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ABSTRACT
Background: Fatal occupational injury rates among agricultural workers are within the top 10 most dangerous civilian jobs. 
However, tracking and documenting non‐fatal agricultural injuries in Maine, as in other states, has proved challenging. In 2021, 
we developed a machine learning‐based strategy to extract injury cases from free‐text pre‐hospital care records (PCRs), which 
together with final human coding, produces injury time‐series records coded by type, severity, location, date, and subject 
industry. In this paper we explore and summarize novel time‐series records for agriculture obtained from PCR from Maine.
Methods: From a fully labeled Maine dataset (N = 57,960) comprising coded injuries, we selected only agricultural events, 
yielding 1604 injuries from 2008 to 2022. We summarize by year, month and age category, and establish seasonality before 
decomposing time series data, divided into three roughly equal 4‐year sub‐periods, into seasonal, trend and random compo
nents using a classical additive model. We investigate associations between age category and injury rate via mixed effects 
regression, then perform time series regression on differenced monthly injury time series and temperature records to determine 
if, seasonality aside, temperature extrema are responsible for increased injuries. Finally, we visualize and summarize trend and 
random components for each study sub‐period.
Results: Injury rates show strong seasonality with a peak in July–August, and a trough in January or February. Subject age 
drifts slowly upwards during our study period, and there is a significant and positive association between age category and 
injury rate for all but the most elderly farm workers. Injury rates in the age categories of 40–81 years increase dramatically 
between 2016 and the 2019–2022 period, as does the moving average of the injury rates, and the variability of the random 
component of the time series.
Conclusions: There is a significant positive association between increasing age category and injury rate across all periods. 
While our injury data has strong seasonality, we find no significant associations between monthly temperature extremes and 
injury rates. Moving average trends for injury rates in the two periods comprising 2008–2016 show little change in trend, but 
injury rate trend shifts upward in 2019–2022, almost doubling in mean value.

© 2026 Wiley Periodicals LLC. 

Abbreviations: ACF, autocorrelation function; CDC, Centers for Disease Control and Prevention; CV, coefficient of variation; FRHSS, Farm and Ranch Health and Safety 
Surveys; IRB, Institutional Review Board; LOESS, locally estimated scatterplot smoothing; NIOSH, National Institute for Occupational Safety and Health; OISPA, 
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decomposition.
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1 | Introduction 

Agricultural workers currently suffer 19.5 deaths per 100,000 
workers in the United States, rates five times greater than typ
ical workers in other occupational sectors [1, 2], yet these 
fatalities represent the “tip of an injury iceberg” [3]—with far 
more uncounted nonfatal injuries affecting farmers and farm 
workers. Capturing and documenting nonfatal agricultural 
injuries and illnesses remains challenging [4–6] as regulatory 
exemptions in the Occupational Health and Safety Act con
tribute directly to inaccurate injury reporting in this sector [7]. 
Common data sources such as the Survey of Occupational 
Injuries and Illnesses (SOII) exclude self‐employed agricultural 
workers and workers at farms with less than 11 employees; 
[7, 8] thus under‐reporting may be particularly true of smaller 
northeast US farming operations, many of which are 
family‐run.

To accurately document nonfatal agricultural injuries, we uti
lize a novel data source, emergency response pre‐hospital care 
records (PCRs), to capture injury burden in this sector [9, 10]. 
In 2021 we developed a free‐text analysis workflow that 
involved pre‐processing of PCRs for keyword stems [11], then 
employed a naïve‐Bayes‐based classifier to identify and exclude 
records of no interest, thereby greatly reducing the number of 
records sent to human coders for final coding [12]. We have run 
this workflow on 15 years of PCRs from Maine, yielding a time 
series of 1604 injuries coded to agriculture from January 2008 to 
April 2023.

Agricultural injury counts and rates in the United States exhibit 
a strong seasonality, with most occurring between April and 
September, a period corresponding with peak farming activities 
such as planting, field work and harvesting [13, 14]. The busy 
period typically sees an influx of temporary seasonal workers, 
yielding a larger pool of at‐risk individuals. While temporary 
seasonal workers make up a critical workforce, regions with 
smaller farms, such as Maine, tend to have many farms that rely 
on a sole operator or a few family members to operate. These 
farm owners are an aging workforce [15]. Seasonality in agri
cultural injuries can display a strong bimodal trajectory with a 
double peak, one in the spring during planting, and a second 
larger peak in the late summer or early fall during harvest [16], 
with leading causes of injury being machinery—associated with 
transportation, tilling or harvest — falls, and animal en
counters. Exposure to summer heat during peak work periods 
can result in purely heat‐related injuries such as heat stroke and 
syncope, and heat exhaustion, but also increases the likelihood 
of impaired‐vigilance‐associated traumatic injury in farm
workers, particularly during work‐intensive activities in July 
and August [17]. With climate change, summers are becoming 
hotter and weather more variable and extreme. Due to the 
physically arduous nature of their work, performed outside with 
prolonged sun exposure, often under substandard working 
conditions, farmworkers are especially vulnerable to heatwaves, 
which are increasing in frequency and intensity [18]. Injury risk 
factors for agricultural workers include intensive manual labor; 
piece‐rate payment schemes that encourage workers to maxi
mize pay by pushing beyond their own physical limitations; 
lack of control over workplace environment and safety, 
including access to water and shade, and often, poor living 
conditions [18–21].

Injury time series data decompositions, along with data visu
alizations, are more recently used to identify seasonality in 
acute and traumatic injury and to capture and understand time‐ 
related trends and patterns [14, 22]. Both retrospective and 
contemporaneous (on‐line) injury time series analyses are 
powerful tools for documenting the evolution of injury trajec
tories in close to real‐time, alerting researchers and policy 
makers to emerging injury trends in vulnerable populations. 
Our aim here is to explore, visualize, and summarize novel 
agricultural injury time series data obtained from PCRs from 
the US state of Maine, for the period from 2008 to 2022, with 
special attention on subject age and injury seasonality.

2 | Materials and Methods 

2.1 | Population at Risk and Study Population 

We determined population at risk of injury for agricultural and 
farming communities in Maine at four time points within or 
bracketing our study period: 2007, 2012, 2017, and 2022 
(Supporting Information: Table S1). Discussion of how popu
lation at risk was computed is found in Supporting Information: 
Appendix 1, and a similar process is also described by Earle‐ 
Richardson et al. [23]. As we didn't obtain population‐at‐risk 
numbers for each individual study year, study years 2008–2009 
used population‐at‐risk values determined for 2007; study years 
2010–2014 used values for 2012; study years 2015, 2016, and 
2019 used values determined for 2017, and study years 2020 to 
April 2023 used population‐at‐risk values for 2022. We were not 
able to obtain detailed information on population‐at‐risk by 
season or by quarter. Study population subjects were catego
rized by age as follows: age no more than 20 years, age 
21–40 years, age 41–60 years, age 61–80 years, and age 81 and 
above.

2.2 | Data Acquisition, Processing, and 
Classification Workflow 

We created a labeled dataset from processed and classified PCR 
records from the state of Maine for years 2008 to April 2023.

The application for PCR data required that we meet data 
handling security standards of the Maine Bureau of Emergency 
Medical Services. Cleaning and processing is described in detail 
by Hirabayashi et al. [11], and the machine learning workflow 
used to label it is described by Scott et al. [12]. Cleaning 
involved removing duplicate records identified by matches on 
four features: subject sex, admission date, ZIP code, and date of 
birth. Before omitting duplicates and irrelevant samples, our 
dataset comprised 3,720,304 records, and after omissions, 
2,364,895 records remained. Of these 57,960 were tagged with 
an occupational injury status as described here [12] (see Sup
porting Information: Table S2 for details). Our dataset for time 
series analysis comprises only records that were tagged as 
confirmed acute or traumatic agricultural injuries (Class 1); 
confirmed acute or traumatic, suspected agricultural (Class 2) 
and suspected acute or traumatic, confirmed agricultural injuries 
(Class 3). Box 1 shows a distribution of injury types over the 
study period. These samples comprise 1,604 injuries occurring 
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between study years 2008 and 2016, and study years 2019 to 
April 2023. See Supporting Information: Table S2 for a sum
mary of preprocessing, total labeled records and total cases 
(case classes/injury types 1, 2, and 3) by year. Note that Class 0 
thus consists of injuries that are neither confirmed nor sus
pected as agricultural. We were unable to acquire records for 
2017, and those from 2018 were omitted due to coding conflicts. 
Missing units for the remaining sample are approximately 2.7%, 
and affect age determinations.

2.3 | Features 

Selected features include injury case class (described above), 
industry (agriculture), injury month and year (2008–2016, 
2019–2022), subject sex and subject age, categorized into five 
levels: “ages 20 and under” (Level A), “ages 21–40” (Level B), 
“ages 41–60” (Level C), “ages 61–80” (Level D), and “ages 81 
and over” (Level E) as described above. Injury rates were 
computed from the above as follows: for counts by month, we 
grouped counts of all injury classes (1, 2, and 3) by year 
and month and summed each grouping, then computed mean 
count and standard error by month over the entire study period 
and over the three equal periods described above. We computed 
rates by scaling individual injuries by population at risk.

2.4 | Visualization 

We summarized injury counts and mean rates by month for the 
entire study period and also in three roughly equal periods, 
2008–2011; 2012–2016, and 2019–2023. Counts and rates were 
visualized as bar charts by month to reveal seasonality and we 
compared successive periods to show any overall increases or 
decreases in injury counts/rates not ascribable to seasonality. 
Monthly means and standard errors were scaled to a population 

of 10,000 at risk. Given evidence that our farming communities 
are generally aging and declining in size over the study period, 
we summarized subject age distribution graphically by year and 
in tabular format. We further quantified the significance of any 
differences in age distribution over time by bivariate regression 
and analysis of variance (ANOVA). Finally, we visualized 
changes in injury rates by age category over the three study 
periods, and quantified their significance via bivariate regres
sion and ANOVA.

2.5 | Time‐Series Analysis 

2.5.1 | Processing and Seasonality 

Given the 2 year gap (2017–2018) in our data, we separate our 
time series into three equal units, a period from 2008 to 2011, 
and from 2012 to 2016 before the gap, and the period from 2019 
to 2023. We first convert the monthly rate data from each unit 
into a time‐series, and compute the autocorrelation function 
(ACF) of each time series to verify the period of seasonality. The 
autocorrelation of a time series measures the relationship 
between the time series and a lagged version of itself over a set 
of different lag times. A time series with seasonality will have 
repeating components, yielding regular spikes and repeating 
patterns at certain lags.

As additional evidence of the seasonality of our injury data, we 
plot injury rates by month against monthly minimum, mean, 
and maximum temperatures for our three 4‐year study periods 
(please see Supporting Information: Figure S1). Because our 
injuries are grouped by month due to their temporal 
irregularity, a cross‐correlation and examination of lags does 
not yield anything of note. Applying two differences—a sea
sonal difference and a first difference—is necessary when the 
data has both a seasonal pattern and an underlying trend that 
both cause non‐stationarity.

We thus difference each time series twice to remove seasonality 
(Lag 12) and trend (Lag 1) and achieve stationarity, and then 
perform simple linear regressions between differenced injury 
rate and monthly temperature trajectories by period to deter
mine if there are associations between temperature extremes 
(without seasonality) and injury rates. Differenced time‐series 
are checked prior to regression for stationarity using the Box‐ 
Ljung test, and we check model residuals for significant auto
correlation using the ACF function and the Breusch–Godfrey 
test for the presence of serial correlation (evidence of model 
misspecification).

2.5.2 | Decomposition and Visualization 

Seasonal and other fluctuations are roughly similar over time 
for each time series, so for decompositions, an additive model is 
sufficient, and based on the ACF, we set the data to a seasonal 
period of 12 (months) per year. To examine overall trends in the 
data without the seasonality, we decompose each time series 
into three additive parts using Loess Seasonal Trend decom
position (STL), which is particularly useful for nonlinear trends 
[24, 25]. Each time series is decomposed into seasonality, trend, 
and a remainder comprising all signal that isn't described by 
seasonality or trend. The LOESS (locally estimated scatterplot 
smoothing) filter uses local nonparametric regression to 

BOX 1. | Injuries per class by year 

Year

Injury class

1 2 3
2008 32 38 10
2009 56 53 15
2010 55 66 11
2011 33 34 17
2012 40 54 21
2013 54 49 19
2014 39 56 12
2015 30 48 14
2016 36 47 13
2019 61 98 15
2020 56 80 14
2021 60 105 6
2022 43 83 10
2023* 7 13 1

*Partial year (Jan–Apr).
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estimate the seasonal component and any linear or nonlinear 
trend in the data, fitting smooth curves to weighted subsets of 
points near each point in the dataset, with points closer to the 
target point receiving more weight. The method performs best 
on complete annual cycles, so we omit 2023 from the decom
position as there are only 5 months of data. Once the seasonal 
signature and trend are subtracted from the time series, the 
remaining signal is assumed to be random. We then visualize 
the original time series alongside seasonality, trend, and ran
dom (remainder) components in plots. For each of the three 
periods, we summarize mean, median, IQR, and extrema, then 
compute coefficient of variation (CV) for the trend (moving 
average) and remainder components. Distributions of trend and 
remainder data are also visualized as box plots by period.

Data wrangling and time series manipulation were performed 
in the R programming language (R4.4.1) using tidyverse, the ts 
(time series) package, decompose function and forecast packa
ges [26, 27]. Time series regressions were performed on 
differenced data using tsml. Visualizations were made using the 
R ggplot2 package.

This study was approved by the Institutional Review Board of 
the author's institution.

3 | Results 

3.1 | Population at Risk 

Population at risk is difficult to assess in American farming 
communities, especially those dominated by smaller and family 
farms, as working family members, including spouses and 
children, as well as unpaid workers must be estimated and 
included. Our population‐at‐risk information contains four 
points over a period of 16 years (Supporting Information: 
Table S1). According to our assessments for this period, the 
population‐at‐risk peaks in 2012 at roughly 32,331 persons, and 
by 2022 dropped to approximately 25,619 persons, a decline of 
about 21%.

3.2 | Study Population 

Our study population is 70% male, 28.5% female and 1.8% 
unspecified sex. The median subject age is 57, and age category 
distribution trends older with 43.5% of injury subjects over age 
60, and 73% age 41 and above. Sex distributions by age category 
(proportions by sex) are fairly even. Based on our injury data, 
we infer that the average age of the farming community has 
increased over this period as well. In 2008, our reference year, 
the average age of an injury subject was 47 years old, but by 
2012 the mean age of an injury subject was 56 years old (2012 
was the first year to be significantly over reference, see Sup
porting Information: Table S3).

3.3 | Injury Rates and Seasonality 

We show mean injury rates per 10,000 at risk by month for each 
of the three sub‐periods (2008–2011, 2012–2016, and 
2019–2023) in bar plot form in Figure 1. Average seasonality 
across the entire dataset is illustrated by the monthly mean 
rates (Table 1) Rates peak in the summer months at over five 

injury cases per 10,000, and then drop to roughly two injuries 
per 10,000 in the winter. More granular data suggests an 
increasing trend over time, however, (Figure 1). All three 
periods show a strong seasonality, with peaks in injuries oc
curring in the summer months of June and July, and minima in 
the winter months of January and February. From 2008 to 2016 
(Figure 1a,b), monthly injury dynamics are similar, yet for 
2019–2022, rates show a sharp increase for each month, with 
the largest increases in the summer peak injury season 
(Figure 1 and Table 1). However, there are no significant as
sociations between monthly injury rates and monthly temper
ature extrema from time‐series regression of differenced 
monthly injury rates and temperature data for minimum or 
maximum monthly temperatures (see Supporting Information: 
Figure 1 and Table S4).

3.4 | Subject Age and Injury Rates 

Subject age drifts upwards slowly during our study period, 
though differences between each successive year are likely not 
statistically significant (Figure 2 and Supporting Information: 
Table 2). The first significant difference in age relative to 
baseline (2008) is in 2012. However, injury rates are signifi
cantly associated with age and age category, and this result 
appears to deepen over the three time‐windows considered.

Injury rate distribution by age category and time period are 
shown in Figure 3 as a tri‐plot with a panel for each equal 
length study period and displayed in tabular format in Table 2. 
The first period considered (2008–2011) shows highest injury 
rates in the 41–60‐year old group (Cohort “C”; mean 10.7, 95% 
CI: 7.6–13.9), followed by the 61–80‐year old group (Cohort 
“D”; mean 7.9, 95%CI: 5.4–10.4); see Figure 3a. By 2012–2016 
(Figure 3b), injury rates in Cohorts C and D are similar (mean 
10.9, 95%CI: 9.4–12.5 for Group C, and 10.8; 95%CI: 8.9–12.8 for 
Group D), suggesting relatively increased injury rates in the 
older of the two cohorts. In 2019–2023, all cohorts are elevated, 
but increased injury rates in Cohort D (mean 19.7, 95% CI: 
11.7–27.7) by far exceed increases in other age‐groups 
(Figure 3c).

Results from mixed effects regression of monthly rates against 
age category (reference level Cohort A, “under 20 years”), with 
‘year’ as a random effect suggests that all age categories show 
significantly elevated injury rates above reference except for the 
most elderly group (Cohort “E”, ages 81 and above, Table 3). In 
simple regression models with year as a fixed effect (not shown) 
there is also a significant association with increasing time, 
though we tested for effect modification by time and an inter
action term is not significant.

3.5 | Time Series Analysis: Injury Rates and Time 

We perform time series decomposition on the data as three time 
series, comprising injuries from 2008 to 2011, 2012 to 2016 and 
the third comprising injuries after the time gap (2017–2018), 
thus from 2019 to 2022. Time series decomposition requires an 
assessment of seasonality, and autocorrelation function (ACF) 
plots show significant sinusoidal dynamics for both time series 
segments, with significant (above the blue line) positive corre
lations at 12 months for all three periods. This confirms the 
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strong annual (12 month) seasonal signature in agricultural 
injury rates that we observed qualitatively across the entire 
study period. Since the raw time series show no sign of ex
ponential increase, our decompositions assume an additive 
model and a seasonal period of 12 months: that is, the com
ponents displayed—trend, seasonal, random—are added to 
form the “observed” (Figure 4a–c). There is a strong seasonality 
in injury rates with a roughly annual (12 month) cycle from 
February to January.

For 2008–2011 (Figure 4a), the decomposed trendline shows 
clear breaking points, that is, distinct shifts in trend with a peak 
around January 2010–March 2010, then a decline. The median 
value of the trend line for 2008–2011 is 2.6/10,000 at risk (mean 
2.8/10,000; standard deviation 0.68). The seasonal component is 
small in amplitude, roughly in the range [−1.5, +2.0] injuries 
per month. The trendline from the decomposition of the 

2012–2016 time series (Figure 4b) is similar, with a median of 
2.9 (mean 2.8, standard deviation 0.27), and a seasonal com
ponent of roughly ±2 injuries per month (Table 4).

The period from January 2019 to December 2022 shows distinct 
nonlinear shifts in trend, at with a peak in summer 2021. The 
median value of the trend line for the period from January 
2019–December 2022 is 4.8/10,000 (mean 4.9, standard devia
tion 0.52), almost twice as high as the prior period. The 
amplitude of the seasonal component is also more substantial 
for this 4 year period, approximately twice the size of the prior 
period at ±3 injuries.

Our summary analysis of trend data suggests that a distinct and 
significant shift upwards in the trend, or moving average of 
injury rates, occurred in the period 2019–2022 (Figure 5) rela
tive to prior periods. In addition, variance increases for the 
remainder, the ‘random’ component of our time series, with the 

FIGURE 1 | Mean agricultural injury rates per 10,000 workers at risk over three periods of roughly similar length during our study period: 
(a), years January 2008–December 2011; (b) January 2012–December 2016, and (c) years January 2019–December 2022. Note that rates for January 
through April are skewed by the inclusion of the partial 2023 counts, so we omit them here. Rates of agricultural injuries are similar for the first two 
periods, especially during seasonal highs, and then increase dramatically during the final study period. See Table 1 for counts and rates in tabular 
format. 
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coefficient of variation (CV) doubling in 2019–2023 relative to 
prior periods (Figure 5 and Table 4).

4 | Discussion 

Our analysis of novel time‐series records of agricultural injuries 
from the state of Maine, obtained from PCR records, years 
2008–2023, reveals farming communities in demographic 
jeopardy. Over the course of our study period, the mean age of 
injured workers has slowly but steadily increased. As the 

average age of farmers continues to increase, this suggests that 
the entire sector is aging and not sustainably replenished by 
younger workers [15]. This is more obvious when injuries are 
aggregated by year and age‐group: workers in older age cate
gories, especially ages 61–80 years, suffer increasingly higher 
rates of injury when comparing the 4 year periods 2008–2011, 
2012–2016, and 2019–2022.

The trend analysis, notable for its sudden doubling in mean in 
2019, seems at first mysterious, suggesting perhaps a general 
increase in all emergency responses with time. Yet examination 
of cleaned, deduped PCR records over time from years 
2008–2022 shows emergency call frequency roughly holding 
steady over the study period (Supporting Information: Table S2; 
slope of increase in deduped and cleaned records with time is 
O(10−5); p = 0.08).

Meanwhile our injury counts hold steady for much of the study 
period, increasing sharply by 2019. Note that the size of the 
working farm population at risk dropped by approximately 21% 
from a peak of 32,331 in 2010–25,691 in 2022 (Supporting 
Information: Appendix 1). Bracketing the period of greatest 
injury increase between 2017 and 2022, total production and 
sales actually increased 40% [29, 30]. Together this suggests a 
declining pool of aging workers, racking up proportionally more 
injuries. This may be attributed to an increasing and strenuous 
work burden shouldered by a farming population in attrition, 
perhaps past a critical threshold. Further, the COVID‐19 pan
demic had significant impacts on the rural workforce, with 
businesses such as small farms being disproportionately 
affected by labor shortages [31]. It is possible that along with 
existing demographic changes to the farm workforce, trying to 
keep up with production with fewer workers during and fol
lowing the pandemic contributed to increased injury rates.

Prior studies have shown that it is typically youth and the el
derly that bear the greater burden of farm injuries, whereas our 
peak injury group includes prime working age adults from 41 to 
60 years of age, as well as older farmers aged from 61 to 
80 years. Alabama farmers between 20 and 44 years of age were 
found to have a cumulative injury incidence risk of 11.5%, 
compared to 6.9% for the 45–64 year old cohort, and 5.8% for 
farmers aged 65 and above, though this study may suffer from 
its smaller sample size (n = 718) [16]. Injury‐predictive features 
here included younger age, farm ownership, full‐time farming, 
alcohol consumption and prior injury status. A more recent 
(2009) study showed that older farm workers aged 55+ had 
higher fatality rates (45.8 vs. 25.4/100,000 at risk per year) rel
ative to the overall farming population, but lower injury rates 
[32]. However, injuries occurring in farm families and small 
farms, and thus subject age, may be underreported. For adult 
members of farming families aged 20–54, family members and 
relatives comprised 72% of injuries reported in a national sur
veillance instrument (NIOSH OISPA 2001, 2004; comprising 
15,259 and 16,239 farms, respectively). Among older age groups, 
however, 88% of injuries were to farming family members and 
relatives [32].

The primary summer to late summer injury seasonality we 
observe here appears roughly consistent with other studies 
[6, 13, 14, 16], but there are small regional differences in peaks 
as winters are colder and longer in New England, and spring 
arrives relatively late. A recent study of data from the 2018–2020 

TABLE 1 | Mean injury counts and rates per 10,000 at risk 
by month for agriculture in the state of Maine averaged over the full 
study period (2008–2016 and 2019–April 2023) from pre‐hospital care 
records (PCRs). Agricultural injuries show strong seasonality, with 
mean injury counts/rates increasing from February to August, and then 
falling from September to January. See Figure 1 for visualization.

Month
Injury 
count (95% CI)

Rate/ 
10,000 (95% CI)

January 5.6 4.0–7.2 1.9 1.3–2.5
February 5.8 4.6–7.0 2.0 1.5–2.5
March 6.1 4.6–7.6 2.0 1.6–2.6
April 7.0 4.9–9.1 2.4 1.7–3.1
May 11.6 8.4–14.9 4.0 2.7–5.2
June 15.2 11.0–19.3 5.2 3.5–6.9
July 15.4 12.3–18.5 5.2 4.0–6.4
August 15.7 12.1–19.2 5.3 4.0–6.7
September 12.7 10.5–14.9 4.3 3.5–5.1
October 11.5 9.7–13.2 3.9 3.1–4.7
November 7.9 6.2–9.6 2.7 2.1–3.3
December 8.0 6.6–9.4 2.8 2.2–3.2

Abbreviation: CI, confidence interval.

FIGURE 2 | Age distribution of injury subjects, Maine agricultural 
sector. 
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Farm and Ranch Health and Safety Surveys (FRHSS) in seven 
midwestern states suggested that for this region, most injuries 
occurred in the spring (34.2%) followed by summer months 
(24.7%), but that male operators had higher odds of injury in the 
summer (adjusted OR 2.41) [13]. Here stress and exhaustion are 
also a factor in injury as surveyed workers who reported higher 
stress levels experienced significantly higher odds of injury, 
with highest relative rates in the fall harvest time [13], and it 

may be especially acute for older workers. In a small two‐part 
study on the work habits, health, and injury rates of older 
(55–70 years) Illinois farmers, Lizer and Petrea (2008) found 
that self‐reported stress, including financial stress, was associ
ated with injury among farmers in the 55–59 year age cohort. 
They further note that other occupational sectors do require 
physically strenuous labor of subjects older than 65 years of 
age [33].

FIGURE 3 | Injury rates per 10,000 by age category. (a) Study period from 2008 to 2011; (b) study period from 2012 to 2016, and (c) study period 
2019–April 2023. Age groups are identified by letter: A is youth 20 years of age and under; B is 21–40 years of age; C is 41–60 years of age; D is 61– 
80 years of age, and E represents injury rates in subjects ages 81 and over. 

TABLE 2 | Mean injury rates by age category for each time series period.

Period Age category Mean injury rate per 10,000 at risk 95% CI

January 2008–December 2011 A: 20 years or less 3.2 2.3–4.2
B: 21–40 years 6.7 5.2–8.3
C: 41–60 years 10.7 7.6–13.9
D: 61–80 years 7.9 5.4–10.4
E: 81 or older 2.4 2.0–2.9

January 2012–December 2016 A: 20 years or less 2.0 1.1–3.0
B: 21–40 years 5.8 4.6–6.9
C: 41–60 years 10.9 9.4–12.5
D: 61–80 years 10.8 8.9–12.8
E: 81 or older 3.3 1.6–5.1

January 2019–April 2023 A: 20 years or less 4.1 2.2–6.1
B: 21–40 years_ 9.0 4.7–13.4
C: 41–60 years 11.1 6.2–16.0
D: 61–80 years 19.7 11.7–27.7
E: 81 or older 4.6 2.7–6.5

Abbreviation: CI, confidence interval.
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TABLE 3 | Associations between injury rate (per 10,000 at risk), age category, and year from mixed effects linear regression of monthly injury 
rates against age category, with year as a random effect. Reference level for age category is A, “injury subject is 20 years of age or less.”

Coefficient Level Mean 95%CI p‐Value ANOVA

(Intercept) Reference A 3.3 1.3–5.1 0.0003 F: 32.9 p < 0.0001
Age category B 4.4 2.1–6.6 0.0007

C 8.3 6.1–10.5 < 0.0001
D 10.6 8.3–12.8 < 0.0001
E 0.36 −1.86, 2.6 0.77

Abbreviations: ANOVA, analysis of variance; CI, confidence interval.

FIGURE 4 | Decomposition of Maine injury rates time series for 2008–2011 (top left, a), 2012–2016 (top right, b), and 2019–2023 (bottom, c). 

8 American Journal of Industrial Medicine, 2026

 10970274, 0, D
ow

nloaded from
 https://onlinelibrary.w

iley.com
/doi/10.1002/ajim

.70074 by C
enters For D

isease C
ontrol, W

iley O
nline L

ibrary on [13/03/2026]. See the T
erm

s and C
onditions (https://onlinelibrary.w

iley.com
/term

s-and-conditions) on W
iley O

nline L
ibrary for rules of use; O

A
 articles are governed by the applicable C

reative C
om

m
ons L

icense



Additional information (extracted from PCRs and coded by 
human coders) associated with this agricultural injury dataset is 
described in a second paper [34]. This latter study examines 
OIICS‐coded injuries from Maine agricultural workers, obtained 
via mining PCRs, and visualized and summarized to help readers 
better understand changes in agricultural injury source, event, 
nature and body part injured over the 15 year study period.

4.1 | Limitations 

Because our data are temporally sparse (about 1600 injuries 
over the course of 15 years), we grouped by month. A more 
granular time‐spacing, such as by week, would have been 
preferable for time series analysis, but a by‐week time series 
would have resulted in many weekly zero values. We do not 

scale individual subject age groups by age‐grouped population 
at risk, because this information is not available or easily esti
mated. The dataset is small, spread over more than a decade, 
and includes a 2‐year gap; results should thus be considered 
exploratory and descriptive. Finally, we do not have seasonal 
population records, so our rates are not adjusted for a potential 
increase in workers during the busy summer farming season. 
However, the decomposition of the time series into seasonal, 
trend and random components removes seasonality from the 
trend and random component analysis.

5 | Conclusions 

Our exploration of agricultural injury rates in the state of Maine 
depicts a farming community that on average is aging during 

TABLE 4 | Analysis of decomposed injury time series trend and remainder data. Trend data will reflect any upward or downward drift in the 
moving average of injury rates across each period. “Remainder” data comprise potentially random event dynamics after trend and seasonality are 
removed, and should be roughly centered about zero. The coefficient of variation (CV) is a measure of variability.

Period Component
Monthly Injury rates per 10,000 agricultural workers at risk

Minimum Median Mean IQR Maximum |CV|

2008–2011 Trend 1.8 2.6 2.8 1.15 4.0 0.25
Remainder −1.4 −0.2 0.01 1.2 2.6 84.3

2012–2016 Trend 2.3 2.9 2.8 0.5 3.2 0.1
Remainder −2.5 0.05 −0.01 1.0 2.3 94.5

2019–2022 Trend 3.9 4.8 4.9 0.5 5.9 0.1
Remainder −2.9 0.2 0.01 2.0 3.9 137.4

Abbreviation: IQR, interquartile range.

FIGURE 5 | Boxplots visualizing summary statistics for analysis of decomposed injury time series trend and remainder data by study period. (a) 
Visualization of differences in trend by study period of interest. Note significant shift between first two periods and 2019–2022; Pr( > F) < 2.2×10−22 

from ANOVA. (b) Visualization of differences in “remainder” by study period. Note the differences in variance, especially for 2019–2022.; Pr( > F) =  
9.4×10−5, Levene's test for homogeneity of variances [28] (Null hypothesis is homogeneity). ANOVA, analysis of variance. 
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our study period and becoming more injury‐prone, with age 
groups from 61 to 80 being the most likely to be injured, fol
lowed by prime working age subjects aged 41–60. There is a 
significant positive association between increasing age category 
and injury rate across all periods. While our injury data has 
strong seasonality, we find no significant associations between 
monthly temperature extremes and injury rates. However, it is 
possible that considering denser, more granular daily or weekly 
injury data from a larger sample, that is, including additional 
New England states, might reveal a pattern of heat‐ or cold‐ 
associated injuries. Moving average trends for injury rates 
without seasonality in the two periods comprising 2008–2016 
show only small increases over this period, but nearly double 
for the final study period from 2019 to 2022. It is as if the injury 
trendline has been shifted upwards by a factor of two for this 
period, relative to prior periods. Together with the nearly 
doubled variability in the random (remainder) component of 
the time series for this period, this suggests a significant, pos
sibly unelucidated change, an evolution both in working pop
ulation age and the strenuousness of the work environment.
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