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Key messages

What is already known about this subject?
►► Numerous exposure assessment methods 
(EAM) in occupational epidemiology have been 
developed for classifying workers’ pesticide 
exposure. Both direct (eg, biomonitoring) and 
indirect (eg, self-reported exposures) EAM are 
however intrinsically associated with degrees of 
exposure misclassification, which might lead to 
conflicting study results.

What are the new findings?
►► In this systematic review of articles on 
occupational exposure to pesticides published 
between 1993 to 2017, the majority of 
documented EAM applied were indirect, 
particularly based on self-reported exposure. 
The use of self-reported exposures and job 
exposure matrices increased throughout the 
study period, whereas the use of expert-
assessments and job title assessments 
decreased. The use of algorithms and predictive 
models showed no trend. Likewise, no temporal 
trends in the use of different direct EAM were 
observed. The specificity of pesticide assessment 
increased since studies assessing exposure 
by using job title as a proxy declined, while 
assessment of type of pesticide increased. For 
assessments at the level of active ingredients 
only a temporary increase was seen.

How might this impact on policy or clinical 
practice in the foreseeable future?

►► This review, combined with future studies 
assessing the validity of applied EAM, such 
as the IMPRESS project (Improving exposure 
assessment methodologies for epidemiological 
studies on pesticides), will provide information 
on the magnitude of exposure misclassification 
and suggest ways to improve the quality of 
human observational studies on pesticides 
exposure.

Abstract
Objective  Numerous exposure assessment 
methods (EAM) exist for investigating health effects 
of occupational exposure to pesticides. Direct (eg, 
biomonitoring) and indirect methods (eg, self-reported 
exposures) are however associated with degrees of 
exposure misclassification. We systematically reviewed 
EAM in studies of occupational pesticide exposure.
Methods  We searched for articles reporting 
observational epidemiological studies in MEDLINE and 
Embase published 1993 to 2017. The relative frequency 
of EAM was analysed according to EAM type (direct and 
indirect methods), health outcome, study design, study 
location (country) and specificity of assessment. Temporal 
trends in EAM were analysed.
Results  In 1298 included articles 1521 EAM 
occurrences were documented. Indirect EAM (78.3%), 
primarily self-reported exposures (39.3%) and job titles 
assessments (9.5%), were mainly applied in case-control 
studies (95.0%), in high-income countries (85.0%) and 
in studies of doctor-diagnosed health outcomes (>85%). 
Direct EAM (20.8%), primarily biomonitoring of blood 
(15.6%) or urine (4.7%), were predominantly applied 
in cross-sectional studies (29.8%), in lower middle-
income countries (40.9%) and in studies of neurological 
(50.0%) outcomes. Between 1993 to 2017 no distinct 
time trends regarding the ratio indirect to direct methods 
was seen. Within the category of indirect methods use 
of self-reported exposures and job exposure matrices 
increased while assessments by job titles and registers 
decreased. The use of algorithms showed no trend. The 
specificity of pesticide assessment increased since studies 
assessing exposure by using job title as a proxy declined. 
Assessments of type of pesticide increased.
Conclusion  Over the last 25 years, the ratio (5:1) of 
indirect to direct EAM applied in articles on occupational 
pesticide epidemiology stayed relatively constant; 
changes were mainly attributable to increasing use of 
self-reported exposures and job exposure matrices. This 
review, combined with studies assessing EAM validity, 
will inform on magnitudes of exposure misclassification 
and help improve the quality of studies on occupational 
pesticides exposure.

Introduction
Occupational exposure to pesticides has been 
associated with several health outcomes including 
cancer,1 2 neurological diseases,3 4 mental disor-
ders,2 rheumatoid arthritis,5 respiratory diseases,6–8 

various genetic biomarkers9 10 and reproductive 
and developmental disorders.3 11 Occupationally 
exposed populations comprise for example, agricul-
tural workers, gardeners, flower growers, forestry 
workers and hygiene and pest control workers.12 
The assessment of occupational pesticide exposure 
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is however methodologically challenging. In agricultural popu-
lations — the most frequently studied — living and working 
conditions are often hard to separate,3 with take-home expo-
sures potentially biassing occupational exposure assessments.13 
Exposure in farm workers may vary according to treated crop, 
(micro) climate, professional training, task performed, appli-
cation method, use of personal protection equipment (PPE) 
and control measures, clothing and hygiene.14 Additionally, an 
increasing number and quantity of different active ingredients 
are being applied15; globally the average use of pesticides per 
area of cropland increased from 1.5 kg/ha in 1990 to 2.57 kg/ha 
in 2016.16 These conditions generate heterogeneous exposure 
patterns within working populations with variations between 
workers, between exposed body parts, over time17 18 and space.19

Numerous direct and indirect exposure assessment methods 
(EAM) have been developed for classifying workers’ pesticide 
exposure. Direct methods rely on direct measurements by any 
type of biomonitoring, primarily through sampling of biomarkers 
or metabolites in blood, urine or skin in the target population,14 
or by personal sampling of the workers’ breathing zone (inhala-
tion exposure assessment) or skin (dermal exposure assessment). 
However, direct measurements of the exposure are generally 
feasible only in prospective cohort and cross-sectional studies.2 20 
Consequently, indirect methods for pesticide exposure assess-
ment have been developed and applied. These include assess-
ments based on job title, self-reported exposures and job histories 
by self-administered or interview-administered questionnaires, 
records and registers (eg, the NIOSH dioxin register),21 expert 
case-by-case assessments and environmental monitoring of expo-
sure levels.22 Exposure data collected in indirect EAM are often 
further used for semi-quantitative methods such as job expo-
sure matrices (JEM)8 23–25 and crop exposure matrices (CEM).26 
More recently, exposure algorithms and empirical models have 
been developed to estimate exposure-intensity scores based on 
various exposure-modifying factors such as application equip-
ment, PPE use or hygienic behaviour.27 28

Existing EAM are however intrinsically associated with degrees 
of exposure misclassification, which might lead to conflicting 
study results. In a systematic review and meta-analysis of studies 
on occupational pesticide exposure and prostate cancer, signif-
icant associations were found in studies using exposure assess-
ments based on group level, but not in studies which sampled 
serum pesticide levels.1 Moreover, Daniels et al20 analysed the 
effect of applying different EAM in workers in relation to neuro-
blastoma risk in offspring. Exposure classifications based on 
various degrees of self-reports, data based on industry type and 
on industrial hygiene review revealed ORs ranging from 1.0 to 
1.9 in men and 0.7 to 3.2 in women.

Consequently, the choice of EAM may account for consid-
erable variations in workers’ assigned exposure and resulting 
disease risk estimates. The IMPRESS project (Improving expo-
sure assessment methodologies for epidemiological studies on 
pesticides), www.​impress-​project.​org, aims to better understand 
the performance of existing methods of occupational exposure 
assessment to pesticides used in epidemiological studies, and 
to use this information to recommend improvements in scien-
tific practice for the future. Within the IMPRESS project, we 
performed a systematic review of EAM used in epidemiological 
studies of occupational exposure to pesticides.

Methods
We searched for EAM in peer-reviewed literature on occupa-
tional exposure to pesticides in relation to any health outcome 

published from 1st January 1993 to 31st December 2017 in 
English, French, German, Spanish, Dutch, Swedish, Danish and 
Norwegian. Searches were made in the two largest databases for 
life sciences and biomedical literatures, Embase and MEDLINE, 
enabling a comprehensive search.29 30 The searches were made 
unrestricted regarding type of pesticide, health outcome or study 
design using both subject headings, and keywords including rele-
vant synonyms qualified by titles/abstracts.

The search syntax (online supplementary file 1) included the 
following subject-heading based search terms: ‘pesticide’ AND 
(‘occupational exposure’ OR ‘dermal exposure’ OR ‘dietary 
exposure’ OR ‘inhalation exposure’ OR ‘ingestion exposure’ 
OR ‘environmental monitoring’ OR ‘paternal exposure’ OR 
‘maternal exposure’). The syntax also included keyword searches 
based on the subject headings and terms reflecting relevant expo-
sure types not listed in the database-specific structure of subject 
headings for MEDLINE and Embase, the MeSH-tree and the 
Emtree, respectively — for example, ‘eye exposure’, and ‘nasal 
exposure’. The syntax further included keywords reflecting work 
tasks associated with pesticide exposure (eg, handling crops or 
animals, or forestry work) and professions which traditionally, 
typically or potentially are exposed to pesticides (eg, mixers, irri-
gators, veterinarians and farmers).

Article selection
Title and abstract screening of retrieved articles was performed 
by the lead author of this manuscript (JO) using the screening 
tool Rayyan (​rayyan.​qcri.​org).

The following inclusion criteria were applied: peer-reviewed 
original observational epidemiological studies (including confer-
ence abstracts) describing analyses of occupational exposure to 
pesticides in association to any health outcome. Review articles, 
methodological articles, toxicological studies, clinical trials, 
case reports, case series and descriptive studies without health 
endpoints were excluded. Included articles were screened for 
eligibility a second time by JO. Furthermore, a second inde-
pendent reviewer (HK) assessed a random selection of 5% of 
included articles for eligibility and extracted data, and a random 
selection of 1% of excluded articles for eligibility. The final 
selection of articles was stored in EndNote (V.X8.2) for further 
analysis.

Data extraction
The following data were extracted from each included article: 
type of EAM, specificity of EAM assessment, study design, study 
location (country), health outcome, authors of article, year of 
publication and journal. When possible EAM, study design, 
study location and health outcomes were extracted in abstracts, 
otherwise in full-text versions.

Based on the extracted data, two EAM categories were 
created, these being indirect and direct EAM. Indirect EAM 
included the following methods: job title, expert case-by-case 
assessment, self-reported exposure (by self-administered ques-
tionnaire or by interview administered questionnaires), self-
reported job history (by self-administered questionnaire or by 
interview administered questionnaires), register data, job, task 
exposure and crop exposure matrices, algorithms/empirical 
models, indexes, scores, metrics, environmental air monitoring 
and geographical information systems. Direct EAM included the 
following methods: biomonitoring (by blood, urine, skin, hair or 
adipose tissue), and personal air and dermal sampling. Some arti-
cles considered cholinesterase activity as a measure of exposure, 
others a biomarker of (health) effect. The former were classified 
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Figure 1  Screening and selection of articles resulting from searches in 
MEDLINE and Embase.

into the EAM category ‘biomonitoring by blood’’, which most 
frequently included measures of cholinesterase inhibition, 
dichlorodiphenyldichloroethylene, and 2,3,7,8-Tetrachlorodibe
nzo-p-dioxin. The category ‘biomonitoring by urine’ comprised 
most frequently of dialkyl phosphate, ethylene thiourea and 
3,5,6-trichloro-2-pyridinol. Eligible articles that did not report 
on applied EAM were grouped into the EAM category ‘EAM 
not reported’.

We also classified at which level of specificity the applied EAM 
assessed exposure: job title, pesticides in general, type of pesti-
cide (eg, insecticides, herbicides, fungicides), chemical class (eg, 
organochlorines, organophosphates, carbamates) and specific 
active ingredient (eg, captan, chlordane, permethrin).

Furthermore, the articles were classified by study design: 
cross-sectional studies, prospective cohort studies, retrospective 
cohort studies and case-control studies. Articles describing anal-
yses of cross-sectional data originating from cohort studies were 
classified as cross-sectional studies.

Using the study location data we classified the articles according 
to the World Bank Atlas method31 : low-income countries (LIC), 
lower middle-income countries (LMIC), upper middle-income 
countries (UMIC) and high-income countries (HIC). Articles 
performed at multiple study locations were classified as either all 
high-income countries (AHIC), or some high-income countries 
(SHIC).

Finally, the articles were classified based on the study health 
outcome in three ways:
1.	 By type of health outcome: biochemical, cancer, dermato-

logical, endocrine/nutritional/metabolic, genetic biomarkers 
(eg, genotoxicity, DNA damage, micronuclei frequency), 
genitourinary, haematological, immunological, mental disor-
ders, morbidity, general (all cause) mortality, neurological, 
outcomes in offspring, pesticide-related symptoms, pesticide-
related illness, reproductive, respiratory and other (miscel-
laneous outcomes with very low frequencies, for example, 
musculoskeletal disorders, suicide and diseases of the circu-
latory system).

2.	 By health outcome assessment type: self-reported outcomes, 
doctor-diagnosed outcomes (based on assessments in individ-
ual studies or via outcome registers) and diagnostic/medical 
test results (from here referred to as test results) (eg, analyses 
of DNA damage, lung function or neurobehavioral tests).

3.	 A final health outcome category was created by combining 
the most frequently analysed health outcome types in 1 and 2 
with resulting in the following categories: self-reported out-
comes, cancer (doctor-diagnosed), genetic biomarkers (test 
results), neurological (doctor-diagnosed or test results), re-
productive and offspring (doctor-diagnosed or test results), 
respiratory (doctor-diagnosed or test results), general mor-
tality (doctor-diagnosed) and other (miscellaneous outcomes 
with very low frequencies)

Analysis
Using R V.3.5.032 we estimated the relative frequency of EAM 
occurrences in included articles according to individual EAM, 
indirect EAM and direct EAM over the whole 25 year period. To 
detect temporal trends relative frequencies of EAM (individual, 
indirect, direct), study design, outcome categories, study loca-
tion and specificity of EAM were analysed by 5 year periods. 
We further estimated the relative frequency of types of EAM 
occurrences by study design, outcome category and study loca-
tion. Study types and health outcomes were also analysed by 
study location. We additionally constructed a map plot showing 

number of articles according to country of study location. For 
this purpose (only) articles reporting international multicentre 
studies were counted multiple times according to the number of 
individual countries serving as study location in the article.

Results
The searches in MEDLINE and Embase resulted in 8945 articles 
of which 252 were duplicates, leaving 8693 unique articles for 
title and abstract screening (figure 1).

During title screening we excluded 4512 articles considered 
off topic (did not fulfil inclusion criteria) and another 241 
reviews. Of the remaining 3940 articles subjected to abstract 
screening, the following were excluded: 776 review articles, 243 
articles describing methodologies of exposure assessment only, 
695 articles without any association between pesticide exposure 
and a health outcome presented, 344 articles analysing non-
occupational populations (eg, children, animals or cells) and 376 
articles analysing non-occupational exposures (eg, residential 
pesticide exposure, para-occupational exposure). In total 1506 
articles fulfilled the stated eligibility criteria. Of these, 235 arti-
cles could not be included for data extraction and analysis, as 
they did not report on the EAM applied in the abstract and could 
not be accessed in full-text by the researchers. This left a total of 
1271 articles with extracted data (online supplementary file 2).

Number of articles over time
Over the 25 year period we observed an increasing number of 
articles and more than a doubling in the number of relevant arti-
cles, with 152 articles published between 1993 to 1997, 224 
articles between 1998 to 2002, 274 articles between 2003 to 
2007, 289 articles between 2008 to 2012 and 332 between 2013 
to 2017 (table 1).

Number of articles by country of study location
The 1271 articles concerned studies performed in 97 countries 
(figure 2). The USA served as most frequent study location for 
a total of 407 articles. Other frequent study locations (in 30 to 
84 articles) were Canada, Mexico, Brazil, India, China, Sweden, 

https://dx.doi.org/10.1136/oemed-2019-105880


360� Ohlander J, et al. Occup Environ Med 2020;77:357–367. doi:10.1136/oemed-2019-105880

Systematic review

Table 1  Total and 5 year interval relative frequencies of exposure assessment methods (EAM), and related study types, study locations, health 
outcomes and specificity of assessment in studies of occupational pesticide exposures and various health outcomes

Publication year

1993–2017 1993–1997 1998–2002 2003–2007 2008–2012 2013–2017 Missing

N % N % N % N % N % N % %

Number of articles 1271 100 152 12 224 17.6 274 21.6 289 22.7 332 26.1

Articles applying >1 EAM 203 16 29 19.1 19 8.5 51 18.6 54 18.7 50 15.1

Articles not reporting EAM 11 1.1 1 0.7 – – 1 0.4 5 1.7 4 1.2

Number of EAM occurrences in studies n=1483 n=183 n=245 n=326 n=345 n=384

EAM:  �   �   �   �   �   �  0

Indirect EAM 1219 82.2 147 80.3 187 76.3 283 86.8 284 82.3 318 82.8

Direct EAM 253 17.1 35 19.1 58 23.7 42 12.9 56 16.2 62 16.1

EAM not reported 11 0.7 1 0.5 . – 1 0.3 5 1.4 4 1

Indirect EAM:  �   �   �   �   �   �

Job title 182 12.3 26 14.2 43 17.6 35 10.7 41 11.9 37 9.6

Expert case-by-case 84 5.7 18 9.8 9 3.7 27 8.3 20 5.8 10 2.6

Self-reported exposure:
self-administered or
interview administered questionnaire

590 39.9 49 26.8 89 36.3 136 41.7 144 41.7 172 44.8

Self-reported job history:
self-administered or
interview administered questionnaire

103 6.9 16 8.7 11 4.5 20 6.1 26 7.5 30 7.8

Registers 85 5.7 20 10.9 15 6.1 24 7.4 11 3.2 15 3.9

JEM 69 4.7 4 2.2 11 4.5 9 2.8 14 4.1 31 8.1

CEM 3 0.2 – – – – – – – – 3 0.8

TEM 1 0.1 – – – – – – – – 1 0.3

Algorithm/model 80 5.4 9 4.9 3 1.2 26 8 26 7.6 16 4.2

Index 6 0.4 2 1.1 2 0.8 – – 2 0.6 – –

Score 1 0.1 – – 1 0.4 – – – – – –

Metric 1 0.1 1 0.5 – – – – – – – –

Environmental monitoring 12 0.8 2 1.1 3 1.2 6 1.8 – – 1 0.3

GIS 2 0.1 – – – – – – – – 2 0.5

Direct EAM:  �   �   �   �   �   �

Biomonitoring:  �   �   �   �   �   �

Blood 175 11.8 24 13.1 43 17.6 32 9.8 39 11.3 37 9.6

Urine 69 4.7 9 4.9 13 5.3 8 2.5 16 4.6 23 6

Dermal 2 0.1 1 0.5 1 0.4 – – – – – –

Hair 1 0.1 – – – – – – 1 0.3 – –

Adipose tissue 3 0.2 – – 1 0.4 1 0.3 – – 1 0.3

Personal air sampling 3 0.2 1 0.5 – – 1 0.3  �  1 0.3

Specificity of EAM:  �   �   �   �   �   �  0.4

Job title 236 15.9 39 21.3 41 16.7 45 13.8 53 15.4 58 15.1

Pesticides in general 476 32.1 59 32.2 69 28.2 99 30.4 109 31.6 140 36.5

Type of pesticide 112 7.6 8 4.4 21 8.6 25 7.7 21 6.1 37 9.6

Chemical class 273 18.4 37 20.2 60 24.5 54 16.6 58 16.8 64 16.7

Specific active ingredient 380 25.6 40 21.9 54 22 102 31.3 100 29 84 21.9

Not reported – – – – – – 1 0.3 4 1.2 1 0.1

Study location of articles:*  �   �   �   �   �   �  0

LIC 17 1.1 – – 3 1.2 – – 4 1.2 10 2.6

LMIC 145 9.8 11 6 7 2.9 24 7.4 47 13.6 56 14.6

UMIC 222 15 14 7.7 31 12.7 37 11.3 55 15.9 85 22.1

HIC 1007 67.9 147 80.3 184 75.1 244 74.8 222 64.3 2018 54.7

SHIC 16 1.1 – – 1 0.4 6 1.8 7 2 2 0.5

AHIC 36 2.4 4 2.2 4 1.6 7 2.1 4 1.2 17 4.4

Not reported 40 2.7 7 3.8 15 6.1 8 2.5 6 1.7 4 1

Study design of articles:  �   �   �   �   �   �  3

Cross-sectional 466 31.4 47 25.7 86 35.1 96 29.4 108 31.3 129 33.6

Cohort (prospective) 505 34.1 70 38.3 78 31.8 116 35.6 114 33 127 33.1

Cohort (retrospective) 20 1.3 5 2.7 5 2 3 0.9 4 1.2 3 0.8

Case-control 447 30.1 52 28.4 71 29 104 31.9 106 30.7 114 29.7

Health outcome in articles:  �   �   �   �   �   �  0

Self-reported outcomes 205 13.8 25 13.7 36 14.7 47 14.4 46 13.3 51 13.3

continued
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Publication year

1993–2017 1993–1997 1998–2002 2003–2007 2008–2012 2013–2017 Missing

N % N % N % N % N % N % %

Cancer (doctor-diagnosed) 394 26.6 49 26.8 55 22.4 105 32.2 95 27.5 90 23.4

Genetic biomarkers (test results)† 184 12.4 12 6.6 35 14.3 35 10.7 48 13.9 54 14.1

Neurological (doctor-diagnosed) 94 6.3 8 4.4 10 4.1 21 6.4 28 8.1 27 7

Neurological (test results) 77 5.2 13 7.1 17 6.9 15 4.6 12 3.5 20 5.2

Reproductive+offspring (doctor-diagnosed) 97 6.5 14 7.7 13 5.3 17 5.2 17 4.9 36 9.4

Reproductive+offspring (test results) 76 5.1 4 2.2 23 9.4 16 4.9 18 5.2 15 3.9

Respiratory (doctor-diagnosed) 6 0.4 – – – – 2 0.6 2 0.6 2 0.5

Respiratory (test results) 23 1.6 2 1.1 3 1.2 5 1.5 3 0.9 10 2.6

Mortality (all-cause) (doctor-diagnosed) 78 5.3 31 16.9 11 4.5 18 5.5 13 3.8 5 1.3

Other‡ 249 16.8 25 13.7 42 17.1 45 13.8 63 18.3 74 19.3

*Classification according to the World Bank Atlas Method, 2019.31 LIC=low-income countries. LMIC=lower middle-income countries. UMIC=upper middle-income countries. HIC=high-income 
countries. AHIC=multiple study locations all high-income countries. SHIC=multiple study locations some high-income countries.
†Refers to results from medical/diagnostic tests for a disease.
‡Miscellaneous outcomes with very low frequencies, for example, musculoskeletal disorders, suicide and diseases of the circulatory system.
AHIC, multiple study locations all high-income countries; CEM, crop exposure matrices; GIS, geographical information systems; HIC, high-income countries; JEM, job exposure matrices; LIC, low-
income countries; LMIC, lower middle-income countries; SHIC, multiple study locations some high-income countries; TEM, task exposure matrices; UMIC, upper middle-income countries.

Table 1  continued

Figure 2  Frequency strata showing number of reviewed and included 
articles on occupational exposure to pesticides and various health 
outcomes published between 1993 to 2017 per country serving as study 
location. Numbers in brackets represent the number of different study 
locations (countries) for each article frequency strata. Articles reporting 
multicentre studies are in the plot (only) counted multiple times according 
to the number of individual countries serving as study location in the 
article.

Denmark, the UK, Spain, France, Italy, Germany and the Neth-
erlands. With the exception of Egypt (in 15 to 29 articles), 
South Africa and Tunisia (both in 5 to 14 articles), few articles 
described studies performed in Africa.

Relative frequencies of EAM, study designs, outcomes, study 
locations and specificity of assessment during 1993 to 2017
From the 1271 articles we extracted a total of 1483 EAM occur-
rences; 203 articles (16.0%) reported using more than one EAM 
(table 1). Of all EAM occurrences documented 1993 to 2017, 
indirect methods were most commonly applied (82.2%) of 
which the most frequent were self-reported exposures by self-
administered or interview-administered questionnaires (39.9%), 
followed by assessment by job title (12.3%). Direct EAM 
(17.1%) were primarily based on biomonitoring of workers’ 
blood (11.8%) or urine (4.7%).

Documented EAM were applied almost equally in cross-
sectional studies (31.4%), prospective cohort studies (34.1%) 
and case-control studies (30.1%) (table 1). The use of retrospec-
tive cohort studies was rare (1.3%).

Regarding health outcomes, the majority of EAM were 
documented in studies of doctor-diagnosed cancer outcomes 

(26.6%), followed by self-reported outcomes (13.8%) and 
genetic biomarkers outcomes (12.4%) (table 1).

The majority of documented EAM originated from studies 
performed in HIC (67.9%), followed by studies in UMIC 
(15.0%) (table 1). Very few EAM resulted from studies in LIC 
(1.1%), and relatively few articles from international multicentre 
studies (3.5%).

The specificity of assessment of the used EAMs was most 
frequently pesticides in general (32.1%), followed by exposure 
to specific active ingredient (25.6%), chemical class (18.4%) and 
job title (15.9%), and least frequently according to type of pesti-
cide (7.6%) (table 1).

Time trends in EAM, outcomes, study designs, study locations 
and specificity of assessment during 1993 to 2017
Although fluctuating around the average of 82.2%, the use of 
indirect EAM remained relatively constant throughout the 25 
years considered (table  1). However, within the category of 
indirect EAM, the percentage of job title declined from 14.2% 
during 1993 to 1997 to 9.6% during 2013 to 2017. Further, 
the percentage of expert case-by-case assessments declined from 
9.8% to 2.6% while JEM increased from 2.2% during 1993 
to 1997 to 8.1% during 2013 to 2017. The use of exposure 
data in registers declined from 10.9% to 3.9%, while the use 
of self-reported exposures assessed by self-administered or 
interview-administered questionnaires showed a steady increase, 
comprising 26.8% of EAM occurrences during 1993 to 1997 
and 44.8% during 2013 to 2017. The use of algorithms or 
predictive models, or job histories showed no temporal trend.

With regard to time trends in the relative frequency of direct 
EAM, no large changes were seen; biomonitoring by blood fluc-
tuated between 9.6% and 13.1% with an exceptional increase to 
17.6% during 1998 to 2002, and biomonitoring by urine varied 
between 2.5% and 6.0%.

Over the 25 year time-period cross-sectional, prospective 
cohort and case-control studies accounted each for about one-
third of the articles analysed; a ratio which remained relatively 
constant over time. (table 1). However, the use of cross-sectional 
designs increased slightly from 25.7% during 1993 to 1997 to 
33.6% 2013 to 2017.

The percentage EAM occurrences documented in studies of 
general mortality as outcome declined from 16.9% to 1.3% 
(table 1) and increased in studies analysing genetic biomarkers 
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Table 2  Relative frequencies of exposure assessment methods (EAM) according to study design extracted from articles on occupational pesticide 
exposures and various health outcomes

Study design

Cross-sectional Cohort (prospective) Cohort (retrospective) Case-control

N % N % N % N %

Number of articles 430 33.8 417 32.8 19 1.5 375 29.5

Articles applying>1 EAM 35 8.1 85 20.4 2 10.5 67 17.9

Articles not reporting EAM 6 1.4 3 0.7 – – 1 0.3

Number of EAM occurrences in studies 466 31.4 505 34.1 20 1.3 447 30.1

EAM:  �

Indirect EAM 349 74.9 385 76.2 19 95 430 96.2

Direct EAM 111 23.8 117 23.2 1 5 16 3.6

EAM not reported 6 1.3 3 0.6 – – 1 0.2

Indirect EAM:  �

Job title 86 18.5 60 11.9 8 40 27 6

Expert case-by-case 10 2.1 20 4 1 5 50 11.2

Self-reported exposure:
self-administered
or interview administered questionnaire

209 44.8 146 28.9 3 15 212 47.4

Self-reported job history:
self-administered
or interview administered questionnaire

14 3 11 2.2 – – 76 17

Registers 8 1.7 57 11.3 5 25 14 3.1

JEM 3 0.6 18 3.6 2 10 45 10.1

CEM – – 2 0.4 – – 1 0.2

TEM – – – – – – 1 0.2

Algorithm/model 12 2.5 58 11.5 – – 4 0.9

Index – – 6 1.2 – – – –

Score – – 1 0.2 – – 2 0.3

Metric 1 0.2 – – – – – –

Environmental monitoring 6 1.3 4 0.8 – –

GIS – – 2 0.4 – – – –

Direct EAM:  �

Biomonitoring:  �

Blood 80 17.2 77 15.2 1 5 13 2.9

Urine 29 6.2 35 6.9 – – 3 0.7

Dermal – – – – – – – –

Hair – – 1 0.2 – – – –

Adipose tissue – – 3 0.6 – – – –

Personal air sampling 2 0.4 1 0.2 – – – –

CEM, crop exposure matrices; GIS, geographical information systems; JEM, job exposure matrices; TEM, task exposure matrices.

test results (from 6.6% to 14.1%) and doctor-diagnosed neuro-
logical outcomes (from 4.4% to 7.0%).

A consistent decline in the percentage of EAM occurrences 
in HIC was seen (80.3% during 1993 to 1997 vs 54.7% during 
2013 to 2017) (table  1). In contrast, an increase was seen in 
LMIC (6.0% during 1993 to 1997 vs 14.6% during 2013 to 
2017) and UMIC (7.7% during 1993 to 1997 vs 22.1% during 
2013 to 2017).

Concerning the specificity of pesticide assessment a decline 
in use of job title as a proxy was seen from 21.3% during 1992 
to 1997 to 15.1% during 2012 to 2017 (table 1). Concurrently, 
assessment by type of pesticide more than doubled from 4.4% 
during 1992 to 1997 to 9.6% during 2012 to 2017. Assessment 
of active ingredient showed an increase from approximately 
22% to approximately 30%, but fell back to the approximately 
22% in the most recent period.

EAM by study design
Stratifying EAM occurrences by study design, the percentage 
of indirect EAM was highest in case-control (96.2%) and retro-
spective cohort studies (95%), whereas the percentage of direct 

methods was highest in cross-sectional studies (23.8%) and in 
prospective cohort studies (23.2%) (table  2). The percentage 
of job title as EAM was highest in retrospective cohort studies 
(40.0%) and cross-sectional studies (18.5%). Moreover, retro-
spective cohort studies showed the largest percentage of expo-
sure assessment via register data (25.0%). The percentage of 
self-reported exposures was highest in case-control studies 
(47.4%) and cross-sectional studies (44.8%). Further, case-
control studies showed the highest percentage of expert case-
by-case assessments of workers’ exposure (11.2%) and JEM 
(10.1%). JEM comprised approximately 3% to 10% of reported 
EAM in cohort studies (retrospective and prospective) and case-
control studies, however less than 1% in cross-sectional studies. 
The percentage of biomonitoring by blood sampling and urine 
sampling was highest in cross-sectional studies (17.2% and 
6.2%) and prospective cohort studies (15.2% and 6.9%) (≤5% 
in the other study designs).

EAM by outcomes
Stratifying by outcome category, the percentage of indirect EAM 
was highest in articles analysing doctor-diagnosed outcomes; 
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reproductive and offspring outcomes (97.9%), neurological 
outcomes (96.8%) and cancer (95.4%) (table  3). By contrast, 
direct EAM comprised 40.3% of EAM occurrences in articles 
with neurological test results as health outcome. Self-reported 
exposures were the preferred method in the majority of arti-
cles on respiratory outcomes (doctor-diagnosed=83.3%) and 
self-reported outcomes (63.9%). The corresponding percentage 
for cancer (42.6%), doctor-diagnosed neurological outcomes 
(46.8%), genetic biomarker outcomes (35.9%) and reproduc-
tive and offspring-related outcomes (doctor-diagnosed=29.9%, 
test results=32.9%) was considerably lower. The percentage of 
blood sampling was highest in articles analysing neurological 
test results (23.4%), for example, cholinesterase activity, and 
not applied in articles analysing doctor-diagnosed respiratory 
outcomes, when comparing across study designs.

EAM by study location
The percentage of direct methods was higher in studies in LMIC 
and UMIC (30.3% and 24.4%) compared with in HIC (13.0%) 
(table  4). In contrast, the percentage of indirect methods was 
highest in HIC (86.8%) and AHIC (91.7%), however relatively 
high in LIC (82.4%), UMIC (73.9%) and LMIC (67.7%). Self-
reported exposures were the most frequently applied EAM 
regardless study location, however the highest percentage was 
documented in LIC (58.8%) and HIC (40.3%). The percentage 
of job title as EAM was highest in UMIC (22.1%), more than 
twice that registered in HIC (9.8%). Use of JEM and expert 
assessments was highest in AHIC (22.2% and 13.9%) and HIC 
(5.6% and 7.1%), and hardly applied in LIC, LMIC and UMIC 
(≤2.0%). Algorithms and predictive models were almost exclu-
sively used in HIC (7.5%). Biomonitoring by blood sampling 
was most commonly applied in LMIC (25.5%), and biomoni-
toring by urine samples in SHIC (12.5%) and UMIC (10.0%).

Health outcomes and study designs by study locations
Types of health outcomes by study location are presented in 
online supplementary file 3. The percentage of cancer studies 
in HIC (34.0%) and AHIC (36.2%) was approximately three 
times higher than in LMIC and UMIC, and the percentage of 
self-reported health outcomes was at least three times higher in 
LIC (70.6%) compared with other study locations.

Types of study designs by study location are presented in 
online supplementary file 4. The percentage of case-control 
studies in HIC (33.5%), SHIC (43.8%) and AHIC (66.7%) was 
at least 15% higher compared with LMIC and UMIC, and the 
percentage of prospective cohort studies in HIC (40.6%) was 
about twice as high compared with lower income countries.

Discussion
We performed a systematic review of EAM used in articles on 
occupational exposure to pesticides published 1993 to 2017. 
The majority of analysed EAM comprised indirect methods, 
particularly methods making use of self-reports, which 
accounted for almost 40% of the total number of documented 
EAM. The percentage of indirect methods was highest in retro-
spective cohort studies and case-control studies, in analyses 
of doctor-diagnosed health outcomes, and in articles covering 
studies in HICs. For direct EAM, blood sampling showed the 
highest percentage accounting for approximately every tenth 
EAM occurrence. The percentage of direct exposure assessment 
methods was highest in cross-sectional and prospective cohort 
studies, in analyses of neurological test results and in LMICs.

Throughout 1993 to 2017 we saw a trend towards decreasing 
use of assessments by job titles, register data and expert case-
by-case evaluations. Concurrently, the use of self-reported expo-
sures and JEM increased. Cross-sectional, prospective cohort 
and case-control studies accounted each for about one-third of 
the articles analysed; a ratio which remained relatively constant 
throughout the 25 year period. Meanwhile, we observed a 
decline in the percentage of EAM applied in articles analysing 
general (all cause) mortality and an increase in those analysing 
genetic biomarker test results and doctor-diagnosed neurological 
outcomes. Regarding the specificity of assessment of reviewed 
EAM no consistent time trends were seen, apart from a decrease 
in assessment by job titles and an increase in assessments by type 
of pesticide. There was also a temporary increase in assessments 
of the level of active ingredients, but in later years this increase 
disappeared. Articles describing health effects from occupational 
exposure to pesticides with documented EAM have become more 
prevalent in LMIC and UMIC, whereas a decrease was seen in 
HIC the last 10 years. The former increases might be related 
to the relocation of certain industries to LMIC and UMIC, for 
example, flower production in countries like Ecuador, Mexico 
and Kenya,33 34 in combination with a higher awareness of the 
potential negative effects of occupational pesticide exposure and 
resulting increased funding for studies of such health effects in 
working populations.

Our review of EAM used in studies of occupational pesticide 
exposure is to our knowledge the most comprehensive to date. 
By searching MEDLINE and Embase we retrieved articles from 
two of the largest databases of life sciences and biomedical liter-
ature. The review process covered almost 9000 articles, of which 
almost half were removed during title screening. Additionally, 
through using combinations of subject headings and relevant 
keywords, we further tailored our search syntax to target poten-
tially relevant articles not indexed by subject headings as ‘occu-
pational exposure’. A large part of included articles originated 
from the agricultural health study (AHS),28 in which applicators 
at enrolment self-reported their use of pesticides. A sensitivity 
analysis showed however that the exclusion of AHS articles 
merely weakened the reported positive time trend for use of self-
reported exposures (data not shown in tables).

This review naturally has its limitations. Due to time and 
budget constraints it was not possible for a second reviewer 
to independently assess the eligibility and extracted data of all 
included articles. Nevertheless, a second independent review 
of 5% randomly selected included articles showed agreement 
of 95% regarding eligibility and extracted items, and a random 
selection of 1% of excluded articles showed 100% agreement on 
eligibility. Moreover, during the data extraction procedure all 
included articles were assessed twice for eligibility. Still, combina-
tions of EAM in some articles might remain undetected, as EAM 
for the majority of articles were extracted from abstracts; EAM 
were searched for in full-text versions when none were reported 
in abstracts. The frequency of articles using more than one EAM 
is thus possibly higher than reported in our review as the abstract 
may not have referred to all those used. Finally, the EAM of 235 
relevant articles remains unknown, as these were not accessible 
in full-text. These publications were however equally distributed 
over time, reducing a potential bias of reported trends in EAM 
(data not shown in tables).

The decline in the use of job title as an EAM might be associ-
ated with reduced exposure misclassification. Assessments by job 
title may introduce bias as, for example, not all farmers apply 
pesticides, and work tasks may vary during a working life.2 35 Yet 
a large percentage of documented EAM comprised self-reported 

https://dx.doi.org/10.1136/oemed-2019-105880
https://dx.doi.org/10.1136/oemed-2019-105880
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Table 4  Relative frequencies of exposure assessment methods (EAM) according to study location extracted from articles on occupational pesticide 
exposures and various health outcomes

Study location*

LIC LMIC UMIC HIC SHIC AHIC
Study location 
not reported

N % N % N % N % N % N % N %

Number of articles 16 1.3 134 10.5 204 16.1 841 66.2 13 1 30 2.4 33 2.6

Articles applying>1 EAM 1 6.3 11 8.2 19 9.4 159 18.9 1 7.6 5 16.7 7 21.2

Articles not reporting EAM 1 6.2 1 2.2 4 0.2 2 0.2 1 7.7 – – – –

Number of EAM occurrences in studies 17 1.1 145 9.8 222 15 1007 67.9 16 1.1 36 2.4 40 2.7

EAM:

Indirect EAM 14 82.4 98 67.6 164 73.9 874 86.8 11 68.8 33 91.7 25 62.5

Direct EAM 2 11.8 44 30.3 54 24.4 131 13 4 25 3 8.3 15 37.5

EAM not reported 1 5.9 3 2.1 4 1.8 2 0.2 1 6.2 – – – –

Indirect EAM:

Job title 3 17.6 25 17.2 49 22.1 99 9.8 1 12.5 – – 4 10

Expert case-by-case – – 2 1.4 4 1.8 71 7.1 – – 5 13.9 1 2.5

Self-reported exposure: self-
administered or interview administered 
questionnaire

10 58.8 57 39.3 84 37.8 406 40.3 6 37.5 12 33.3 15 37.5

Self-reported job history: self-
administered or interview administered 
questionnaire

– – 8 5.5 11 5 76 7.5 1 6.2 5 13.9 2 5

Registers – – 1 0.7 9 4.1 72 7.1 – – 3 8.3 – –

Job exposure matrix – – – – 3 1.4 56 5.6 1 6.2 8 22.2 1 2.5

Crop exposure matrix – – – – – – 3 0.3 – – – – – –

Task exposure matrix – – – – – – 1 0.1 – – – – – –

Algorithm/model 1 5.9 2 1.4 1 0.4 75 7.5 1 6.2 – – – –

Index – – – – – – 6 0.6 – – – – – –

Score – – – – – – 1 0.1 – – – – – –

Metric – – – – – – 1 0.1 – – – – – –

Environmental monitoring – – 2 1.4 3 1.4 5 0.5 – – – – 2 5

GIS – – – – – – 2 0.2 – – – – – –

Direct EAM:

Biomonitoring:

Blood 1 5.9 37 25.5 31 14 92 9.1 2 12.5 2 5.6 10 25

Urine 1 5.9 6 4.1 20 10 36 3.6 2 12.5 – – 4 10

Dermal – – – – – – – – – – 1 2.8 1 2.5

Hair – – 1 0.7 – – – – – – – – – –

Adipose tissue – – – – 1 0.5 2 0.2 – – – – – –

Personal air sampling – – – – 2 0.9 1 0.1 – – – – – –

*Classification according to the World Bank Atlas Method, 2019.31 LIC=low-income countries. LMIC=lower middle-income countries. UMIC=upper middle-income countries. 
HIC=high-income countries. AHIC=multiple study locations all high-income countries. SHIC=multiple study locations some high-income countries.
AHIC, multiple study locations all high-income countries; GIS, geographical information systems; HIC, HIC=high-income countries.; LIC, low-income countries; LMIC, lower 
middle-income countries; SHIC, multiple study locations some high-income countries; UMIC, upper middle-income countries.

exposures, to a high degree applied in studies on self-reported 
outcomes and cancer, which, particularly in case-control settings, 
might indicate a large potential of differential misclassification 
and responder bias. In agreement with Ge et al36 we registered 
an increase in the use of self-reports by questionnaires as of 
the 1990s until end 2017. Although self-reports usually offer 
a convenient approach for assessing exposure at the individual 
level,36 the validity of self-reported exposures regarding lifelong 
use of pesticides is questionable and variable. As the validity of 
self-reports per se depends on the applicators’ knowledge of the 
applied pesticides, self-reported exposures by farmers knowing 
which active ingredients were used15 37 will be less prone to 
misclassification compared with hired farm workers or re-entry 
workers reporting on their pesticide exposure. Our review 
further showed a low relative frequency of exposure algorithms 
and deterministic models, with no distinct time trend regarding 

the use of these. This result contradicts the work by Ge et al, 
who saw an increase in the use of algorithms, although they only 
considered cancer case-control studies.36

We further saw a decline in the use of expert case-by-case 
assessments, which often is considered the ‘golden standard’ in 
indirect EAM.22 Concurrently, we saw an increase in the use of 
JEM. It is possible that these trends are interrelated and partly 
driven by the advantage of JEM incorporating expert knowledge, 
thus reducing the necessity for the often time-consuming and 
costly expert case-by-case assessment. Expert assessment is addi-
tionally a subjective method, hard to reproduce.2 38 In contrast, 
JEMs assign workers’ exposure through combining expert 
knowledge and job histories in a systematic, transparent manner, 
with high reproducibility. Despite such advantages, compari-
sons of the performance between JEMs and self-reported data 
or expert assessment have shown inconsistent results.2 JEMs, 
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however, performed better when job history data were scarce,2 39 
and when the prevalence of exposure in populations is common 
(>10%).40 JEM should be more stringent in assigning exposure 
when applied in the general population (eg, case-control studies 
where exposure is most often less than 10%).17 The validity 
and reliability of self-reported occupational histories (including 
employment duration, job title and industry), which informs the 
JEM, is however considered reasonably good.2 22

Biomonitoring by collection of blood samples to detect acetyl-
cholinesterase activity or relevant metabolites was the second 
most frequently applied EAM. When comparing biomarkers 
with JEM, reasonable agreement has been documented.26 41 Still, 
a review of the performance of surrogate exposures measures 
concluded that validation studies comparing surrogate measures 
with biological and environmental exposure monitoring data 
are needed.42 Additionally, the relevance of biomonitoring is 
sensitive to the half-life of the monitored substance, making the 
timing of assessment important.43

Evidently, the choice of EAM is affected by multiple factors of 
which some are difficult to control or take into account. Precise 
monitoring and documentation of pesticide exposure is difficult, 
partly due to large temporal and spatial variance, and cost, time 
and logistical issues. Registration of pesticide use is compulsory 
in some countries, for example, for farmers in the UK, but is 
not the case in most developing regions of the world.44 Mobile 
phone technology might provide a cost-efficient way of over-
coming some of these problems through monitoring pesticide 
application and associated exposure with automatic determina-
tion of time and location.45

In our review 16.0% of studies applied multiple EAM. 
Combining EAM might be a recommendable approach for 
counterbalancing the weaknesses of one EAM with the strengths 
of another. Our review provides an overview of the majority 
of EAM applied during the last 25 years and points out how 
these are related to epidemiological study design, study loca-
tion, pesticide-related health outcomes and specificity of assess-
ment. To reduce exposure misclassification and the generation 
of spurious associations in occupational exposure to pesticides 
epidemiology, the strengths and limitations of each EAM should 
be thoroughly considered before the most appropriate methods 
are chosen.

Conclusion
In studies of occupational exposure to pesticides the majority of 
EAM applied were indirect, particularly based on self-reported 
exposure. Over the analysed 25 years the ratio of indirect to 
direct EAM (5:1) was relatively constant, although with changes 
within the category of indirect EAM, particularly attributable to 
increasing use of self-reported exposures and a declining use of 
exposure assignment by job title and expert case-by-case assess-
ment. Modelled quantitative exposure data, exposure algorithms 
and their use in combination with more traditional methods are 
still very scarce in studies on pesticide-related health effects. 
These methods should be further developed and implemented. 
This review combined with future studies assessing the validity 
of applied EAM, such as the IMPRESS project, will inform 
researchers on the magnitude of exposure misclassification when 
applying a certain method, and provide ways to improve the 
quality of human observational studies on pesticides exposure 
leading to more informative study results.
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