar la valeur de censure (limite de quantifica}lin 6 e s t

disponible dans IMI$ or squdun enregi str e mEuoistetmemsnt,telr appor t
que discuté dans plusieurs étudelamm et Burstyn, 2011; Lavoue et coll., 2013; Lee et

coll.,2015) | e statut doOune mesur e variabte®@entfiaknbsi est i nd
| 6®c hanti |l | on aleuodexpesitipnanoyenné pondéser 8 eureqVEMP-

8h) ou une waleur d'exposition de courte durée (VECDOJeci a pour conséquence
déemp°cher un wutilisateur danesnasure VEMBSOU un r ®s

une mesure VECD (correspondant en geénéral a une limite de quantification plus élevée).

Léoabsence doéinformation sur |l a val eur de cens

traitement des résultats ND. Puisque cette valduressl ®pendant e de | 6ann®e |

14



|l a sensibilit® des techniques analytiques) et
plus i mportant), | a signification doéun r ®sult e
expositions potentielleméndifférentes. 1l est effectivement possible que la limite de
guantification pour un r®sultat ND soit tr s
pour une mesure court terme en 1979 (LOQ plus élevée) et une mesure long terme en 2011
(LOQplusti bl e) . En th®orie, | 6am®lioration des te
devrait avoir contribu® -~ di mi nuer l a quanti
détection.Okun et coll. (2004pnt toutefois observé une augmentation de la prapode

résultats ND dans IMIS pour le plomb entre 1979 et 1997 (de 20% a 6@#)suggéere que
doautres facteurs (p. e X. tendances temporell
milieu de travail généralement a la bai§Sgmanski et coll., 1998;€ely et coll., 2007)) ont

pu quant a eux contribuer a augmenter le nombre de résultats ND a travers leslamnées.

projet visant a attribuer la limite de quantification correspondante a chaque résultat ND

pr ®sent dans | MI S ( e ndeladureadetmesare) e dcteellednentdnd a n n ® ¢

d®vel oppement dans | 6®qui pe du Pr Lavou®, ce

ces résultats.

Lébapproche |l a plus courante dans | e domaine d
résultats ND consiste a substituer ces valeurs par la limite de quantification divisée par un

facteur 2 ou la racine carrée dg€tornung et Reed, 1990pes méthodes considérées plus

val i des sont ®gal ement di sponi bl es, etelles

| 6esti mateur du maxi mum de vMeieri(ugnme tohnce et |
2004; Hewett et Ganser, 2000 onsi d ®r ant |l e peu doéinformation
dans IMIS, ces résultats ont généralement été exclus des analyses daneseardéubures

(Froines et coll., 1990; Melville et Lippmann, 2001; Lurie et Wolfe, 20@R) plus
15



r®cemment , i ncl us en | es classant cC omme i nf
largement supérieur a la limite de détection, par exemple une valetrdimid 6 e x posi t i o
(Hamm et Burstyn, 2011; Henn etcoll., 20IRour cette derni re approc
plus la concentration mesurée mais plutét une variable indiquant si cette concentration est

inférieure ou supérieure au seuil choisi : la limitedd®t ect i on ndest donc pl

pourvu quobtelle soit Iinf®rieure ~ ce seuil

Deux ®tudes ayant ®val u® | 6i mpact de | 6exclu
retrouvées dans la littératuf@avoue et coll., 2008; Lavoue et coll., 201Différents

scénarios de distribution des ND dans les catégories V&ME& VECD ont été simulés dans

ces études pour le formaldéhydae-&d. en les distribuant dans les catégories VE8HPou

VECD selon leurs proportions respectives dans les résultats détectésrodeseproportions

prédéfinies). Ces études ont conclu a des impactsnégligeables sur les niveaux

déexposition pr®dits.

1.1.6Limite des études existantes

En résumé, les données quantitatives contenues dans les BDEP représentent une source
déinfoomai mportante sur |l es conditions doboexp
chimiques. La BDEP américaine IMIS est celle qui présente le potentiel le plus élevé pour

| 6am®l i oration des efforts de pr ®veemord on des
ameéricainCependantia représentativité des données IMIS par rapport a la distribution réelle

des ni veaux dbéexposition r edstrlargemedtsincoatraue s l a p
Certains efforts de recherche se sont intéressés a identifi@raetériser les biais potentiels

pr ®s ents dans | a banque | MI'S depuis sa mise e
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r®sul tats obtenus ne sont que parcellaires. L
majoritairement porté sur une seuldstance a la fois et sur des semsembles particuliers

de donn®es. Les protocoles dodéanalyse wutilis®
compliqueégalement 6 i nt er pr ®t a tlliimporte doecsdemettResen Iplaca tes .

premier effort systémt i que do6é®valuation des donn®es dbhy

I MI S, portant sur | 6ensemble des agents chi mi
| 6enti re p®riode temporelle, ce qui per mettr
do®mi orer | 6interpr ®t abe pus la digpsnibilitéerécentetdala s di s p

banque CEHD ouvre des perspectives additionnelles venant de la comparaison des deux

banques, en part-eoukegestt émentde etoondgeddsa dur ®e

résultats ND.

1.2 Objectifs de la recherche

1.2.10bjectif général

L6oobjectif g®n®r al de <cette r eleshdennéehrde e st d ¢
contamination de lair ecuei | | i e sfédépake américaina @8HApeavent étre
ui | i s®es pour | 6estimation des expositions pro

1.2.20bjectifs spécifiques de la recherche

Le premier volet de cette rechercheevds®t udi er ~ travers | 6ensembl e
si lesvariables reflétant lesaractéistiques des établissemenisités et desnspectiors sont

associ ®es avec |l es niveaux doéexposition conter

17



L e second vol et Vi se " ®t udi er ) travers | 6

déterminant$ 6 e n r e g des dchartiioesalCEHD dans la banque IMIS.

Le troisiéme volet vise a prédire, parmi les résultats non détectés (ND) de la banque IMIS,
lesquels correspondent & degeurs d'exposition moyenne pondérée sur 8 heures (\VBRP
ou a des valeud'exposition de courte dur€éECD) en se basantsur6 i nf or mat i on con

dans labanqueCEHD.

1.3 Organisation de la thése

Cette thése, divisée en six chapitnqessente au chapitrella pr obl ®mat i que de |
des banques de donn®es dobemnrgénésal dt deolam baq@mueo f e s s i
|l MI'S en particulier pour | 0 ®\eachapitaet2idécntledd e | 6 e x
méthodes utiliséedont lasélection des données des variables dans les banques IMIS et

CEHD, les techniques de modélisation stafiges ainsi que la méthode de matelyse

utilisée pour synthétiser les résultats obtenus a travers les agents. Les trois chapitres suivants
contiennentlesnanuscr i t s do aondtitiat la eontribationgpnntipalee cqtie e

thése. Le chapie 6 présente la discussion générale des résudtdés conclusions tirées de

ce travail.

ARTICLE 1: Trends in OSHA compliance monitoring data 1208.1: statistical modeling

of ancillary information across 77 chemicaiublié dansAnnals of Occupatiwal Hygiene

(2016) DOI: 10.1093/annhyg/mev092.
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ARTICLE 2 Characterization of the selective
databank, 1982009: statistical modeling of ancillary information across 78 chemicals

Soumisauxc@ ut e ur s nepublisatior dads@ne revue scientifique.

ARTICLE 3: Nond et ect s i n OSHAOGS I MI' S d ahow bhitn k ,

long samplesPrediction for 54 chemicals using recursive partitioning statistical methods.

Soumisauxc@ ut eur s epablicatioredard Gne reeue scientifique.
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CHAPITRE 2 - Méthodologie



2.1 Descriptionde labanqual e donn®es IMI®exposition

La banque de donn®es | MI'S cdoentli @agencoee na @b
i nformations hi st or itiqnuetfestuéssiar einsgpecteursli 6sOSIHA doéi n
chargé de vérifier la conformité auw al eur s | i mi t es Ldsbneesue® si t i on
quantitatives recueillies par OSHA représentent un-sosemble spécifique de la banque

IMIS. Un extrait électronique de laabque IMIS, couvrant la période 192011, a été

obtenu par | 06 ®aq Profpsseudd®er rmeec hLearvcohue® daupr s de |
américaine OSHA via la loi américairseir la libertéd 6acc s ~ | 6i nformati on

Information Act).

Brievemen | 6extrait I MI'S contenait 851 987 enreg
effectuées en milieu de travail pour la période 120%, ces données étant réparties entre

1050 <codes doactivit® industriell édugriall on | a
Classification (SIC) de 198[0OSHA, 2014) Les mesures sont accompagnéésformatiors

contextuells permettant deonnaitre les caractéristiqudse | 6 i ns p e d)tGtaotn  ( Tab | e
donn® que | es donn®es dol Mlatdn de tacanforeiteraexn t dodoac
normes, leur majorité consiste en des moyennes pondérées sur 8 (MEIVE38h) ou

encore en des moyennes de courte d(veCD) en fonction de la période de référence

spécifiee par OSHADes 1169 différents agents chimiques geéts dans la banque, 65

avai ent fait | 600petmesder epd uddedxpoki ti on ©perso
repr®sentant 91% du nombr e t @es adents détaiem r e gi St |
majoritairement ®p arti s dans | es gsulaatssméalx, sobamtg, gaz,t s c hi

poussieres, isocyanates et HAP. Finalement, un peu plus de 65% des données
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correspondaient ©° des inspections faisant sui

inspecteur, les autres mesures étant associées a tles plianifiées.

2.2Descriptiondelabanque de r ®sultats dbéanal yse CEHD

En compl ®ment aux donn®es | MI S, | 6agence OSHA
en 2010a banqueCEHD contenanles résultats analytiques de laboratoire correspondant aux
prélevementsréalisésp a r |l es i ns p éostde leurs visitkd @eSdarAormité

effectuées depuis 1984Lavoue et coll.,, 2013; OSHA, 2015)es données CEHD

compl ®ment ent |l es donn®es I MI S en fourni ss.
do®chantlid | m®&tntageee anal yti que ai nsi gue sur | e
mesur ®s ° partir du m°me sluyppdrt ped@®omaret i 1do

réalise des calculs a partir des résultats analytiuex. ¢ a | ¢ u IVEMP&lianpartir de
plusieurs échantillons consécutifs de courte dueéenregistre par la suite le résultat de leur

calcul dans IMIS.

L 6 e x ¢lecteomnique de CEHRontenaitl 450 836enregistrementpour la période 184

2009. La majorité de cesnregistrementsorrespondit a des mesures personnelles (78.4%),

|l e reste ®tant constitu® de mesures en postes
en vrac(Lavoue et coll., 2013)Des 1082 différents agents chimiques présents dans la

banque78avai ent tdepltsddé ®hObdD jmesures dobébexposition per.

2.3 Liaison des banquetMIS et CEHD

Les analyses effectuées pour les articles 2 et 3 ont nécessité le croisement des données de la

banque IMIS avec les données de la banque CEHD. Pour ces deux lésidesix sources
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de donn®es ont ®t ® combin®es en utilisant | a
identificateur unique dbéune O6é®valuationd r ®al
8h doéun travaill eur ) .blelné powatttoutefois @tretcensidérgeu e c et
comme un identificateur parfait permettant de lier IMIS et CEHD. Aingi,durée
dé®chantil |l onnag econséritifalyea nd e su n® antf amet idlslaonmps i ng
CEHD semblait irréaliste dans certains ¢asex. >600 minutes), et certains enregistrements

dans | MI'S avaient | e m° medeanaysep prélimigairea sumb e r 6 .
trois agents chimiqueplpmb formaldéhyde et toluep@nt montré que ces situations étaient
relativement rares (<3%) Les mul ti ples enregistrements | i G
CEHD ont donc ®t® trait®s comme des mesures
travail et agr ®g®s pour l e cal cul de | a dur

concentrationdé 6 ®v al uati on.

2.4 Description des \ariables analysées

2.4.1 Variables présentes dans les banques IMIS et CEHD

Les variablesetenus pour nos travaumnt été restreintes aux parametres codifiés, éliminant
par exemple les champs contenant des informstiomon st andar di s®es tels
l es commentaires g®n®raux reli®s ~ | 6exposit

description était disponible pour une proportion suffisgoté-d. >95%)de mesures ont été

retenues.
Danslecasdal vari able correspondant ° | a raison ay
(6type dbéinspectiond), s eudasifigeplainte, mférdmasun 12 c at «

inspecteur, suivi et surveillanteo nt ®t ® r et enus p eureprésestdentanal ys e
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plus de 95% des donn®es. Les cat®gories Osui
pui squdoell es correspondai ent N des inspecti ol
®t abli ssement particul ment 6La ®a®i abl ®&®got as Pk e

données en tertiles basés sur le nombre de travailleurs dans chaque établissementlinspecté

35 travai

ddéexpositi ond wacat@gories VEMAB8ahr, ® ec oernr edsep o nd a-n't

wei ghted average

Il Il eur s

= petite, 36 ° 150 = moyen

(TWA) O de |l a banque de

entr ®eserdomhexposure | evel (STEL) 6, Opeakd
données. Des analyses préliminaes avai ent montr® | 6dabsence
ni veaux dobéexposition associ®es ~ <ces trois

Table I: Sommaire des informations contenues
IMIS et CEHD
Variable Type Degription
Variables communes aux banques IMIS et CEHD
Inspection number Nominale ldentificateur unique |i®
Nom de | 6®t ab Texte Nom de | 6®t ablissement |
pas uniques: &-d. q Ul feut y avoirdes variations dans la
facon dont les établissements sorthographié)
Ville Texte Indiquele nomdelavilleo %2 | 6i nspecti or
Etat Nominale Indiquel 6 fotYa tl 6i nspection a e
Code ZIP Nominale Indiquelecode ZIPo %2 | 6i ns fieect i on a
Code SIC Nominale Indique le code a 4 chiffres correspondant au Standard
Industrial Classification Code des versions 1972 ou 198
(les enregistrements antérieurs a 1987 sont codés selon
systéme de 1972)
Sampling number Nominale Identificateurmi que | i ® une ®v éll u

peut y avoir plusieurs su
cassettes, tubphés a cet identificateur, reflétant les
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Variable Type De<ription

mul tiples ®chantillons wut
8h)
Année d'échantillonnage Contirue Date " laquelle | 6®chanti
Code | MI'S de Nominale Code IMIS de la substance chimique
Nom | MI'S de | Nominale Nom de la substance chimique fourni par IMIS
R®sul t at do®c Continue R®sul t at d o6 ®edeaeoncentrationon e n
Unité de mesure Nominale Unité de mesure (mgfyparties par million, fibres/cc)
Type doé®chant Nominale I ndi que | e t ypeasonnd,pdte btaionhaire

sang, urine, criblage, frottis, vrac

Variables spécifiquesa la banque IMIS

Type doéi nspec Nominale Indique la raison de la visite : les inspectisnst
catégorisées en visite nprogrammeée (plainte, suivi,
r ®f ®r ence doébun inspecteur
a une autre inspection)

Portée de l'iapection Nominale I ndi que soil sbagit dobébune
| 6®t abli ssement

Taill e de | 6 ® Continue I ndique | e nombre ddéempl o

Présence d'un syndicat Nominale I ndi que | e st alissementyisit@di c a

Plan OSHA Nominale Activité reliée au régime fédéral OSHA (federal OSHA) ¢
a un régime étatique OSHA (state OSHA plan)

Type d'exposition Nominale I ndi que si l a mesure corr
moyenne pondérée (VEMBh),aune val eur
courte duré€VECD) ou a un résultat natétecté

Titre dbéempl o Texte Courte description de | b6e

Variables spécifiques a la banque CEHD

Type doéi nstr u Texte Description de | 6instrume
| 6 aseal vy
Field number Nominale Identificateur unique liéawupport doé®p.h

ex.cassette, tubejoumis pour analyse

Dur ®e do6 ®c han Continue Dur ®e do6é®chantill onnage e
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Variable Type De<ription

Vol ume dobair Continue Vol ume d dlanhérenl®esh ant i
2.4.2 Variables construites ° partir de | a bar
Ces variables ont été créegeoour ref |l ®t er | e profil déinfract

établissemest Accessible publiguement sur le site internet dpdanent of Labo(DOL),
|l a banque doi n(S RepattmeatrosLabdrp20EHbAt i ent | 6ensembl
infractions émises aux établissements en raison duaspect des normes en vigueur et ce,

pour toutes les visitesffectuéegpar les inspectear d 6 OSHA depui s sa cr ®ati

proc®dure de | iaison des banques | MI'S et CEH
bas®e sur l' e num®r o dobéinspection et sur | 6 a
pr ®sent ®el.” | 6 Annexe

Une premiére variabla ®t ® cr ®®e repr ®sentant | 6i-ndi ce hi
conformit® doéun ®tablissement donn® en addit
| 6ensemble des visites effectu®es. Une s®rie
nombreet e type doéinfractions ®mises | ors doune i
infractions ont ®t ® regroup®es sel on | 6un d e
conformit® aux nor mes déoexposition (PEL) 6, o}

ri squesod et Oautresd (infractions principalem

électriques).

2.5 M®thodes dbébanalyse statistique
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Au cours de cette recherche doctoral e, pl usi e
été utilisées fan de répondre adéquatement aux différentes questions de recheeache. L
présente sectiorprésente brievement les techniquemployés, dont certaines sont

commuresauxtrois articles.

251la mod®l i sation deslanslMI8eaux doébexposition

2.5.1.1 Modeegs derégressionlogistique et linéaire

La r®gression est | 6une des techniques | es pl

ni veaux dobéexposition aux contaminants chi mi gue

Léoapproche | ogi s erileg vateurspdaime mariabiépbrisebiraprd a partir

d'une combinaisonle variables explicatives continues ou binaires. Dans notre étude, cette
approche a ®t® utilis®e afin dbéesti mer | 6ass
pr obabi lexpdsiion dépasse h 6 s e ui | d 6 e x (o.@d. ithtesholdhlimip r ®d ®f i n
value (TLV) (ACGIH, 2014). Cette approche a permis | 06incl
| 6ensemble des r ®sul t at s enNd3 classam tommelirgfériipan s | a |
laTLV.L6association de chagqlues varvaeableaét@&pxpecait
quantifiéeen utilisant les mesures de rapport de cotes (R&)r une variablde catégoridge

RC pour une catégorigpécifiquereprésentda cote de dépasser la norrae vigueurpour

cette catégoridivisé para cote de dépasser la norpeur la catégorie de référende cette

variable (unecote est définie par le quotient entre la probabdigéépasser la normet la

probabilité de ne pasiépasser la normiePour ue variable continue, IRC représente le

changementdeotel or sque | a variable change ddéune uni t
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Léoapproche |l in®aire per met rcegdoesecpntinueqaupartr | es v a
d'une combinaison deariables explicatives continues ou bieair Dans notre étude,
Bbappldoan®ai re a ®t ® utilis®e afin dbéestimer | 06
le logarithme des concentrations mesurées détedtéése f f et de chaque varia
de type catégoria été présenté soustaf me do61l ndi ces r elLavbueets dbexp
coll., 2008; Sauve et coll., 2012, 201B¢ RIE de la catégorie de référence est de 100%; une

cat ®gorie avec un RIE inf®rieur ~ 100% est do
et viceversa.Par exemple, un RIE de 50% pour une catégorie signifie que les niveaux
ddoexposition pour cette cat®gorie sont en moy

catégorie de référence.

Les modéles traditionnels de régression logistique et linéaire fotie pke la famille des
modeles linéaires généralisés (GLEJosmer et Lemeshow, 2000pans ces modeles, la
relation entre la variable réponse et une variabplicative continue est habituellement

modélisée par une simple droite, ce qui peut étre ingpprd-riesen et coll. (2012t

Lavoué (2006pnt not amment montr ® que | degtelationssat i on
entre |l es ni veogturxandd ex pn®si téton | Ownlad®e de | a
d 6 ®c h a n tpouldit dansrcertgies caseéétr i nad®quat. Afin de per met

relations plus complexes entre la variable réponse et les variaéicatives continueses
modeles additifs généralisés (GAMnt été utilisés. La régression logistique a donc été
remplacégar un model&AM avec réponse binairet la régression linéaire a été remplacée

par un modéle GAM avec réponsentinue.
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2.5.1.2Les modéles additifs généralisés (GAM)

Les modéles GAM sont une extension des modélelsl (Hastie et Tibshirani, 1990)Is

permettent contrairement au modeles logistique ou linéaire traditionnetsé assoupl i r (I
relation entre lavariable réponse etune variable explicative continuep a r l utilisatic
fonctionsde lissagee s avantages des GAM padelsagggopor t =~ d-
qguodils permettent dout i |comgirerp. ax.ncencentration) alb | e r ®p
dichotomique (p. exprésence / absence De pl us, ils permettent d

composantes linéaires et nbn n®ai res au seian nddunum® Mmedi mad uls

variables de cat®gorie et dbéinteractions entr e

Dans | 6® ude de mod®|isation des niveaux doe
variabl e continue di s planrelatioh entre@atvariable répohse eth ® e d e
| 6ann®e a donc ®t ® ®t udré@ese praire etlGAM wrgponsec he GAM
continue») afin de permettre des tendances temporelles complexes et donc un meilleur

contrll e de | a c onnfduessi orne | daatniso nlsd eesnttirnea tlieos ni \

autres variables du mod | e. € not explicatiyve e | 61 nt
non lissée est réalisée de la méme fagcon que pour un modele logistigue ou linéaire

traditionnel.

Dansude del®dbenr egi strement s ®| gqaticle #2), ckesent ddso n n ®e s
fonctions polynomiales qui ont été utilisées pour assouplir la relation entre la variable
réponse et les variables explicatives continuesa(l. année de mesure et durée

d &k@antillonnage). Cette approche a été utilisée dans cet article méme si elle est considérée
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moins souple que | dapproche GAM puisqudil no®

modeles derégression de Poisson modédie.

252L 6 appr oc hree nmudmodéle®r e

La modélisation statistique consiste a étudier la relation entre une variable réponse et une ou

pl usieurs variables explicatives. La pr®sence
une influence sur la réponse, alors tpgevarables absentes du modele final sont considérées

comme nbdbayant auc UWastradyié dilisée paurséldctoonner@pabless e .
aincluredans le modele final a donc un impact majeur sur les conclusions pouvant étre tirées

d 6 une .adaaméthgdstaditionnellementutilisée pour le dveloppement de modeles

(stepwise regressiojonsi ste ° | daj out setomunariiéremprédéfinai t des
(p.ex.valeurp) usqudé”™ | 6obtention dbébun mod Ile final (
avoir une influence sur laréponse Cett e approche est probl ®mat i
guant : |l a s®l ection du mod Il e final nédest p
données est utilisé pour choisir le modele final et estimer les coefficied qui tend a

donner des r®sultats refl ®t ant l es donn®es d

validation externeq-ad.ne r ef | ®t ant p a s (Ldvaue gi Drpzu2D0@)t i on doi n

La proc®dure dobéi nf ®r en c ar egtiuelr kes coeffidients et lear ®t ® u-

variabilit® plut?t gudune m®t hode bas®e sur d
telle que | a proc®dure stepwise. Bien qubéampl
appliqu®e, | 6apmpoblc@®matsitepevi pei et depl |l e est s

fausses relations eta seeiss t i me r | (airel, 39D1; Burnhamdee Anderson, 2002;

Lavoue et Droz, 2009Af i n de pallier ° | 6i ncertitude ass
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Raftery et coll.(1997) ont proposé une procédure de modélisation statistique basée sur

| approche Bay®sienne (Bayesian model averagi
ont guant " eux propos® une proc®dure similai
t h®ori eordmati é6nnf r ®c emment utili s®e pour mo d

contaminants (Lavoue et Droz, 2009; Lavoue et coll., 2011; Sauve et coll., 2012, 2013). Ce

type de proc®dure repose sur la d®finition a
construi s © partir de combinaisons uniques des va
approches traditionnell es, | 6i nf ®rence est ef:

de la liste établie initialement. Les résultats finaux sont obtenusgtonagrant les résultats

de tous |l es mod | es en wutilisant une pond®r at

chaque mod | e aux donn®es. Le poids relatif (
modele candidat donné soit celui qui explique leuxr la réponse en fonction des données

rcol t ®e s, et ®t ai t bas® dans notre anal yse
(Burnham et Anderson, 2002). Les coefficients de régression « multimodele » sont obtenus

en calculant une moyenne des coeffitseale chacun des modeéles, chaque valeur individuelle

®t ant pond®r ®e en fonction du poids relatif d

pour une variable présente uniguement dans des modeles comportant de faibles poids relatifs

va donc tendre ves ® r 0 , un ph®nom ne appel® ¢ shrinkage
une di chot omi e c i mportance / aucune i mport
multimod | e fournit un portrait plus nuanc®,
sélection demod | e. Avec cette approche, Il e cal cul
prend ®gal ement en compte | 6incertitude quant
« variabilité intramod | es e (erreur moyenne duwrrearoef fi ci €

inclut une composante « variabilité ir@odeles » (variation des estimés du coefficient a

travers les modélegBuckland et coll.,, 1997) Par cons®quent, |l es esti
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typiqguement plus grands (et les intervalles de confiance ptug la s ) gue | orsqudi
obtenus avec |l es approches traditionnell es.
déam®l i orer ° l a fois | 6destimation du coef fic

risque de faux positif comparé aux résultats obteawesc un modeéle complet ou par

| 6approche stepwise. € noter que |l e r®sultat

| 6approche tadadistieommiedd)e I(acr.squdéun mod | e da
élevé. Les différences entre les deupraphes apparaissent lorsque plusieurs modeles dans

la |iste ont d e sadie @uedes dosnéas ind permettent pas de Glassetr
clairementcoome | 6un mei l |l eur que | 6autre.

Léapproche multimod | e a ®tf@rlestassdciatsr®entredans | 6
les différentevariablessdi sponi bl es et | es chaduneaesapproahdse X po s i -
de régressionGAM « réponse binaire et GAM «réponse continue).

2.5.3L0 a p p r o «régessidrede Poisson modife»

Larégessi on | ogistique est | 6approche habituelll e

des variables explicatives et une variable réponse dichotomique. Cette approche fournit
directement un estim® de | d6eff etcotas®O)..e vari ab
risquerelatif ( RR) r epr ®sente toutefois | a mesure doas:c
ri sque de survenue dbébun ® v®nement dans un gro
groupe de référence. Lorsque la prévalence du caract&tié ést faible dans la population,

le RC représentene bonne approximation dRR (Hosmer et Lemeshow, 200@ | 6i nver s e,

le RCaura tendance dobéasneeytai medgledabpetimiemddd

caractere étudiést élevé dans la populaih (>25% environ)
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Loapproche de r®gression de Poi sson modi fi ®e
(Poisson regression model with a robust error varignpeésentée paZou (2004) et

Greenland (2004) per met | 6esti mati on dblerréonseeestd u RR
dichotomique. Cette approche de modélisation est donc particulierement applagdée

la prévalence du caractére étudié est @ed@ns la populatianLorsque la régression de
Poisson est appligu®e "~ debodosnn@@sdbi RBmsat a:
Léutilisati on estimatioh aocbugta decla®vhtangee r dnke t doef fectue
correction appropriée. Cette approche a récemmemtppléguée en hygiene du travail pour

| 6®val uat i onaudérylidmbapartip des dannéesnMI$Hamm et Burstyn,

2011)

Dans | e deuxi me vol et del banreghercémendtocti es
dans IMISa ®t ® r ®al i s ®e e rrégrdassioh desPoiason mModiig fepr oc he d
échantillons de la bajue CEHD ont été transformés en une variable binaire indiquant si la

mesure apparaissait également dans la banque IMIS (cette variable binaire était la variable
r®ponse) . Nous a v 0 nwrégressian lde Pdasson had@ispcarola he de
proportiond e b ase d o6 aesrdengéesdans dviBaincbnsidérée élevée.&-d.

>25%), le RC ne représentant donc pas bonne approximation du RR6associ ati on ¢
chaque variable explicative avecé e n r e g des données dans IMESEtE quantifiéen

utilisant les mesures desque relatif (RR). Pour une variable, le RR pour une catégorie

sp®ci fique repr®sente directement |l a probabil
cette cat®gorie divis® par | éoripdeodiéeemcdel i t ® dob°

cette variable
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25.4L 6 a p pr o c h-aenalysepounl® syathése des résultats a travers les agents

Pour | a mod®I|lisati on deréponsd binara et GAMI«@épongeo si t i on
continuee) ai nsi g u el Opegistrement de®données dadsdNH&yression de

«Poisson modifiée»),] 6 associ ation entre chaque variable
été évaluée séparément pour chacun des agents chinfgueshaque catégorie de chaque

variable, une mesurd 6 associ ation (p. ex. RC, RI E, RR) e
agent chimique (p. ex. un RC pour la catégorenikeprise de grande taibepour chaque

agent chi mi que daéapanselbibaag).pr oche GAM ¢

L 6 appr onétdaralysbest une méthie statistique qui permet de combiner les résultats

individuels de plusieurs études indépendantes en un résultat co(Boremstein et coll.,

2010) Dans le contexte de la présente recherche doctorale ékesies> correspondaient

aux agents chimiguesalmétaanalysea effets aléatoires avec estimateur de DerSimonian et

Laird (Borenstein et coll., 201® donc été utilisée afin de combiner les résultats de tous les
agents chimiques et déoobtenir un portrait g
explicative avec la variable répondéestimation de l'effeglobal de chaque catégorie de

chaque variableest donc la moyenne pondérée des estimaiondividuelles a travers les

agents chimiques. La pond®rati on tyde@pdetad de | a

di stance enspeci beffietetngkeaeffet moyen gl obal

Pour un coefficient particulier, les résultats matalytiquepour chaqueagent chimiquesont
présentésle facon combinée sur un graphique appelé "forest glet"graphiquesuivant
pr ®sente un exemple de forest pl ot pour | 6est

donnéedans une régression logistique:
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Agent #1 .—'__.
Agent #2 — .
Agent #3
° ; RC pour
Agent #4 ..._._‘3 L_ h .
Agent #5 _.— chaque agen
Agent #77 -
Meta-OR ......_._
i

0.50 4.00
\ RC global

Figurel: RC pour chaque agent et RC global pour une variable de catégorie donnée

On retrouve sur ce graigue la description de chacun des agents chimiques, son RC

i ndividuel repr®sent® sous f or mesrédultaisrsontc arr ® e
combi n®s sous l a for me doé wloballceasdaRCgméta q u i rep
analytique) Le milieu du losange représente la valeur estjre&seextrémitéseprésentanes

bornes de l'intervalle de confiance qui entourent cette estimafdigne verticalecontinue

représente un effet nde la variablgRC=1). Le forest plot permetloncde positonner les

résultats de chaquentpar rapport au résultabmbinéet dobéai nsi pr ®senter Vi

différences entre agents.

2.5.5Les modéles CART pour la prédictionde la durée de mesureles résultats ND dans

IMIS
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La modélisation CART Classifiation And Regression Trgeest une méthode de
classificationbasée sur la construction d'un arbre de décision bigairea pour but de
construiredes sougroupes qui soient le plus homogene possible pour une caractéristique
donnée ¢.-a-d. la variableréponsg. Cette approche statistique a récemment été appliquée
dans différentes études en santé au travail et en épidémidleggsen et coll., 2013;
Wheeler et coll., 2013; Wheeler et coll., 2014; Van Hulst et coll., 2@rt§vement,cette
approchepernet de construire un arbde décisiorpar le biais de divisions successives en
fonction de variables explicatives qui peuvétre continues ou de catégolie variable qui
prédit le mieux la séparation du jeu de données en dewgsaugeshomogenegc.-a-d. ou

les données dans chagseusgroupe sont les plus semblables en termes de la réponse
étudiée)e s t tout d 6 ddésodondéesi sdne ansuitef sé@rees, le processus est
réappliqué séparément a chacun des-gomspes, et ainsi de suitedefan r ®cur si ve | u:¢
ce que les sougroupes atteignent une taille minimaleaue la valeur de la variable réponse

soit la méme pour toutes les données du-gooispe.

Dans |l e troisi me volet de |l a rechemdehe doct c
prédire, parmi les résultats non détectés (ND) de la banque IMIS, lesquels correspondent a

des valeus d'exposition moyenne pondérée sur 8 heures (VBBMPou a des valeurs

d'exposition de courte durée (VECERn se basant sur les caractéristiquetaduesure. Le

graphique suivant présente un exemple fctif mp | i f de®lasgificationb r e
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Année

<2002 22002
Secteur d'activité VEMP-8h
15/5
Construction Manufacturier
Transport
VECD Taille de I'établissement
4/16
Petite Grande
VECD VEMP-8h
5/15 3317
Figure2 : 'l lTustration doéun exemple fictif simplif

Arbre de classificadn (CART) utilisant trois variables prédiges pour la classification

de 100 enregistrements dans deux souss e mb|l es de donn®es. Les
(terminal nodes ) | a base d e lal distilbuton edu momi®es ent ent
doenregi strement s-epoemblclhhacda desuiv@ous(sel o
VEMP-8h / VECD) et le nom de la catégorie la plus fréquente. Dans cet exemple, le
processus de modélisation prédit que les variabesx«n ® e doé ®c hanwb,i | | onnaq
«secteur doacti vwd @& a3 | ma n wfea clt u@deelohti s s e me n:
davantage de chance de mener a la catégoviEMP-8h» (on note que 33 des 40

enregistrements suivant cette voie correspondent a cette catégorie). La catégorie la plus

fr®quente est habituell ement ut inblijpse®e pour
VEMP-8h pour®2002),maisil est possible dehoisir des crittred i f f ®r ent s si | 0e
pluscoe use dans un sens que dans | dautre.
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3.1 Abstract

Objectives The Integrated Management Information System (IMIS) is the largest multi
industry source of exposure measurements available in North America. Howewngr, ma
have suspected that the criteria through which worksites are selected for inspection are
related to exposure levels. We investigated associations between exposure levels and
ancillary variables in IMIS in order to understand the predictors of high asesthin

an enforcement context.

Methods: We analyzed the association between 9 variables (reason for inspection,
establishment size, total amount of penalty, OSHA plan, OSHA region, union status,
inspection scope, year, and industry) and exposureslaaelMIS using multimodel
inference for 77 agents. For each agent, we used two different types of models: (i) logistic
models were used for the odds ratio (OR) of exposure being above the Threshold Limit
Value (TLV) and (ii) linear models were used foipesure concentrations restricted to
detected results to estimate percent increase in exposure level, i.e. relative index of
exposure (RIE). Metanalytic methods were used to combine results for each variable

across agents.

Results A total of 511,047 expsure measurements were modelled for logistic models
and 299,791 for linear models. Higher exposures were measured during-dpllow
inspections than planned inspections (F@R=1.61, 95% CI. 1.441.81; meta
RIE=1.06, 95% CI: 1.03L.09). Lower exposures we observed for measurements

collected under state OSHA plans compared to measurements collected under federal
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OSHA (metaOR=0.82, 95% CI: 0.13.92; meteRIE=0.86, 95% CI: 0.810.91). A
O0highdé tot al historical a mo u nated vath higpee nal t vy

exposures (met®R=1.54, 95% CI: 1.4Q..71; metaRIE=1.18, 95% CI: 1.131.23).

Conclusions The relationships observed between exposure levels and ancillary variables
across a vast majority of agens procesug gest
selecting worksites for inspection influence the exposure levels that OSHA inspectors
encounter. Nonetheless, given the paucity of other sources of exposure data and the lack
of a more demonstrably representative data source, our study certbieleise of IMIS

data for the estimation of exposures in the broader universe of worksites in the United

States.
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3.2Introduction

Assessment of workplace exposures is an important component of the prevention and
management of workplace riskformation on intensity, duration, and frequency of
exposure to chemical air contaminants is used in exposure surveillance programs
(Gomez, 1997a; Ruttenbet al, 2001; LaMontagneet al, 2002) identification of
intervention priorities(Froineset al, 19863, and epidemiologic resear¢Btewart and

Rice, 1990; Olssomet al, 2011; Frieseret al, 2012; Kohet al, 2012) In all of these
contexts readily available sources of measurements that represent a wide variety of
chemical agents, industries, and tiperiods are needed. Given the significant costs
associated with the direct measure of workplace exposure and the impossibility of
measuring past exposures, existiegposure data can be a valuable source of

information.

Nationwide occupational exposureathbanks (OEDBs) are one source of individual
exposure measuremen{&omez, 1993; Rajaret al, 1997; Lavoueet al, 2013)
Established in several countries in the early 1980s, existing OEDBs contain
measurements made by governmental agencies for vauopsses including regulatory

and prevention activities.

The largest multindustry source of exposure measurements available in North America
is the Integrated Management Information System (IMIS) maintained by the
Occupational Safety and Health Admingion (OSHA). IMIS has recently been

replaced by the OSHA Information System (O(8% Department of Labor, 20148his
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databankcontains air sampling measurement results from surveys performed by OSHA
inspectors to verify compliancevith Permissible Expsure Limits (PELs). Several
authors have reported the use of IMIS data for various purposes including the production
of general portraits of exposure levels for a pollutanan industryor an occupation
(Cobleet al, 2001; Yassiret al, 2005; Lavouest al., 2008) estimation of proportions or
numbers of workers exposed in a particular indu@timych et al, 1998; Hennebergeat

al., 2004) study of time trends in exposu(®liddendorf, 2004; Okuret al, 2004)
identification of factors associated widxposure levelfGomez, 1997b; Melville and
Lippmann, 2001; Lavouet al, 2008; Henret al, 2011) and in support of exposure

assessment in epidemioloffamm and Burstyn, 2011; Lex¢ al, 2015)

Even if IMIS represents a great potensalrceof information, many have questioned
whether the measurements reflect exposures in the general U.S. working population. The
targeting of workplaces for enforcemensits and the selection of workers for exposure
monitoring are nomandom and may over represemtations with higheror lowerthan

average exposures.

There exists no gold standard datagainst which to assesbe representativeness of
exposure levels in IMIS. Therefore, potential differences between exposure levels in
IMIS and the broader U.S. palation have mostly been investigated through studying
associations between IMIS exposure levels and ancillary information describing the
circumstances associated with a measurenfRetent examples include the study of

Hennet al. (2011) which showed tht smaller sized and unionized establishments had a
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higher probability of having sample results that exeeédde PEL for leadAssuming this
association holds true in the broader universe of occupational exposures, and to the extent
that smaller, unionizk establishments are oveor undefrepresented in the IMIS
database, the measurements of lead in the IMIS database may not accurately represent the

broader set of occupational exposures without adjustment for these variables.

A literature review byLavoue et al. (2013)concluded that no associations of appreciable
magnitude were consistently reported across studies between exposure levels in IMIS and
variables associated with workplace selection. However, these studies focused on
different variables, spéic subsets of data, various chemical agents, and different
analysis techniques, complicating their interpretation. The main objective of our study
was to conductthe most thorough possiblevaluation of the association between

exposure levels in IMIS whtancillary information across a broad range of chemicals.
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3.3Methods

The Integrated Management Information System (IMIS)

The IMIS databank containkistorical information about inspections araksociated
occupational health and safety enforcemenividis conducted by both feder@SHA

and stateplan inspectors throughout the U.Fhe quantitative measurements taken by
OSHA to determine complianceith PELs are a specific subset of the databank. Along
with measured values, each record containgnmétion about the company, including the
name and address of employer, total number of workers at the worksite, and whether it is
unionized. The industry is identified by a SIC code from the 1987 or 1972 Standard
Industrial ClassificatiofOSHA, 2014c)and also by a code from the North American
Industry Classification System (NAICS) after 1990SHA, 2014a) Information on the
monitored job is provided in free text form. The date, type of inspection (i.e. complaint,
referral, followrup, planned), scope ohspection (full or partial), type of sample (i.e.
area, bulk, personal, screening), and whether the inspectioangucted by federal
OSHA or under an OSHAtateplan are also recordedtate plans must set workplace
safety and health standards that aae |IBast as effective as" federal OSHA standards
(OSHA, 2015b) although they have the option to promulgate additional or more stringent

regulations covering hazards not addressed by federal OSHA.

Data preparation
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An IMIS extract containing air monitorg results of all compliance evaluations involving
sampling from 1979 to 2011 was obtained through the Freedom of Information Act. The
extract contained 851,987 records corresponding to 107,647 inspections, covering 1,050
SIC codes and 1,054 agenBRecord corresponding to area (n = 35,617), bulk (n =
24,789), blood (n = 128), urine (n = 34), wipe (n = 10,344), screening samples (n = 158),
and exact duplicate samples (n = 1,950) were excluded. We also excluded measurements
of noise (n = 192,935ps wellas measurements that weret analyzed (n = 3,029) or
recorded asnvalid samples(n = 3,964). The analysis was restricted to all chemical
agents that had at least 500 samples. Agent codes without a Threshold Limit Value (TLV)
(ACGIH, 2014)or PEL value(OSHA, 2014b) discontinued before 1990 or introduced

after 2000 were further excluded (9 agents corresponding to a total of 16,046 records).

Ancillary information examined

We selected eight of the 17 variables recorded in the IMIS exposure dataseandype

scope of inspection, union status, federal/state OSHA plan, year of inspection, SIC code,
OSHA region, and type of exposure), plus two variables derived fromptitdicly

available IMIS violation dataset (US Department of Labor, 2014bjfsize of
estallishment, and total penads assessed as a result of violations at eatablishment)

(Table1). Variables were excluded if they were either recorded in astardardized

form, had al |l entries set to O6mi sasegoryg 0, or

(>95%) (Tablel footnote d). Prior to modelling, correlations between independent
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vari ables were evaluated wusi ngFisRerandnem 6s V a

Belle, 1993)

Type of inspection is a record of the reason for conducting ieaplkction. Only five of

the twelve possible categoriésplanned, complaint, referral by a safety compliance
officer or other source, followp, and monitoring were retained for analysis since they
represented more than 95% of the data.dlieo tulp@mvd 6 moni t oringdé cat e
combined since both correspond to inspections where the compliance officer returned in a
particular facility. The number of workers in each inspected facility was used as a
measure of the size of the establishment. Thisabke was treated as categorical by
breaking down the data in tertiles based on the number of workers in each establishment
in the whole IMIS exposure dataset (1 to 35 workers = small, 36 to 150 = medium, more
than 150 = large). Treating this variablecasmtinuous was also explored in preliminary
analyses and did not change the results. The type of exposure variable was divided into
two categories:time-weighted average TWA), corresponding to -&r shiftlong
measurement$er mahd o athsodtegmn expdsureglevelSTEL),

peak, or ceiling levels (no difference between these three-tghortcategories was

observed in preliminary analyses).

Coding industry

Industry was included in our analysis in order to control for potential codiiogrin

estimating the effects of other variables relatedthe representativeness of IMIS
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exposure data. A partial aggregation of data across 4tigit4SIC categories was
performed so that approximately 30 industry groups were obtained for each dhemica
agent in the analysighis yielded a manageable number of categories and still allowed
variation across a significant number of groups. For each agent, when fewer measurement
results than a predetermined cut point was available fedigidSIC categoy, the more

specific digit was dropped to create a broader category. Cut points were determined by
dividing the total number of measurements for the specific agent by 60. The cut points
varied from 15 for the least frequent agent to 949 for the most fnieqgent.The

process was repeated until the number of measurements in the category was greater or
equal to the cupoint, or the code was reduced to a SIC major divisiedidit). Finally,

if a 1-digit code was not associated with more measurementshibautpoint, it was put

into an Oother6 category. This system of
employed when working with other similar analygéavoueet al, 2008; Leeet al,

2015)

Total amount of penalty

The total penaltyassociatedvith each establishmemtas obtained by linking the IMIS
exposure dataset with the IMIS violation dataset (linking procedure, based on inspection
number and character matching ektablishmentnames, is available from the
corresponding authorfror a parttular measurement, this total was adjusteexnjuding

fines that came fromitations we judged the most closely related to compliantePEL

(Occupational Safety and Health Standards from 1910.1000 through 19)0da0&#
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corresponding inspectio®SHA applied a penalty reduction structure for size allowing

for penalty reduction between 10 and 40% for employers with 250 employees or less

until 2012 (OSHA has since increased the maximum employer size reduction factor from

40% to 60%)(OSHA, 2015a) The penalty variable was analysed as a fdevel
categorical variable (6no penalty6 category
zero values). Treating the penalty as a continuous variable or further standardizing by the

actual number of employselid not affect the results.

Statistical modeling

Treatment of nometectable (ND) measurements in IMIS has been discussed by several
authors(Melville and Lippmann, 2001; Hennebergetr al, 2004; Hennet al, 2011,

Lavoueet al, 2013) It has beenwggested that an unknown proportion of ND results

may correspond to 6énot presentd situations,
the remaining representing situations where
the sampling and analyticalpproach. Not knowing which interpretation is closer to the

truth, we analysed IMIS data with two different approaches which represent the two
extremes of treat ment of ND resul ts: al |l a
present 0. Cgs fosa psetlicon across thesd twam approaches would provide
coherent evidence for the role of the predictors independently of the methodological

issues associated with each approach.
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We first modeled the probability of exposure above the TLV (or PEUpvinig

approach oHamm and Burstyn (201HndLeeet al. (2015) This analysisorresponds

to the Opresent but not detectedod6 interpret
allowing the inclusion of all data with ND results classified as below thslbld; we

refer to this as o6l ogistic model 6. Secondl y
using O6linear model 6. This analysis assumes
and, asFroineset al. (1990) mentioned, should be removed sineEazexposure would

not be a valid measure in workplacekBene the agent is present. Moreover reports have

shown that multiple agents are sometimes measured on the same sampl@HeTatid

al., 2011; Lavoueet al, 2013) This situation would create ND g@lts each time the

inspector is interested in a particular agent in the group creating results for the other
agents cl ear Mhile fhen analysigpaf prebability of.exceeding exposure

threshold may seem less prone to bias, the analysis ofetetesults with linear models

has the advantage of estimating association with levels of exposure measurable on a

continuous scale.

Logistic models

For each chemical agent, the measurement results were dichotomized into a binary
variable indicating whéter or not the measurements exceeded the TLV or OSHA PEL
for agents without a TLV. Binomial generalized additive models (GAMur et al.

(2009) were used to evaluate associatioetween all variables and a sample result

exceeding the TLMor PEL) GAM models helped capture ndimear exposure time
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trends for benzene in a recent styfiyiesenet al, 2012) We applied the current TLV

(or PEL) to all years, so that direct comparisons could be made across all years using the
same metric. Curvilinear relatiship of year with probability of exposure above
threshold were modeled using tipfate splinegZuur et al, 2009)to ensure for control

of confounding in the estimation of relationships between exposure levels and other

variables.

Linear models

As diussed inLavoue et al. (2013) the status of a measurement coded as a ND is
provided in the same variable that identifies a sample as al@igftor shorterm
measurement. This implies that it is not possible to know whether a ND was measured as
TWA, STH., peak, or ceiling value, which prevented the inclusion of this variable in the
logistic analyses. We used generalized additive mixed models (GAKMr et al.

(2009) to assess the association of all variables, including the type of exposure
(TWA/shortterm), on logtransformed detected concentrations for each chemical agent.
Agents with >50% of nowletects were further excluded for thisadysis (N = 21) since

we considered that modeling datasets where more than half the data are excluded likely
would nd be informative Before modeling, measurements reported as below one tenth of
the empirical limit of detection (calculated as the median value of the first two percent of
the distribution) or above the immediately dangerous for life and health (IDLHg valu
(NIOSH, 2014)were excluded for all chemical agents (max of 1.8% and median of 1.1%

of data excluded across ageniBhese exclusions were carried @utice the aim of the

51



study was to pick out general tendencies, and not identify extreme situdioalby,
shortterm measurement values were also excluded for metals and dusts as majority of
detected resultsorresponded to TWAi.e. 93%) The visit by an OSHA inspector was
fitted as a random effect to account for witimspection correlation based orepious
evidence(Lavoueet al, 2008; Henret al, 2011) Curvilinear relationship of year with
concentrations was estimated using separatepacametric smooth terms for TWA and

shortterm samples with the same smooth class as in the binomial GAM models

Model averaging

For both modeling approaches, the meifect association of each explanatory variable
with the response variable was evaluated using model averdgugham and
Anderson, 2002; Lavouet al, 2008; Sauveet al, 2012, 2013) Inferencein this
approach is based on a set of candidate mod:
model obtained by adding and removing variables. This procedure therefore does not
assume that a single model is useful, and takes into account uncemaimgydel
selection. For each chemical agent, the model set was built by first creatingpdels
containing all possible combinations of the predictor variables found in T.abéar and
industry were included in all the suhodels to ensure control obrfounding. This
resulted in a preliminary list of 128 unique model structures for each chemical agent.
Coefficients (effect sizes) and standard errors for each predictor variable were calculated

by averaging the estimated coefficients from-suddels in vhich each term appears and
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wei ghting values according to th@umhamdel so

and Anderson, 2002)

For each chemical agent, the association of each predictor with exposure was quantified
as follows: for the logistic modie odds ratios (ORs) were calculated by computing the
exponential of the multimodel averaged regression coefficients. For a particular variable
the OR for a category represents the odds of being higher than TLV for that category over
the odds being high¢han TLV for the reference category. For the linear models, relative
indices of exposure (RIELavoue et al. (2006) were calculated by computing the
exponential of the multimodel averaged coefficients.

RIEevei(%) = 100Z exp(CoeffeveiaT Coeffeveires)
where Rlkyela IS the relative index of exposure for level A of the variable in question,
Coeffeveia is the estimated coefficient corresponding to the category A, andpeffs
the estimated coefficient corresmbng to the reference category. C@efikeris O when
the reference category is included in the intercept. As an illustration, a 30% RIE for a
category means that, on average, exposures in this category are approximateigdone

those in the referenaategory.

Meta-analytic summary measures

For each predictor variable, ORs and RIEs are obtained for every chemical agent. Meta
analytic methods were used to combine results from all chemical agents and get an

overall picture of the effect of each predic(van Houwelingeret al, 2002; Borenstein
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et al, 2010) Random effects models were applied to calculate the -ametigtic
summary estimates and associated 95% confidence intervals (Cl) and forest plots were
used to visualize the results. Randeffecs modeling approach was selected since it
allows the conclusions to be generalized to a wider array of situations thaseffizet
modeling. Heterogeneity of effects was addressed by presenting their magnitudes on
forest plots rather than relying on thederpowered test of heterogene{fgorensteinet

al., 2010)

Software

All analyses were performed using the R 3.0.3 statistical software (R Development Core
Team, Vienna, Austria), with the packagegcv (Wood, 2014)for binomial GAM
modeling, gamm4 (Wood and Scheipl, 2014jor GAMM modeling, andmetafor
(Viechtbauer, 2014¥or the metaanalysis. Model averaging was performed using R
functions developed within our research group and are available from the corresponding

author.
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3.4Results

Descriptiveanalysis

The statistical analyses includéd1,047measurements from 66,827 inspections for the
period 1979 to 2011. There was a median of 14,549 measurements entered each year in
IMIS (interquartile range = [11,673; 19,851]), with a peak of 29,979 smmpl 1990

(Figure 1).

Seventyseven agents were selected for analysis, constituting 91% of all personal samples
(23 metals and their compounds, 22 organic solvents, 11 gases, 9 dusts/fibers, 4
isocyanates, and 8 other agents). The most frequently measgeats were lead (n =
56,920), iron oxide fume (n = 30,959), and crystalline silica (n = 26,253) (Tiablehe
proportion of sample results below the LOD ranged from 3% (wood dust,

softwood/hardwood carbon dioxide) to 91% (antimony).

Logistic models

Regarding multicollinearity, all independent variable pairs had weak correlation (median
r<0.4 across agents), except for the inspection type/inspection scope pair which had
moderate correlation (median r=0.58; IQR=[0.52;0.63] across agents). A corredti

0.7 is a usual threshold used to flag potential multicollineafityoss the 77 chemical
agents, the median proportion of the variabilitplained by the full model (i.encluding

all tested variables) wagi% (interquartile range = [16%83%0]).
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Tablelll shows the observed pooled influence of all predictor variables on the odds of
exposure exceeding TLV, stratified by group of agents. To illustrate how-ggetific
associations relate to the pooled estimate, we present forest plot for salvénteetals
(Figure 2AB). It shows the typical picture of more extreme point estimates being
associated with worse precision, as well as highlights general consistency of the direction
of effect across agents. Forest plots for each level of each prediciable are available

as Supplementary Appendix 1Anals of Occupational Hygiermaline.

Six variables had mefanalytic ORs away from the null for at least one category:
inspection type, OSHA plan, OSHA region, amount of penalty, union status, and
establishment size. This means that a high level of consistency across chemical agents
was observed for the effect of these variables. For type of inspection,-igilowsits had

the highest oddsf having a sample result exceed the Tand this relatiorwas observed
across majority of agents (chemisgecific OR in same direction as metaalytic OR

for 61/77 agents)Complaint inspections were associated with higher odds of a sample
result exceeding the TLV, but only for metaleasurements collectednder state
OSHA planswere less likely to have a sample result exceed the TLV compared to
measurements collectdxy federal OSHA, but this relation was mainly seen for solvents
and dustsAn increase in the total amount of penalty was associated witkrhoglals of
having a sample result exceed the Tam this relation was seen for a majority of agents

(62/77 for high penalty compared to none). Substantial differences were seen between
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OSHA regions as some regions latls of a sample result exceeding Thé/ close to

two times higher than others.

Finally, visual assessment of smoothed curves for each individual agent suggested a
decreasing timérend in theprobability of a sample result exceeding the Tiov 50 of
the 77 agents (smoothed curves arelalls as Supplementary Appendix 2Aatnals of

Occupational Hygienenline).

Linear models

Across the 56 chemical agents, the median proportion of the variability ef log
transformed detected concentrations explained by the fixed effects folltheodd (i.e.
including all tested variables) was 20% (interquartile range = [16%; 24%]). Adding a
randomeffect structure to the models with visit number as the random effect improved
the model fits (Akaike criterion) for all agents. Agepiecific intraclass correlation
between measurements taken during the same visit varied between 0.38 and 0.82 (median

= 0.66) across the 56 agents.

Table IV shows the observed association of all fixed effects variables with exposure
levels, stratified by group of agents. piesented for logistic models, agepecific RIES
related to the pooled estimate are presented on forest plot for solvents and metals (Figure

2C-D).
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Exposure type, OSHA plan, and amount of penalty had the strongest pooled association
with levels of deteted exposure. For exposure type, exposure levels for shift long TWA
samples were lower than short term samples for all chemical agents. For OSHA plan,
measurements collected under state OSHA plans had lower levels of detected exposure
than measurements tmdted by federal OSHA for a majority of solvents (chemical
specific RIE in same direction as metaalytic RIE for B/21) andall dusts 8§/8). An
increase in the total amount of penalty was associated with an increase in exposure levels
for a majority of agents (4/56 for high penalty compared to none). For type of
inspection, exposure levels measured during fellpvinspections were higher than
planned inspections for a majority of metals (10/14) and dusts (7/8). Finally, visual
assessment of smoothednees for each individual agent suggested a decreasing time
trend for 53 of the 56 agents for shift long exposure measurements, and for 24 of the 29
agents for short term exposure measurements (smoothed curves are available as

Supplementary Appendix 2 Annals of Occupational Hygieranline).
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3.5Discussion

To our knowledge, this study represents the first comprehensive effort to examine the
association between reported levels in IMIS and all information available on the
circumstances associated with iaspection. We used measurements from 77 chemical
agents, covering 1972011 and representing 91%tbe IMIS chemical exposure dataset

The metaanalysis allowed creating an overall picture of the effect of all predictors
(Tables Ill and 1IV), and the detiled results for the 77 agents are presented in

Supplementary Appendices/Annals of Occupational Hygiermaline.

Given the difficulty in interpreting the neafetected values coded in the IMIS exposure
dataset as O6énot presemndtHd owodlprepaemt ebst ahod
approaches each corresponding to one of the previous interpretations, were implemented.
Modeling the probability of exceeding the TLV allowed the inclusion of samples

recorded as ND values, while modeling exposureslgeof detected concentrations

all owed the inclusion of t heermy and foanbdele O e x p o
levels of exposure measurable on a continuous scale. Consistency in findings for the

same variable across these approaches would indicaistmess and provide coherent

evidence for the role of these specific variables. In our analysis, directions of effect were
generally similar regardless of the approach, showing effects independently of the

methodological issues associated with each approac

The proportion of variance explained by the complete set of variables for the logistic and

linear models was relatively small with respective medians of 24% and 20%, but
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comparable to other studies on mitidustry data(Coble et al, 2001; Melville ad

Lippmann, 2001; Lavouet al, 2008; Lavouet al, 2011)

The linear models included a random effect structAsseen in previous analyses of
measurements in IMIS for specific chemical ag€mtschkeet al, 1999; Lavoueet al,

2008; Henret al, 2011) a considerable withim i si t corr el ation in al/l
datasets was observed. It was not possible to include such structure in the logistic models
since it resulted in problems of complete separgtfdbert and Anderson, 1984 data

points for many agents.

Typeof inspection was related to exposure in logistic models for all groups of agents and
linear models for metals and dusts, with generally higher exposure measured during
follow-up inspections than planned inspectiomhis resit reflects the selection bias
where inspectors are more likely to return to the poorer performing sites. If the change
would have been assessed for follow up inspections paired to the corresponding initial
inspection, we would have expected a reductioexiposure levels, although exposures
would still be on average higher than in the general working populaitrough this

link can be established in theory, we were not able to implement it with our dataset.
Exposure measured during referral inspectiwas also generally higher for all groups of
agents but only in the logistic models. Qesultsalsosuggest the absence of a consistent
upward bias linked to visits triggered by complaints by an employee, an aspect which has
been suspected since the 1988d explored many times in previous studiesineset

al., 1986b; Froinegt al, 1990; Gomez, 1997b; Melville and Lippmann, 2001; Laveiue
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al., 2008; Hennet al, 2011; Lavoueet al, 2013)without consistent evidence of the
presence or absence of Bua bias. Our observations point to higher exposures being
more likely when an OSHA inspector measures a contaminant in an environment which

has already been flagged during a previous inspection visit.

The totalamount of penaltyassociated with aestalishment was the most strongly
associated with exposure levels in our study. In both the logistic and linear models, our
findings were consistent for all groups of agents except for gases and showed that
establishments with a history of neompliance gemnally have higher exposure levels.
Penalties coming from citations related to compliawdé PEL (codes from1910.1000
through 1910.1052epreserdd a relatively smallproportion of totahistoricalpenalties

This finding suggestthat violative behavis unrelated to chemical exposure may predict
exceedences of the PEIhe relationship between the historical number of citations
(some of which do natarryfines) received byraestablishmenwith exposure levels was

also tested and yielded similar rasuDur observations are however limited by the fact
thatwe did not differentiate between historical penalties issued and those assessed during
the inspection in which exposures were measured. Hence 50% of the establishments in
the IMIS exposure dataseth experienced only one or two inspectiofRsrthermore,
although we removed citations we judged the most closely related to comphiahce

PEL for the corresponding inspection, it is possible that citations other than the direct
PEL regulations (e.g. s communication, personal protection, formation, and
respirators) are associated with overexposurberefore our variable should be

interpreted as a crude proxy or indaixtotal violative behaviorassociated with a given
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establishment. Despite itslimiat i on s, itdés the first ti me

levels, and we hope it will trigger additional, more refined analyses.

The variable identifyingvhether the inspection was conducted by federal OSHA or under
an OSHA stateplan was assodied with exposure levels both the logistic and linear
models, with exposures corresponding to federal OSbéing higher than those
associated withraOSHA stateplan. This finding was very consistent for solvents and
dusts, less so for metals. Moreow&rbstantial differences were also seen between OSHA
regions in logistic models These OSHA region and federal/state differences might
correspond to inspection programs that emphasize certain industries with more or less
overexposure. Howevethis would fave been mitigated by the inclusion of industry in

our analyses, albeit only partly since we did not include interaction between region and
industry. It appears more plausible that regional and state/federal compliance and data
recording practices are tlmause of our observations, such as a possible variation in the

recording of nordetected results into the IMIS exposure dataset (Lavoue et al., 2013).

Exposure was marginally lower for largstablishments compared to small or medium in
both logistic andinear models, with variations across agents where exposure could be
increasing (e.g. sulfur dioxide) or decreasing (e.g. asbestos) with establishment size.
Other studies have seen an association of establishment size with exposure levels in IMIS
(Gomez, 997b; Melville and Lippmann, 2001; Middendorf, 2004; Heztnal, 2011)

also with varying directions of effect.
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Limitations

The present study had several strengths, includingniaéysisof a high proportion of

IMIS exposure data, the large samplesdiar each agent, the significant period of time
considered, and application of statistical models that allowed estimation of the
simultaneous association of several variables with the concentrations stored in IMIS.
Some limitations need to be acknowledgEuist, the influence of samples found to be
below the limit of detection should be noted. Reports have shown that multiple agents are
sometimes measured on the same sample nfeawueet al, 2013) precluding users

from determining whether a natete¢able result reflected a sample that failed to detect

the presence of the agent or a sample where the agent was not the agent being
investigated. It is also possible thabme inspectors may have only reported
concentrations if above a certain action limg&ar PEL, creating a deficit of true ND in

the dataOur strategy of two different analyses (with or without-aetects) permitted to
overcome part of this limitation. Availability of a dataset containing all laboratory
analyses performed & S H A 0 s al labmatory(Lavoueet al, 2013) which is the

main source of information to the exposure results stored in IMIS, may help understand
the mechanism by which records with rdetectable values aris8econd the lack of
information on occupation in a sidardized format prevented their inclusion in statistical
models, and may have confounded the association between exposure levels and ancillary
information. Recent reports created standardized occupation code from the crude job
tittes provided in IMIS(Burstyn et al, 2014; Russet al, 2014) and allowed better

grouping of the data. This was not possible to implement on the whole datdabadk.
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the analysis of variables internal to IMIS, while informative, cannot directly address
whether the IMIS data regsents exposure levels in the generatking population.
Although a recent analysis lyavoueet al. (2011) compared exposure levels between
IMIS and the French databank COLCHIC for formaldehyde, more external validation

effortsmay prove helpful

The statistical models included in this analysis provided quantitative estimates of the
effect of 10 variables internal to IMISThe combined multimodel/metnalysis method

used in this study is a stringent approach which requires a clear signal in orgewta s
nonnull metaeffect. This is clearly illustrated when examining the aggecific values
compared to the metmefficients (appendix 1)Conceptually,associations- or lack
thereof- seen across a vast majority of agents point towards underhgndstOn the

other hand, ssociations varying across chemicals are somewhat harder to interpret and
might result from specific practices for individual agents or be related to other factors

which could not be identified or controlled for in this study.

Conclusions

Our analyses revealed consistent associations between exposure levels in IMIS and
ancillary variables reflecting the characteristics of establishments selected for inspection
and OSHA sampling practices. Higher exposure levels were measuied filiow-up

inspections than planned inspections. Higher exposure levels were also seen for

measurements collected by federal OSHA compared to measurements collected under
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OSHA state plans. The exposure levels were also correlated to the amount afahistor
penalties assessed to a compaflyese associations are on average of modest size
considering the magnitude of random variability that is known to exist in exposures day
to-day and between workers, and are compatibe with other published(Maltlet al.,

2002; Friesert al, 2006; Peterst al, 2011)

Our study suggests thatspectionselection processes atatgetingpractices influence

the exposure levels recorded by OSHthough the trends we observed cannot be used
to directly measure or qotfy the extent to which IMIS represents the broader universe
of exposures, they should be considered when using IMIS data for any exposure
assessment purpoddllS is an important source of general information about trends and
associations in occupatidnaxposures, given the size and scope of the database and the
paucity of other sources oéxposure data. Despite its notable limitations, we remain
optimistic about the utility of IMIS, and the OIS database that has recently replaced it, in

informing occujational exposure assessment in epidemiology and risk assessment.
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3.6 Tables and figures

Table I: Variables tested in the empirical statistical models

. _— Number of
Variable Description Type samples (%)
Fixed effects

Inspection Reason for conducting Nominal (4 categories)

type inspection (1) Planned 159,360 (30)
(2) Complaint 265,620 (50)
(3) Follow-up 29,812 (6)
(4) Referral 72,301 (14)

Inspection Comprehensive or partial Nominal (2 categories)

scope survey of the establishment (1) Comprehensive 222,606 (42)

Establishment
size

Union status

OSHA plan

OSHA
regiorf

Penalty

Year

SIC code

Exposure
type’

Number of employees
working in the establishment

Union is present or not in the
company monitored

Inspection conducted by
federal OSHA or under an
OSHA state plan
Identifies theOSHA region
where the inspection &

place

Sum of historical penalties
assessed in thestablishment

monitored

Year of sampling

Constructed from
the aggregation of

the 4digit SIC
category
Type of
measurement

(2) Partial

Nominal (3 categories)

(1) Small (:35 employees)

(2) Medium (36150 employees)
(3) Large (151+ employees)

Dichotomous
(1) Yes

(2) No
Dichotomous
(1) Federal
(2) State

Nominal (10 categories)

(1) 01_boson

(2) 02_rew_york
(3) 03_phladelphia

(4) 04_athnta

(5) 05 _chtago

(6) 06 _dalas

(7) 07_kansascity

(8) 08 _dewer

(9) 09_san francisco

(10)10_setle

Nominal (4 categories)

(1) None
(2) Low
(3) Medium
(4) High

Continuous (integer)

1979 to 2011

Nominal (median of 30
categories; IQR=[26;33))

Dichotomous
(1) TWA
(2) Short term

304,487(58)

174,108 (33)
183,260 (35)
169,725 (32)

193,198 (37)
333,895 (63)

382,096 (72)
144,997 (28)

36,890 (7)
43,340 (8)
38,120 (7)
85,138 (16)
178,696 (34)
50,292 (10)
26,964 (5)
30,936 (6)
12,797(2)
23,920 (5)

66,322 (13)
153452 (29)
153899 (29)
153420 (29)

300,064 (87)
46,644 (13)
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Random effect

Visit number Identification Nominal (median of 828
number forthe categories; IQR=[297;2172])
visit by inspector

®https://www.osha.gov/html/RAmap.html

®Median number of categories for the variafbeoss chemicalsnd interquartile range

°For linear models of detected levels only

dvariables excludeftom analysis: advance notice given (majority of data attributed to one category (>95%)), form

type (recorded in a nestandardized form), office id (recorded in a rstandardized form), oopation code (all

entries set to Omissingd), presence of employee representa
entries set to Omissingd), numbtandardiaed foennjob tideyWrecerdedéee x posed (r e
nonstandardized form), frequency of exposure (recorded in sstaonlardized form)
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Tablell : Descriptive statistics of chemicals in IMIS

Chemical agent TLV?®  Number TWA? ST®* ND'  Fraction of
(mg/m® of samples (%) (%) (%) measurements
STLV (%) 9

Organic solvents

Toluene 754 21,552 53 32 15 24
Xylene 434 13950 66 11 23 1
2-Butanone 590 6,764 64 10 26 4
Acetone 1190 5914 68 12 20 2
Methylene Chloride 174 4,876 50 35 15 30
Petroleum naphtha 2000 4,631 63 4 33 0
Isopropyl Alcohol 492 3,916 68 11 21 5
N-Butyl Acetate 713 3,812 67 11 22 0
Stoddard Solvent 525 3,442 70 1 29 4
Hexone 82 3,252 62 11 27 9
Ethyl benzene 87 3,188 62 10 28 3
Benzene 16 2,944 28 12 60 13
Methyl Chloroform 1900 2,716 69 15 16 4
Tetrachloroethylene 170 2,631 52 36 12 34
Hexane 177 1,754 74 3 23 10
2-Butoxyethanol 97 1,501 61 1 38 1
Trichloroethylene 54 1,441 51 41 8 65
Phenol 19 1,043 58 1 41 0
N-Butyl alcohol 61 717 46 15 39 7
Ethyl alcohol 1900 698 63 4 33 1
Methyl alcohol 260 692 57 13 30 10
Ethyl acetate 1400 628 77 1 22 0

Metals and their

compounds
Lead, inorganic 0.05 56,920 54 1 45 24
Iron oxide fume 5 30,959 91 1 8 10
Copper fume 0.2 24,742 76 1 23 4
Zinc oxide fume 2 23,964 69 11 20 4
Manganese fume 0.02 23,605 41 40 19 54
Chromium 0.5 19,370 52 1 a7 2
Nickel 0.2 17,606 38 1 61 4
Cobalt 0.02 14,329 23 0 77 6
Beryllium 0.00005 13633 8 7 85 11
Antimony 0.5 12,964 9 0 91 1
Molybdenum 3 11,753 16 0 84 0
Vanadium Fume 0.05 11,467 5 8 87 2
Cadmium fume 0.01 9,962 20 8 72 7
Chromic acid 0.1° 3,762 39 17 44 10
Cadmium dust 0.01 3,193 45 4 51 17
Arsenic 0.01 2,746 59 0 41 16
Lead, Inorg. 0.05 1,643 66 0 34 9

fume&dust 1 1,541 83 1 16 11
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Copper dusts 0.01 1,014 66 1 33 35
Silver 0.025 881 72 10 18 52
Mercury 15° 586 76 0 24 0
Aluminum 1 583 78 1 21 31
Aluminum aide 2 500 36 0 64 1
Tin
Gases
Carbon monoxide 28.8 11,204 78 14 8 37
Formaldehyde 0.37 8,870 49 25 26 21
Hydrogen chloride 3 1,420 12 37 51 12
Ammonia 18 1,164 59 16 25 9
Sulfur dioxide 0.66 908 63 13 24 56
Nitrogen dioxide 0.38 862 10 36 54 34
Ethylene oxide 1.8 829 49 18 33 16
Hydrogen fluoride 041 715 39 9 52 21
Carbon dioxide 9000 640 90 7 3 34
Vinyl chloride 2.56 634 25 7 68 10
Chlorine 15 503 17 35 48 14
Dust / fibers
Silica, quartz 0.025 26,253 76 1 23 74
PNOR (total dust) 10 18,264 94 1 5 18
PNOR (resp dust) 3 11521 93 0 7 15
Asbestos (all forms)  0.1° 10,374 39 13 48 26
Silica, cristobalite 0.025 2,203 15 1 84 10
Wood dust, hardwood 1 1,183 95 2 3 71
Fluoride 25 894 64 0 36 4
Carbon black 35 773 82 1 17 10
Wood dust, softwood 1 557 93 4 3 64
Isocyanates
4,4-MDI 0.051 4,221 6 33 61 18
2,4-TDI 0.036 1,943 11 28 61 13
HDI 0.034 1,498 26 18 56 13
2,6-TDI 0.036 723 16 8 76 7
Other
Styrene 85 8,979 53 38 9 60
Welding fumes 5 3,882 93 1 6 18
Oil mist 5 2,831 76 1 23 1
Coal tar pitch vol 0.2 2,531 73 1 26 29
Sulfuric acid 0.2 1,812 49 1 50 12
Sodium hydroxide 2 1,361 48 13 39 1
Nitric acid 5 869 37 6 57 2
Phosphoric acid 1 845 24 2 74 2

#2014ACGIH threshold limit valug¢TLV).

2014 OSHA permissible exposure limit (PEL).

“fibers/cc.

dpercentage of values reportediase-weighted averagéTWA) data.

*Percentage of values reportedshertterm data

'Percentage of values reported as nondetects.(ND)

9Percentage of values above Te/; the statistic includes both shderm and TWA data because of limitations in the
databak design
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Table lll : Summary metanalytic odds ratios (ORs) of a sampleuteexceeding the TLV for

selected variables, stratified by group of agents

Variable/
category

Overall
N& =77
OR (95% CI)

Solvents
N =22
OR (95% CI)

Metals
N =23
OR (95% CI)

Gases
N=11
OR (95% CI)

Dusts
N=9
OR (95% CI)

Inspection type

Planned 1.00 (referencd) 1.00 (reference) 1.00 (reference) 1.00 (reference) 1.00 (reference)

Complaint 1.05 (1.00;1.16) 1.04 (0.98;1.11) 1.15(1.05;1.26) 1.01 (0.90;1.13) 0.93 (0.83;1.05)

Follow-up 1.61 (1.44;1.81) 1.65 (1.13;2.40) 1.64 (1.36;197) 1.26 (1.04;1.53) 1.80 (1.39;2.32)

Referral 1.16 (1.09;1.24) 1.19 (1.00;1.41) 1.24 (1.10;1.40) 1.17 (1.00;1.36) 1.12 (1.00;1.25)
OSHA plan

Federal 1.00 (reference) 1.00 (reference) 1.00 (reference) 1.00 (reference) 1.00 (reference)

State 0.82 (0.73;0.92) 0.56 (0.44;0.73) 1.05(0.90;1.23) 0.84 (0.66;1.08) 0.77 (0.59;0.99)

Inspection scope

Comprehensive

Partial

Union status

1.00 (reference)

0.97 (0.94;1.00)

1.00 (reference)

0.96 (089;1.04)

1.00 (reference)

1.01 (0.97;1.05)

1.00 (reference)

0.99 (0.91;1.08)

1.00 (reference)

0.86 (0.80;0.91)

No 1.00 (reference) 1.00 (reference) 1.00 (reference) 1.00 (reference) 1.00 (reference)

Yes 0.93 (0.89;0.98) 0.88 (0.79;0.99) 0.99 (0.93;1.06) 0.98 (0.87;1.12) 0.86 (077;0.96)
OSHA regiof

01_boston 1.19 (1.08;1.31) 1.07 (0.95;1.19) 1.25(1.02;1.53) 1.35 (1.02;1.79) 1.05 (0.76;1.45)

02_new_york  1.13(1.02;1.26) 1.18(0.98;1.41) 1.29 (1.05;1.58) 0.91 (0.57;1.46) 0.93 (0.75;1.15)

03_philadelphia

1.40(1.26;1.56)

1.45 (1.18;1.77)

1.57 (1.29;1.90)

1.00 (0.70;1.44)

1.35 (1.11;1.64)

04_atlanta 1.10 (1.03;1.18) 1.17 (1.03;1.32) 1.04 (0.91;1.19) 1.04 (0.76;1.41) 1.05 (0.92;1.19)
05_chicago 1.00 (reference) 1.00 (reference) 1.00 (reference) 1.00 (eference) 1.00 (reference)
06_dallas 1.00 (0.92;1.08) 1.06 (0.92;1.21) 1.07 (0.93;1.23) 0.79 (0.56;1.11) 0.76 (0.63;0.92)
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07_kansas_city 1.08 (0.98;1.19) 1.26 (1.05;1.51) 0.94 (0.79;1.12) 1.12 (0.80;1.58) 0.90 (0.60;1.33)

08_denver 1.14 (1.@;1.27) 1.03(0.81;1.31) 1.09 (0.93;1.28) 0.84 (0.59;1.18) 1.23 (1.00;1.50)

09_san_franciscc 1.39 (1.22;1.60) 1.14 (0.97;1.34) 1.37 (1.03;1.83) 1.46 (0.86;2.46) 1.29 (1.09;1.53)

10_seattle 1.69 (1.48;1.93) 1.76 (1.29;2.39) 1.81 (1.53;2.14) 1.25(0.74;2.12) 1.44 (1.14;1.82)
Establishment size

Small (£35) 1.00 (reference) 1.00 (reference) 1.00 (reference) 1.00 (reference) 1.00 (reference)

Medium (36 1.01 (0.97;1.05) 0.98 (0.90;1.06) 1.06 (1.00;1.13) 0.95 (0.82;1.10) 0.96 (0.891.05)

150)
Large (151+)  0.92 (0.87;0.98) 0.87 (0.75;1.00) 0.99 (0.90;1.10) 0.90 (0.68;1.20) 0.86 (0.71;1.03)

Penalty
None 1.00 (reference) 1.00 (reference) 1.00 (reference) 1.00 (reference) 1.00 (reference)
Low 1.27 (1.19;1.35) 1.24 (1.10;140) 1.25 (1.12;1.39) 1.13(0.88;1.44) 1.45 (1.30;1.61)
Medium 1.46 (1.34;1.60) 1.57 (1.28;1.94) 1.35(1.17;1.55) 1.24 (0.96;1.59) 1.89 (1.60;2.23)
High 1.54 (1.40;1.71) 1.65 (1.32;2.08) 1.44 (1.23;1.69) 1.36 (1.03;1.79) 1.94 (1.54;2.43)

Numberof chemicalagents.

POR of the reference levetaken asl.

‘95% confidence interval
“https://www.osha.gov/html/RAmap.html

Bold font is used to show significant OR coefficients
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TablelV : Summarymetaanalytic relative indices of exposure (RIES) for selected variables, stratified

by group of agents

Variable/
category

Overall
N? =56
RIE (95% CI)

Solvents
N =21
RIE (95% CI)

Metals
N=14
RIE (95% CI)

Gases
N=7
RIE (95% CI)

Dusts
N=8
RIE (95% CI)

Inspection type
Planned
Complaint
Follow-up
Referral

OSHA plan
Federal
State

Inspection scope

Comprehensive

Partial
Union status
No
Yes
OSHA regiof
01_boston

02_new_york

03_philadelphia

04_atlanta
05_chicago

06_dallas

1.00 (referencé)
1.00 (1.00;1.00)
1.06 (1.03;1.09

1.00 (1.00;1.01)

1.00 (reference)

0.86 (0.81;0.91)

1.00 (reference)

1.00 (0.99;1.01)

1.00 (reference)

0.97 (0.95;0.99)

1.00 (1.00;1.00)
1.00 (1.00;1.00)
1.00 (1.00;1.00)
1.00 (1.00;1.00)
1.00 (reference)

1.00 (1.00;1.00)

1.00 (reference)
1.00 (0.99;1.01)
1.01 (0.98;1.05)

1.00 (0.99;1.01)

1.00 (reference)

0.78 (0.69;0.89)

1.00 (reference)

0.99 (0.97;1.02)

1.00 (reference)

0.96 (0.92;1.00)

1.00 (1.00;1.00)
1.00 (1.00;1.00)
1.00 (1.00;1.00)
1.00 (1.00;1.00)
1.00 (reérence)

1.00 (1.00;1.00)
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1.00 (reference)
1.01 (0.99;1.02)
1.12 (1.05;1.19)

1.02 (1.00;1.04)

1.00 (reference)

0.96 (0.83;1.12)

1.00 (reference)

1.00 (0.98;1.01)

1.00 (reference)

1.00 (0.9;1.01)

0.94 (0.88;1.00)
0.91 (0.86;0.97)
1.06 (1.01;1.12)

0.97 (0.93;1.01)

1.00 (reference)
0.99 (0.94;1.04)
1.10 (0.94;1.29)

1.05 (0.95;1.16)

1.00 (eference)

0.87 (0.72;1.04)

1.00 (reference)

1.00 (0.97;1.03)

1.00 (reference)

1.00 (0.96;1.03)

1.01 (0.97;1.04)
0.97 (0.91;1.05)
1.00 (0.97;1.03)

1.00 (0.98;1.02)

1.00 (reference)
0.98 (0.94;1.01)
1.31(1.13;1.52)

1.01 (0.98;1.05)

1.00 (reference)

0.74 (0.57;0.97)

1.00 (reference)

0.96 (0.91;1.02)

1.00 (reference)

0.91 (0.83;1.01)

1.00 (0.98;1.02)
1.00 (0.991.01)
1.03 (0.99;1.06)

1.02 (1.00;1.05)

1.00 (reference) 1.00 (reference) 1.00 (reference)

0.94 (0.89;0.99)

1.00 (0.97;1.02)

1.00 (0.98;1.03)



07_kansas_city
08 denver
09 _san_franciscc

10_seattle

Establishment size

Small (£35)
Medium (36
150)

Large (151+)
Penalty

None

Low

Medium
High
Exposure type

Short term

TWA

1.00 (1.00;1.01)
1.00 (1.00;1.00)
1.00 (1.00;1.00)

1.00 (1.00;1.00)

1.00 (reference)
1.00 (0.99;1.00)

0.98 (0.96;0.99)

1.00 (reference)
1.06 (1.04;1.09)
1.14 (1.10;1.18)

1.18 (1.13;1.23)

1.00 (reference)

0.37 (0.34;0.42)

1.00 (0.99;1.02)
1.00 (1.00;1.00)
1.00 (1.00;1.00)

1.00 (100;1.00)

1.00 (reference)
1.00 (0.99;1.01)

0.97 (0.93;1.00)

1.00 (reference)
1.01 (0.99;1.02)
1.07 (1.01;1.13)

1.09 (1.02;1.16)

1.00 (reference)

0.38 (0.35;0.42)

1.07 (1.00;1.14)
0.89 (0.80;0.99)
0.94 (0.88;1.00)

1.05 (0.99:1.12)

1.00 (reference)
1.00 (0.99;101)

0.99 (0.96;1.01)

1.00 (reference)
1.07 (1.01;1.13)
1.13 (1.02;1.26)

1.16 (1.04;1.30)

1.10 (0.94;1.29)
1.00 (0.96;1.03)
1.00 (0.95;1.04)

0.86 (0.71;1.05)

1.00 (reference)
1.00 (0.98;1.02)

0.99 (0.93;1.05)

1.00 (reference)
1.08 (0.95;1.24)
1.09 (0.93;1.28)

1.08 (0.951.24)

1.00 (reference)

0.35 (0.23;0.52)

1.02 (0.8;1.07)
1.01 (0.97;1.05)
1.01 (0.97;1.05)

1.01 (0.95;1.08)

1.00 (reference)
0.99 (0.97;1.01)

0.92 (0.84;1.02)

1.00 (reference)
1.22 (1.01;1.47)
1.39 (1.02;1.90)

1.47 (1.02;2.11)

Number ofchemicalagents.

PRIE of the reference levetaken asl.
‘95% confidence interval
“https://www.osha.gov/html/RAmap.html

Bold font is used to show significant RIE coefficients
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(A)

Agent OR [95% CI]
Acetone H— 2.84[0.58, 13.92]
Benzene HH: 1.07[0.77, 1.50]
2-Butanone P 5.45[2.67,11.09]
N-Butyl Acetate - 0.96[0.29, 3.14]
N-Butyl alcohol - 1.50[0.36, 6.26]
Ethyl benzene —— 1.39[0.58, 3.36]
Hexane - 1.33[0.64, 2.75]
Hexone o 147[0.75, 2.86)
Isopropyl Alcohol i 1.14[0.67, 1.96]
Methyl alcohol e 1.43[0.28, 7.28]
Methyl Chloroform —— 4.06[1.74, 9.48]
Methylene Chloride - 1.20[0.92, 1.55]
Tetrachloroethylene — 1.81[1.13, 2.90]
Petroleum naphtha - 2.20[0.19,24.87]
Stoddard Solvent H—— 1.69[0.80, 3.59]
Toluene | 1.13[0.98, 1.31]
Trichloroethylene L —— 3.28[2.02, 534]
Xylene - 215[090, 5.12]
Overall solvents OR -> 1.65[1.32, 2.08]
i
0.50 6.00
<)
Agent RIE [95% CI]
Acetone ——— 1.24[0.82,1.86
2-Butanone e 1.15[0.73, 1.82
2-Butoxyethanol —— 1.02[0.84,1.22
N-Butyl Acetate —t— 1.14[0.75,1.75
N-Butyl alcohol : 1.02[0.82,1.26
Ethyl acetate — 1.01[0.81,1.27
Ethyl alcohol —_—— 1.18[0.51,2.69
Ethyl benzene —_— 1.25[0.67,2.33
Hexane —t— 1.14[0.61, 2.11
Hexone e 1.01[0.88,1.16
Isopropyl Alcohol 1.00[0.97,1.03
Methyl alcohol %v 1.17[0.57,2.36
Methyl Chloroform - 1.01[0.89,1.15
Methylene Chloride P ——— 1.68[1.21,2.32
Tetrachloroethylene [ 1.01[0.87,1.17
Petroleum naphtha —— 1.03[0.84,1.26
Phenol —— 1.00[0.82,1.23
Stoddard Solvent L 1.74[1.20, 2.54
Toluene - 1.01[091,1.12
Trichloroethylene —— 1.07[0.74 , 1.54
Xylene I 1.55[1.31,1.84
Overall solvents RIE > 1.09[1.02,1.16]
1
050  1.00 2.00

Figure 2 : Agentspecific and mtaa nal yt i c

(B)
Agent OR [95% CI]
Aluminum oxide - 0.90[0.42, 1.94
Antimony [ 1.14[0.59, 2.19
Arsenic 1.70[1.13, 2.55
Beryllium 0.928[0.75, 1.28
Cadmium dust 0.55[0.35, 0.85
Cadmium fume 1.58[1.10, 2.26
Chromium i 1.03[0.83, 1.27
Chromic acid ; 1.66[0.88, 3.10
Cobalt : 0.98[0.72, 1.32
Copper dusts i 1.02[0.71, 1.47
Copper fume 223[1.54, 3.22
Iron oxide fume [ ] 1.51[1.28, 1.79
Lead, inorganic H | 1.80[1.66, 1.95
Lead, Inorg. fume&dust I —— 279[1.14, 6.84
Manganese fume | ] 1.51[1.34, 1.70
Mercury P 490[2.21,10.87
Melybdenum - 04710.07, 3.28
Nickel - 1.65[1.16, 2.35
Silver P —e 571[2.43,13.46
Vanadium Fume P 5.65[1.93, 16.51
Zinc oxide fume i 1.23[0.87, 1.75
Overall metals OR . 1.44[1.23, 1.69]
I E—
0.50 6.00
(D)
Agent RIE [95% CI]
Aluminum oxide — 0.94[0.47,1.91]
Arsenic »:—4 1.00[0.89, 1.13]
Chromium 1.00[0.98,1.02]
Chromic acid —_— 1.18[0.62,2.27]
Copper dusts O 1.82[0.83,4.03]
Copper fume —I—< 1.29[1.01,1.66]
Iron oxide fume : 146[1.28,1.67]
Lead, inorganic 154[1.35,1.76 ]
Lead, Inorg. fume&dust  +——m——— 1.04[0.72,1.51]
Manganese fume ::: 1.02[0.90,1.15]
Mercury ] 1.01[0.88,1.14]
Silver —— 1.58[0.46,5.40]
Zinc oxide fume — 119[0.79,1.78 ]
Aluminum « | ie e 1.30[0.39,4.30]
Overall metals RIE - 1.16[1.04,1.30]
—
050  1.00 2.00

ORs

a pedaltyRdmiBased foo r

0 n o (Aesdblvents ORs, Bmetals ORs, €solvents RIEs, Pmetals RIES). Agerspecific

ORs and RIEs were pooled with the random effects method. Squares represegpagéot

risk estimates (se& of the square reflects the agepecific statistical weight); horizontal

lines, the 95% Cls; diamond, the summary risk estimate and its corresponding 95% CI
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4.1 Abstract

Objectives The Integrated Management Information System (IMIS) is the largest multi
industry source of exposure measurements available in North America. In B@10, t
Occupational Safety and Health Administration (OSHA) released a second databank, the
Chemical Exposure Health Data (CEHD), which contains analytical results of samples
collected by OSHA inspectors. However, the two databanks only partially overlap. We

investigated the selective recording of sample results into IMIS from CEHD.

Methods: This analysis was based on personal exposure measurements of 78 agents from
19842009. The association between 9 variables (level of exposure coded as detected vs.
nondekected (ND), panel status, sampling time, issuance of a citation, presence of other
detected levels in inspection, year, OSHA region, amount of penalty, and establishment
size) and a CEHD sample record being present in IMIS was analyzed using modified

Pois®n regression.

Results A total of 588 818 CEHBample resultsrere examined. The overall proportion

of CEHD sample resultsecorded into IMIS was 38% (50% for detected and 29% for ND
measurements). Higher probability of recording of detected vs. ND nesasnt
depended on whether it was part of a panel (risk ratio (RR) = 1.70, 95% confidence
interval (Cl): 1.671.73) or single determination of an agent (RR = 1.24, 95% CIi 1.21
1.26). Probability of recording increased from 1984 to 2009 for measuremenssnofie

agent, but remained constant for samples measured on panels. Some OSHA regions had
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probability of recording two times higher than others. None of the other variables were

associated with a CEHD sample record being present in IMIS.

Conclusions QOur results indicate that the undeporting of measurements in IMIS is
differential: ND samples (especially the panel ND samples) seem less likely to be
recorded in IMIS than other samples. The degree of bias that this selective recording

indicates remamto be understood.
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4.2 Introduction

Reliable exposure assessment is essentigirgventionand management of workplace
risks. Availability of information on intensity, duration, and frequencyeaposureto
chemical air contaminants critical for a variety of activities includingntroduction of
exposure surveillance prograrGomez, 1997; Ruttenbet al, 2001; LaMontagnet

al., 2002) epidemiologic researdrrieseret al, 2012; Peterst al, 2012; Fritschet al,

2015; Taegeet al, 2015) and to support thedevelopnent of predictive models of
workplaceexposurgFransmaret al, 2011; van Tongereet al, 2011) In each of these
disciplines, readily available sources of measurements that represent a wide variety of
chemical agents, industs, and time periods are needed to help estimate exposure

accurately.

Multi-industry occupational exposure databanks (OFDBave been suggested by
several authorsas potentially usefulsource of individual exposure measurements
(Gabriel, 2006; Scarselét al, 2007; Materet al, 2016) Set upin several countries in
the early 1980ghese databanks contain large quantitiemyeasurementata generated

by governmental agencidsiring variougegulatory and prevention activities

In the U.S., he Occuptional Safety and Health Administration (OSH#Rintains two
separate databases that includeasurement results collected duriegmpliance
inspections The Integrated Management Information System (IMI®cently replaced
by the OSHA Information Systef®IS) (US Department of Labor, 2014a$ the largest

multi-industry source of exposure measurements available in North Amdiis

90



databankcontains air samplingxposure concentratienfrom surveys performed by
OSHA inspectors to verify complianedth Permissible Exposure Limits (PEL#long

with exposure concentratignit contains detailed information on every inspection visit
andcompanyinspected. IMIS has been used by several authors to evaluate occupational
exposures to various chemical age(ttamm and Burstyn, 2011; Herat al, 2011,
Cowanet al, 2015; Leeet al, 2015) The second databank, referred to as the Chemical
Exposure Healtibata (CEHD), was first described in detail bgvoueet al. (2013) It

was made available i201Q and contms the analytical resul@nd associated details of
the measuremertollected by OSHA inspector©SHA officers perform calculations
using the sample results (e.g. a timeighted average concentration, TWA, calculated
from several sequential samples onwaker), and record the result of their calculation in

IMIS.

Recent studies have reported the combined use of both IMIS and CEHD data to produce

general portrait of exposure levétspolycyclic aromatic hydrocarbor(eeeet al, 2015)

and asbestofCowan et al, 2015) and to monitowor ker sé6 chemi cal expo
plantsin the U.S.(Finger and GampdRabindran, 2013)Even if IMIS and CEHD

represent a great potential source of information, results stored within these databanks

cannot be regardedby default, as representative of the exposures experienced by the

general U.S. working population. The process by which OSHA selects workplaces for
enforcement visits and workers for exposure monitoring israndom, and may over

represent situations withgher or lowerthanaverage exposureA. literature review by

Lavoue et al. (2013) concludedthat no associations of appreciable magnitudse
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consistently reported across studies betwerposure levels in IMIS and variables

associated withvorkplaceselection A recent report bysarazinet al. (2016)investigated

associations between exposure levels and ancillary variables inadidSs 77 chemical

agents, representing >90% of the IMIS dataset. The results also suggested that although
certain elemest of OSHAOGs process of s i@afluencettheng wor Kk
exposure levels that OSHA inspectors encourttezse associations are amerage of

modest size

A limitation of most studies having reported on potential bias in IMIS isahaltyss was
restricted to variables internal to this databank. Although this approach allows
determining whether variables related itspection selection processasd targeting
practicesare associated witkixposurdevels it cannot directly addresghetherthe IMIS

data represents exposure levelthebroader USvorking populationThe availability of

the CEHD databankrovidesthe opportunity to ask a new question relevant to the
potential difference between data in IMIS and datthégeneral working pguulation is

there adifferencebetween the population of situations samig@SHA officers and the

population of resultsecorded in IMIS?

Two OSHA reports published in the 198Qslendeloff, 1984; Jone®t al, 1986)
mentioned that ot all measurementsiade by OSHA officers resulting in lab samples in
CEHD ened up causing the creation of a record in IMBese findings were recently
corroboratedin recent studies based on IMIS and CEHD da@avoue et al, 2013;

Cowanet al, 2015; Leeet al, 2015) Moreover,Lavoueet al. (2013) showed thathe
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proportion of nordetectsin the CEHD datagetwas higher thamn the IMIS dataseffor
lead, suggesting a differential processndetects seem less likely to be recorded
IMIS than other samplesThe phenonenon of underreporting complicates the
interpretation of IMIS exposure resulss they relate to exposures in the US working

population, especially if it appears related to exposure levels.

The main objective of this study was to explore usréeortingin IMIS comprehensively
by identifying itsdeterminants based dine linkage and comparison GEHD and IMIS
across a broad range of chemicafpecifically, we used statistical modeling to
investigate the associations betwe@e@EHDsample resulbeing pesentor notin IMIS

and a number of variables reflecting characteristics of that measurement.
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4.3 Methods

The OSHA databank$ntegrated Management Information System (IMA8Y Chemical

Exposure Health Data (CEHD)

The IMIS exposure databank was as®r through a Freedom of Information Act
request.It contains measurement data from all chemicals evaluated during OSHA
inspections and information about the company inspected (e.g. hame and address of
employer, total number of workers at the worksiteethier it is unionized). Date, sample
number, sample type (i.e. area, bulk, personal, screening), and type of inspection (i.e.

complaint, referral, followup, planned) are also recorded.

The CEHD databank was accessed on(@&HA, 2015b) It was made avhkible in
201Q andsupplements the IMI8ata with the sampling duration, analytical metheat)
presence of other substances on the same samplkalja. The Salt Lake Technical
Center, created 11984, processeall samplescollected by thdederal and som of the

samples collected by Stal¥SHA inspectors.

Data preparation

The IMIS andCEHD extracts available for this analysientained data from the time
periods 19792011 and 198i2000, respectively. Thecomparison was therefore
restricted to measuremsrirom both databanks taken between4.88d 200. The IMIS

extractcontained 851,987 records corresponding to 107,647 inspections, covering 1,054
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agents.Cleaning of IMIS data was described $arazinet al. (2016) Briefly, records
corresponding to aredulk, blood, uring wipe, screening samplespise, and exact
duplicate samples were excludddhe CEHDonline datasetontained 1,908,73records
corresponding to 182 agents Cleaning of CEHD data was described in detail in
appendix 1 inLavoue et al. (2013) Briefly, records were removed if they wenet
personal measurementstelevant for exposure assessment (e.g. blank samples), had
uninterpretable misspellings, missing informatiar, judged erroneousA detailed
description of the data cleanimpgyocess and &nk to an application that recreattdse
cleaned data from thenline raw filesis available inLavoueet al. (2013) The analysis
was restricted to alCEHD chemical agents that had at leAg00 samplesAgent codes
without a Threshold Imit Value (TLV) (ACGIH, 2014)or PEL value(OSHA, 2014)

were further exclude®(agents corresponding to a total3p255records).

Linkagebetween IMIS and CEHD

Both dat aset s wer e c o mb i n e dariahleswhiobhgwas h e 0s a
consideredasiset i f yi ng a unique Oeval aawiook@&r diadé ub
shift). Hence several samples in CEHD for one sampling number would correspond to

partial shift measurements aggregated by the inspector prior to recording in IMIS through
thecalcuht i on of a ti me wei ght i&dotapedectaaable &6 Samp
for linking CEHD to IMIS, since in some cases aggregated sampling time seems
unrealistically high(i.e. >600 minutes)and some records in IMIS have the same

sampling number. Hogver, preliminary analyses on three chemical agents (lead,
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formaldehyde, and toluene) showed that these isases relativelyinfrequent (i.e.

<5 %) . Mul ti ple records ti ladcCEHDoverathesefora gl e
treated assequential partiashift measurementsand aggregatd to calculatetotal
sampling timeand concentration result for the evaluatid¢¥hen one of the samples was
reported asa nondetect (i.e. concentration smaller than the liofiquantification), its

value was replaced by @ ihe calculation of the average concentration. If all samples
were nondetects, the aggregated value weysortedas a nordetect.A report byLee et

al. (2015) based on IMIS and CEHD CTPV measurements, noted uncertainty about the
method used by inspectto calculate the TWA concentration results reported in IMIS
from the CEHD sequential measurements. In some cdmegxposure levelat periods

when sampling did not occur wecensideredhe same aduring the time of sampling

but in other cases thayere also considered to Bera Having no information to select

one approach over the other we considered the aggregated sampling time as

representative of the full shift.

Ancillary information examined

The focus of the study wamn identifying the degrminants ofa CEHD sample result

being recorded or nointo IMIS. Our primary interest was to investigate if sample
recording into IMIS was related to theeasured exposure leyelg. are ND records less

likely to be recordedh IMIS than other samplesDr are high exposure levels more likely

to be recorded? For each chemical agent, the average concentration results were divided

into three categoriesindicating whether or not the measuremewere detected and
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whether theyexceededhe PEL of the agent d@he time of measuremenhondetect

(ND), detected below PE({dexPEL), and equal or above PEL (det>=PEL).

Several reports have indicated thaultiple agents areften measured on the same
sample medi&Okunet al, 2004; Hamm and Burstyn, 2011; Hesiral., 2011; Lavouest

al., 2013) In such a case, it would be difficult to knavhether a nowletectable result
reflected a samplevhere the agent of interest was not detecte@ sample where the
agent was not investigatdulit analyzed neverthelegs.g this would typically occurin

the case of metalsyVe suspected thadD sampleswithin a panel only reported by the

lab because of analytical protocol, would therefore tend to not be recorded intariéiS.
variable6 f i e | d induded bnettre &CEHD atabankidentifies samples collected on
the same sampling medi&CEHD samples were therefore divided into teategories
indicating whether or ndhe sample was belonging to a panel (panel=yes if more than 1

agent on the sampling media).

We also suspedtethat CEHD samplesnight bemore likely to be recorded into IMIS

when other samples taken during the same inspectiondegetedresults The 6ot her
detected sampl es wasderivedsopdekng ait tberdish of exposurea b | e
resultsin the (EHD inspectionand calculatingthe proportion thatvere detected.This
variablewas analysed as a folavel categorical variableO% = none, :33% = low

proportion, 3466% = medium proportion, more than 66% = high propo)tion
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The number of workers iraeh inspected facility was used as a measutieeoize othe
establishment. This variable was treated as categorical by breaking down the data in
tertiles based on the number of workers in each establishment in the@#td@dataset

(1 to 35 workers =small, 36 to 150 = medium, more than 150 = large). Treating this
variable as continuous was also explored in preliminary analyses and did not change the

results.

The Standard Industri&élassification (SIC) code wa®t included as a predictor because
of the correlation with the level of exposure when using finely defined categories (e.qg.

high exposures foron and steelfoundrie$.

We used theublicly available IMIS violation datasét)S Department of Labor, 2014b)

to create 4 variables associatedhwtite violative behavior of a given establishment (the
linking procedurebetween CEHD and IMIS violation databankssed on inspection
number and character matchingf establishment names, is available from the
correspondingautho). Past reports on smadlibsets of IMIS data for particular agents
have shown that the decision to record a result in IMIS might depend on the issuance of a
citation for overexposuréMendeloff, 1984; Jonegt al, 1986) Thevar i abl e O6PEL
C i t a represents dhe number ofatibns issued during the inspection we judged the
most closely related to compliance with PRccupational Safety and Health Standards
(OSH) from 1910.1000 through 1910.1052, OSH Standards for Shipyard Employment
from 1915.1000 to 1915.1050, and OSH Stadd for Construction from 1926.1101 to

1926.1148) A recent report bysarazinet al. (2016) also discussed the possibility that
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citatons other than the direct PEL regulatiocmuld beassociated with overexposure

(e.g. risk communication, personal prdtec o n , respirators). The v
protection and hazar depresents mitatonscraldated donOSH | t at i
Standards1910.0134and 1910.1200 The third variablec r e at e d (60t her Ci
included all other citations not included ithe two variables described above (they

include OSH standards mainly associated with mechanical and electrical safety issues,

and physical hazards). Each of the three previous variableansfsed as threelevel
categorical v ar i aZdchtegori¢stbaseddanediant oé theonozerop | u s
values). Finallywe <c¢cr eat ed t h e repiesentm@thettotabamouatrofi fiaeb | e
historically received by an establishment. This varialkés analysed as a folavel
categorical vyadr i cadbtl eeg o(royn op Ipuesn ad tcat egori es b
zero values)We did not correct penalty amounts according to establishment size because

OSHA already applies a penalty reduction structure for sizalowing for reduction

between 10 and 40% fomployers with 250 employees or less until 2012 (OSHA has

since increased the maximum employer size reduction factor from 40% to(GSHA,

2015a) Treating the penalty as a continuous variable or further standardizing by the

actual number of employees dmbt affect the resultrior to modelling, correlations

bet ween independent vari ables were evaluat

coefficient(Fisher and van Belle, 1993)

Statistical modeling

Full dataset
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The CEHDsample resultsvere transformedhto a binary variable indicating whether or
not themeasurement also appears in the IMIS databank. This binary variable was the

response variable.

For the main analysis, we usedi$son regressionsing a sandwich variance estimator

for estimation of sk ratios with binary outcoméreenland, 2004; Zou, 2004; Hamm
and Burstyn, 2011p model theprobability of a CEHDsample resulbeingrecordednto

IMIS. We used Poisson rather than logistic regression to prevent overestimation of
relative risks, likey to occur for prevalence over 25ou, 2004; Hamm and Burstyn,
2011) All variables described above were added in the model, as wslnagle year
sampling durationOSHA region, anctchemical agent codéTableI). In addition,we
added the interactioof exposure level with panel sample to specifically test whether ND
results part of a panel are recorded differently into IMK results coming out of the

lab, but probably not of interest to the OSHA offideffect coding was uset code for

the OSHA region and chemical agewariables to allow comparison®f the probability of

a CEHDsample resulbeingrecordedinto IMIS in a specificcategorywith the overall

mean probabilityof recording.The reference group foall othervariables was chosen a
priori aston efdr nondlow/highvariablesasnd as &ésmal |l 6 for establi
The association ofearand sampling timavith probability ofrecordingwere modeled
usingpolynomial functions, with a maximal complexity of 8 degrédse associgon of
eachcategoricapredictor withrecording or not into IMISvas quantifiedusing riskratios

(RRs). For a variablethe RR for a specific category represents th@obability of a
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CEHD sample resultbeing recorded into IMISfor that categorydivided by the

probabilityof recordingfor the reference categoof that variable

A supplementary analysis was performed using the same model structure described above
except that it incorporated an interaction of year with exposure level and panel status.
This was done to evaluate if the temporal trend of probabifityecording differed
between detected and ND records, measured alone or as part of panel samples (this
analysis was not selected as the main analysis because it complicated the presentation of
results).To provide a graphical comparison of the predictszbrdingprobabilitiesfrom

1984 to 2009, we calculated predicted probabilities for each year for detected and ND
records, measured alone or as part of panel samples. Predictions were based on th
median sampling duratioand on the reference level of each categorical variable (for
OSHA region and chemical agent effect coded variables, categories closest to the

population average were chosen, i.e. 05_chicago #wdhone, respectively).

Agent by agent

The previous model |l ing strategy (i .e. 0f u
probabilities for each agent, but the same influence of other predictors across agents. To
evaluate whether the associations were consistent across chemical ageratso

modeled the probability of recording on an agent by agent bEse.analyss were

restricted to chemical agents that had at I12d£l0 samplegthese agents represent 92%

of all CEHD data). The Poisson regression models were fitted to eachdadgset with
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the same fi nal structure as the o6full dat as

with panel sample + same complexity of polynomial functions for year and sampling
time). For each predictor variabl®&Rs were obtained for every chewal agent. Meta
analytic methods were useas in Sarazinet al. (2016) to combine results from all
chemical agentsassess variability across agents, gatlan overall picture of the effect

of each predictofvan Houwelingeret al, 2002; Borensteipt al, 2010) Briefly, random
effects models were applied to calculate the raetytic summary estimates and forest
plots were used to illustrate how agspecific associations relate to the pooled estimate.
Heterogeneity of effects was addressed by prexgmiieir magnitudes on forest plots

(Borensteiret al, 2010)

Software

All analyses were performed using the R.3.statistical software (R Development Core

Team, Vienna, Austria)with the packagemetafor (Viechtbauer, 2014) for the meta

analysis ggplot2 (Wickham, 2015)for graphical illustrationsycd (Meyer, 2015)for
computing of Cr a me saddwichiZeileisp 2015)far caicudation sf, and

robust standard error estimators
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4 AResults

Descriptive analysis

The statistical analysescluded1,034,000 CEHD analytical measurements, which were
reduced to588,818 average concentration results corresponding6té42 inspection
visits for the period 184 to 2009. Seventyeight agents were selected for analysis,
constituting %% of all pesonal samples3@ organic solvents, 2 metals and their
compounds,6 gases,6 dusts/fibers, 4 isocyanates, and 8 other agefitaple II).
Fourteen out of the 18ost frequently measured agemsCEHD were metals (n >
13,549; other agents that were fregptly measured includeparticles not otherwise
regulated(PNOR - resprable dust(n = 23,129, silica- quartz(n = 12,978, PNOR -
total dust(n =12,036, and toluendn =9,030). The proportion of sample resulibove
the PELranged fron0% (11 solvems and 3 metajsto 40% (coal tar pitch vadtile). The
overall poportion of CEHD sample resultsecordedinto IMIS was 38% (50% for
detected records and 29% for ND records). Lead, vinyl chlodideMDI, and phenol
had the highest proportion of samplescordedinto IMIS (65%, 60%, 59%, 59%,
respectively), whereasadmium (twa), tin, and PNORrespirable dudhad less than 10%

of theirsamplesecorded.

Statisticalmodeling

Main analysis: modelingthe full dataset
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Regarding multicollinearity, all thependent variable pairs had weak correlatased on
Cramer 6s V and c o(rx0.4), rexepnforthpana samplehemical n t
agent and exposure lel@lemical agenpairs which had moderate correlation (ré6.
and r=0.48, respectivelyA correlation of 0.7Avas ourthreshold to flag multicollinearity.
The associations of year and sampling time with probabilitg &fEHD sample result
being recordedinto IMIS were best modeled with fourth degread first degree (i.e.

linear function)polynomals, respectively.

Table Il shows the observed influence of atlategoricalpredictor variables on the
probability of recording The three variables thathad the strongest associatiorere
exposure level, panel sample, and OSHA regkuor. exposure leveldetected sample
results were associated with a higher probabilityegbrdinginto IMIS than ND results,

and this relation was seeagardless if measured on panels or alone. Furthermore, the
probability ofrecordingwas similar between detected sampi€&£L and >=PEL on both
panel and nompanel samples. However, the contrast between ND and detected results
was higher in panel compared to Aoemel samples. In panel samples, detected results
were 60% (detected<PEL) and 71% (detected>=PEL) more likddg tecordedn IMIS
compared to ND samples, whereas in -panel samples, detected results were 33%
(detected<PEL) and 24% (detected>=PEL) more likely toeberdedn IMIS compared

to ND samples.

RRs varied between chemical agents with probabilitgobrdingvarying from6.7 times

lower than average for PNORrespirable dusto 2 times higher than average for lead.
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The mostfrequently measureslolvents and metals, as well asgdlses and isocyanates
had a higher than average probability recordng. Probability of recordingvaried
between OSHA regionfsom 1.4times lower than average f02_new_yorko 1.4times
higher than average f@8_denverFinally, visual assessment of the smoothed curve for
the effect of year of sampling suggested thatprobability ofrecordingremained fairly

constant from 1984 to 20@®igure 1).

Supplementary analysis: adding timeraction of year with exposure level and panel

status

Figure2 shows thepredictedprobability of recordingfor year stratified by eposure level

and panel sample stat(lsased on the mod#iat incorporated an interaction of year with
exposure level and panel stgtu¥isual assessment of smoothed curves suggests an
increasen the probability ofrecordingfrom 1984 to 2009 for both NP-50% increase)

and detectedsamples(~130% increasejvhen measured alone&vith detected samples
showing higher probability ofrecordingthrough the whole time perio@he probability

of recordingremained fairly constant from 1984 to 2009 for detectedpsas measured

on panels, while asmall decrease in probability was seen for ND samglea0%

decreasein more recent years.

Secondaryanalysis: modelingagentby-agentdataset
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The secondary analysis looked at the associations of predictors wighottebility of

recordingon an agent by agent basisventyfour agents were included in this analysis.

The observed pooled influence of all predictor variables are shown in Vaddeneta

analytic risk ratios Si mi | ar t o t he thé &gntby-agedteappeoacekt 6 app
confirmed the association axposure level, panel sample, and OSHA regiath

probability of recording.Detected=PEL sample results were associated with a higher
probability of recordinginto IMIS than ND resultgegardless if meased on panels

(metaRR = 166, 95% confidence interval (Cl): 461 1.88) or alone(metaRR = 153,

95% CI: 135/ 1.73), and this relation was observed across majority of ageh&snical

specificRR>1.00for 21/24 agentdor panel=no and panel=yes)

In addtion, forest plots which illustratéhow agenispecific associations relate to the

pooled estimatare available for eaclevel of each predictor variabl@ppendix 1). We

show as an example in Figure 3 tlgematspecific and metanalyticRRsf or d6ddet ect e
above PELO records compared to ND records st
of forest plots generally showed homogeneity across agents for all predictors, with a few
exceptions of note: issuance of PEL citations during an inspection wasagess$atith

higher probability of recordintpr cadmium (Twa), while an increase in the proportion of

detected samples in the inspection was associated with lower probability of redording

this same agenfn increase in the total amouat penalty was ssociated withhigher

probability of recording for acetone, styrene, and silica (quartz).
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4 5Discussion

To our knowledge this study represents the firsbmprehensiveeffort to examine
empirically mechanisms by which data is reported to IIWW%e usedneasurement data
from 78 chemical agentgovering 184-2009 and representing 36 of the CEHD
chemical exposure dataséthis study expanded orthe initial analygs performed by
Lavoueet al. (2013) Joneset al. (1986) and Mendeloff (1984)by looking ata broad
range of chemical agents and with the ussetafistical modelingo study concomitantly
several potential explanatory variabl@he main modeling approach on the full CEHD
dataset allowed estimating the average effect of each predictor acrods, ageile
modeling data agesity-agent allowed examining if effect of predictors were consistent

across agents.

The overallproportion of CEHDsamplesrecordedinto IMIS was 38% for the period
19842009 with a higher proportion of recording for detettesults (50%) compared to
ND results (29%)Lavoueet al.(2013) Leeet al. (2015) andCowanet al. (2015)found
similar proportionsof CEHD sampleshaving a link to an IMIS recordor lead, coal tar

pitch volatiles, ané@sbestos, respectively.

The results from the multivariate regression model showed that the level of exposure of
the sample, as well as its panel statueenthe most strongly related to the CEsHinple

being recorded into IMIS. Higher probability of recording of detected vs. ND
measuementwas seen regardless if measured on panels or,attheughthe contrast

between detectednd NDresults was higher in panel compared to-panel samples
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Our findings suggest NBamplesmight be considered by a®SHA officer as not
avorthéreportng in IMIS. Moreover ND results from chemicals that are most of the time
measured as part of panel samplsesch as metals and dusts, would be even less
interestingto the officer since they would only be analysed becafsanalytical
protocol and not kb of interest for risk analysi©n the other hand, the probability of
recordingwas generally the same for detected samples regardless if measured alone or on
a panel which is consistent with the fact that detected results measured on panels likely
reflect a sample where the agent was being investigayetthe officer. Our results also
suggest that gh exposure levels did not seem to cause more repanto@EHD, and

that it is rather the status of being detected which is the main determinant. Tudtse re
support the hypothesis bhvoueet al. (2013) Joneset al. (1986) andMendeloff (1984)
thatthe IMIS undeireporting isdifferential: non-detects seem less likely to be recorded

in IMIS than other samples.

Analysis of time trends in the proponi® ofa CEHDsample resulbeingrecorded into

IMIS showedthat theoverallprobability of recording remained fairly constant from 1984

to 2009 The supplementaranalysis (which included an interaction of year with
exposure level and panel status) howestgggests that the overall flat curve would be a

mix of increase in the proportion of recording gamples measured alone (detected and

ND), steadiness for detected samples measured as part of panels, and small decrease for
ND samples measured as partpahels. While the increase seen $amples measured

alone might be explained by an increased technical ease in data entry over the years, the
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steadiness/small decrease seen for samples measured on panels is more difficult to

interpret based on the infortian available.

Samples with higher sampling time were more likely to be recorded into IMIS, although
the association was moderate. These observations might be explained by the fact that
OSHA inspectors are more likely to record a result in IMIS wherrtsfisere made to

monitor a whole working shift or a longer task.

There were substantial differences between chemical agents in the probability
recording. The observed differences between agents likely correspond to specific
programs that emphasiteettain agents since the setup of OSHA databanks in the 1970s
(e.g. highest probability of recording for lead), or to particular sampling technique issues
(e.g. very low probability of recording for frequently measuPdOR 1 resprable and

total duss). It is probable that most PNOR resuftshe CEHD databank are only present
because the officer requested another agent, such as a metal or silica. This hypothesis is
supported by the fact that the crude proportion of recording was 35% for total dust
samples reasured alone compared to 9% when measured on a panel. There were also
substantial differences in the probability of recordimggween OSHA regionsThese
differencesare likely related to region specific practices regarding how data is reported

into IMIS.

Probability of recording was marginally associated with the type of citations issued

during the inspection (i.€RPEL, respratory potection and hzard @mmunication, and
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