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Abstract

Global declines in insects have sparked wide interest among scientists, politicians, and the

general public. Loss of insect diversity and abundance is expected to provoke cascading

effects on food webs and to jeopardize ecosystem services. Our understanding of the extent

and underlying causes of this decline is based on the abundance of single species or taxo-

nomic groups only, rather than changes in insect biomass which is more relevant for ecologi-

cal functioning. Here, we used a standardized protocol to measure total insect biomass

using Malaise traps, deployed over 27 years in 63 nature protection areas in Germany (96

unique location-year combinations) to infer on the status and trend of local entomofauna.

Our analysis estimates a seasonal decline of 76%, and mid-summer decline of 82% in flying

insect biomass over the 27 years of study. We show that this decline is apparent regardless

of habitat type, while changes in weather, land use, and habitat characteristics cannot

explain this overall decline. This yet unrecognized loss of insect biomass must be taken into

account in evaluating declines in abundance of species depending on insects as a food

source, and ecosystem functioning in the European landscape.

Introduction

Loss of insects is certain to have adverse effects on ecosystem functioning, as insects play a cen-

tral role in a variety of processes, including pollination [1, 2], herbivory and detrivory [3, 4],

nutrient cycling [4] and providing a food source for higher trophic levels such as birds, mam-

mals and amphibians. For example, 80% of wild plants are estimated to depend on insects for

pollination [2], while 60% of birds rely on insects as a food source [5]. The ecosystem services

provided by wild insects have been estimated at $57 billion annually in the USA [6]. Clearly,

preserving insect abundance and diversity should constitute a prime conservation priority.

Current data suggest an overall pattern of decline in insect diversity and abundance. For

example, populations of European grassland butterflies are estimated to have declined by 50%

in abundance between 1990 and 2011 [7]. Data for other well-studied taxa such as bees [8–14]
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and moths [15–18] suggest the same trend. Climate change, habitat loss and fragmentation,

and deterioration of habitat quality have been proposed as some of the prime suspects respon-

sible for the decline [9–11, 13, 18–22]. However, the number of studies on insect trends with

sufficient replication and spatial coverage are limited [10, 23–25] and restricted to certain well-

studied taxa. Declines of individual species or taxa (e.g. [7, 26]) may not reflect the general

state of local entomofauna [27]. The total insect biomass would then be a better metric for the

status of insects as a group and its contribution to ecosystem functioning, but very few studies

have monitored insect biomass over an extensive period of time [28]. Hence, to what extent

total insect biomass has declined, and the relative contribution of each proposed factor to the

decline, remain unresolved yet highly relevant questions for ecosystem ecology and

conservation.

Here, we investigate total aerial insect biomass between 1989 and 2016 across 96 unique

location-year combinations in Germany, representative of Western European low-altitude

nature protection areas embedded in a human-dominated landscape (S1 Fig). In all years we

sampled insects throughout the season (March through October), based on a standardized

sampling scheme using Malaise traps. We investigated rate of decline in insect biomass, and

examined how factors such as weather, habitat and land use variables influenced the declines.

Knowledge on the state of insect biomass, and it’s direction over time, are of broad importance

to ecology and conservation, but historical data on insect biomass have been lacking. Our

study makes a first step into filling this gap, and provides information that is vital for the

assessment of biodiversity conservation and ecosystem health in agricultural landscapes.

Materials andmethods

Data

Biomass data. Biomass data were collected and archived using a standardized protocol

across 63 unique locations between 1989 and 2016 (resulting in 96 unique location-year com-

binations) by the Entomological Society Krefeld. The standardized protocol of collection has

been originally designed with the idea of integrating quantitative aspects of insects in the status

assessment of the protected areas, and to construct a long-term archive in order to preserve

(identified and not-identified) specimens of local diversity for future studies. In the present

study, we consider the total biomass of flying insects to assess the state of local entomofauna as

a group.

All trap locations were situated in protected areas, but with varying protection status: 37

locations are within Natura2000 sites, seven locations within designated Nature reserves, nine

locations within Protected Landscape Areas (with funded conservation measures), six loca-

tions within Water Protection Zones, and four locations of protected habitat managed by

Regional Associations. For all location permits have been obtained by the relevant authorities,

as listed in the S1 Appendix. In our data, traps located in nutrient-poor heathlands, sandy

grasslands, and dune habitats provide lower quantities of biomass as compared to nutrient

nutrient-rich grasslands, margins and wastelands. As we were interested in whether the

declines interact with local productivity, traps locations were pooled into 3 distinct habitat

clusters, namely: nutrient-poor heathlands, sandy grassland, and dunes (habitat cluster 1,

n = 19 locations, Fig 1A), nutrient-rich grasslands, margins and wasteland (habitat cluster 2,

n = 41 locations, Fig 1B) and a third habitat cluster that included pioneer and shrub communi-

ties (n = 3 locations).

Most locations (59%, n = 37) were sampled in only one year, 20 locations in two years, five

locations in three years, and one in four years, yielding in total 96 unique location-year combi-

nations of measurements of seasonal total flying insect biomass. Our data do not represent
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Fig 1. Examples of operatingmalaise traps in protected areas in western Germany, in habitat cluster 1 (A) and cluster 2 (B) (see
Materials andmethods).

https://doi.org/10.1371/journal.pone.0185809.g001
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longitudinal records at single sites, suitable to derive location specific trends (e.g. [28]). Pro-

longed trapping across years is in the present context (protected areas) deemed undesirable, as

the sampling process itself can negatively impact local insect stocks. However, the data do per-

mit an analysis at a higher spatial level, i.e. by treating seasonal insect biomass profiles as ran-

dom samples of the state of entomofauna in protected areas in western Germany.

Malaise traps were deployed through the spring, summer and early autumn. They operated

continuously (day and night), and catches were emptied at regular intervals, on average every

11.2 days (sd = 6.3). We collected in total 1503 trap samples, with an average of 16 (4–35) suc-

cessive catches per location-year combination (Table 1). Between 1989 and 2016, a total of

53.54kg of invertebrates have been collected and stored, over a total trap exposure period of

16908 days, within an average of 176 exposure days per location-year combination. Malaise

traps are known to collect a much wider diversity of insect species (e.g. [29–31]) as compared

to suction traps (e.g. [28]) and are therefore considered superior as a method of collecting fly-

ing insects. On the basis of partial assessments, we can assume that the total number of insects

included in 53.54 kg biomass represents millions of individuals.

The sampling was standardized in terms of trap construction, size and design (identical

parts), colors, type of netting and ground sealing, trap orientation in the field as well as slope at

the trap location. Hence none of the traps differed in any of these field aspects. Our trap model

was similar to the bi-colored malaise trap model by Henry Townes [32, 33]. The traps,

Table 1. Overview of malaise-trap samples sizes. For each year, the number of locations sampled, the number of location re-sampled, total number of sam-
ples, as well as mean and standard deviation of exposure time at the trap locations (in days) are presented.

Year Number of locations Number of locations sampled previously Number of Samples Mean exposure time St. Dev exposure time

1989 8 0 162 146.62 12.81

1990 2 0 62 228.50 34.65

1991 1 0 10 146.00

1992 4 0 54 118.75 15.50

1993 4 0 39 109.50 59.74

1994 4 0 60 170.75 72.83

1995 2 0 41 144.00 93.34

1997 1 0 20 162.00

1999 2 0 56 196.00 0.00

2000 2 1 47 174.00 11.31

2001 3 2 81 190.00 0.00

2003 3 1 80 201.00 7.81

2004 2 0 48 200.00 5.66

2005 4 0 70 198.75 30.53

2006 2 0 26 188.00 0.00

2007 2 0 15 192.00 0.00

2008 2 0 24 162.00 0.00

2009 4 0 23 120.50 2.89

2010 2 0 12 85.00 0.00

2011 1 0 4 68.00

2012 2 0 23 158.50 4.95

2013 8 2 126 175.50 21.71

2014 23 19 348 212.74 11.21

2015 1 1 10 224.00

2016 7 7 62 190.86 12.56

https://doi.org/10.1371/journal.pone.0185809.t001
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collecting design, and accompanying methods of biomass measurement as designed and

applied by the Entomological Society Krefeld are described elsewhere [34–36] and in S2

Appendix.

Trap catches were stored in 80% ethanol solution, prior to weighing, and total insect bio-

mass of each catch (bottle) was obtained based on a standardized measurement protocol by

first subtracting fluid content. In order to optimally preserve samples for future species deter-

mination, the insects were weighed in an alcohol-wet state. First, the alcohol concentration in

the vessels was stabilized to 80%, while this concentration was controlled with an areometer

over a period of at least two days. In order to obtain biomass per sample with sufficient accu-

racy and comparability, the measuring process was fixed using a standardized protocol [34].

For this purpose the insects of a sample were poured onto a stainless steel sieve (10cm diame-

ter) of 0.8 mmmesh width. This sieve is placed slightly obliquely (30 degrees) over a glass ves-

sel. The skew position accelerates the first runoff of alcohol and thus the whole measuring

procedure. The drop sequence is observed with a stopwatch. When the time between two

drops has reached 10 seconds for the first time, the weighing process is performed with a labo-

ratory scale. For the determination of the biomass, precision scales and analytical scales from

Mettler company were used with an accuracy of at least 0.1g and controlled with calibrated test

weights at the beginning of a new weighing series. In a series of 84 weightings of four different

samples repeating this measurement procedure, an average deviation from the mean value of

the measurement results of 0.4 percent was observed (unpublished results).

Weather data. Climate change is a well-known factor responsible for insect declines [15,

18, 21, 37]. To test if weather variation could explain the observed decline, we included mean

daily temperature, precipitation and wind speed in our analysis, integrating data from 169

weather stations [38] located within 100km to the trap locations. We examined temporal

trends in each weather variable over the course of the study period to assess changes in climatic

conditions, as a plausible explanation for insect decline. Estimates of each weather variable at

the trap locations were obtained by interpolation of each variable from the 169 climate

stations.

We initially considered mean daily air temperature, precipitation, cloud cover, relative air

moisture content, wind speed, and sunshine duration. However, only temperature, precipita-

tion and wind speed were retained for analysis, as the other variables were significantly corre-

lated with the selected variables [R(temperature, cover) = −43.2%, R(temperature, sunshine) =

53.4%, R(precipitation, moisture) = −47.3%] and because we wanted to keep the number of

covariates as low as possible. Additionally, we calculated the number of frost days and the sum

of precipitation in the months November- February preceding a sampling season. We used

spatio-temporal geostatistical models [39, 40] to predict daily values for each weather variable

to each trap location. Amongst other methods, the geostatistical approach is considered a

superior interpolation method in order to derive weather variables to trap locations [41].

Uncertainty in interpolated variables such as wind speed is usually associated with altitude dif-

ferences. However, as our trap locations are all situated in lowland areas with little altitude var-

iation, we do not expect a large error in our interpolations at trap locations.

We decomposed the daily values of each weather variable into a long-term average trend

(between years), a mean seasonal trend, and a yearly seasonal anomaly component (S2 Fig),

modeled using regression splines [42] while controlling for altitude of weather stations. The

remaining residual daily values of each station were further modeled using a spatio-temporal

covariance structure. For example, temperature T, on given day t, of a given year k at a given
trap location s is modeled as:

Tðt; s; kÞ ¼ fkðkÞ þ ftðtÞ þ rðk; tÞ þ a% hþ Cs;t ð1Þ

Severe flying insect biomass decline in protected areas
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where fk(k) is the long-term trend over the years (a thin plate regression spline), ft(t) the mean

seasonal trend within years (a penalized cyclic cubic regression spline), r(k, t) the mean resid-

ual seasonal component, which measures annual anomaly in mean daily values across selected

stations, and a is the linear coefficient for the altitude h effect. The spatio-temporal covariance

structure Cs, t, fitted independently to the residuals of each weather variable model, allowed us

to deal with lack of independence between daily weather data within and between stations, as

well as to interpolate to trap locations using kriging. Altitude of trap locations was extracted

from a digital elevation models at 90m resolution [43].

Land use data. Land use variables (and changes therein) were derived from aerial photo-

graphs [44] taken within two distinct time periods (between 1989–1994, and between 2012–

2015), and allowed us to characterize land use composition at surroundings of the traps, as

well as changes over time. We distinguished cover of forests, agricultural areas, natural grass-

land, and surface water. For each trap location, aerial photographs were manually processed,

polygons extracted and categorized, and their surface area calculated with a radius of 200

meter. Preliminary analysis of the relationship between log biomass and landuse variables, on

a subset of the trap locations, indicated that land use elements at 200m radius better predicted

insect biomass than elements at 500 and 1000m radius, similar to findings elsewhere for wild

bees [45]. Land use variables were measured at a coarse temporal resolution, but fortunately

cover the temporal span of insect sampling. To link the cover of a given land use variable to

the insect biomass samples in a particular year, we interpolated coverage between the two time

points to the year of insect sampling using generalized linear models with a binomial error dis-

tribution, a logit link, and an estimated dispersion parameter. Mean distributions of land use

at each of the two time points are depicted in S3A & S3B Fig.

Habitat data. Plant inventories were conducted in the immediate surroundings (within

50m) of the trap, in the same season of insect sampling. These data permitted the assessment

of plant species richness (numbers of herbs, shrubs and trees) and environmental conditions

based on average Ellenberg values [46–48], as well as changes therein over time. Each Ellen-

berg indicator (we considered nitrogen, pH, light, temperature and moisture) was averaged

over all species for each location-year combination. We examined annual trends in each of the

above-mentioned variables in order to uncover potential structural changes in habitat charac-

teristics over time. Species richness was analyzed using mixed-effects generalized linear models

[49] with a random intercept for trap location and assuming a Poisson distribution for species

richness, and a normal distribution for mean Ellenberg indicator values. Although a Poisson

distribution fitted tree and shrub species adequately, (residual deviance/ degree of free-

dom = 0.94 and 1.04 respectively), severe overdispersion was found for herb species richness

(residual deviance/ degree of freedom = 2.16). Trend coefficients of richness over time

between a Poisson mixed effects model and a negative binomial model were comparable but

differed in magnitude (Poisson GLMM: −0.034 (se = 0.003), vs NB GLMM −0.027
(se = 0.006)). Although the fit is not perfect in the case of herb richness, we believe our trend

adequately describes direction of change over time. Mean changes in plant species richness are

depicted in S3C Fig.

Insect biomass model

The temporal resolution of the trap samples (accumulated over several days) is not directly

compatible with the temporal distribution of the weather data (daily values). Additionally, var-

iable exposure intervals between trap samples is expected to induce variation in trapped bio-

mass between samples, and hence induce heteroscedasticity. Furthermore, biomass data can

numerically only be positive on the real line, and we require a model to reflect this property of

Severe flying insect biomass decline in protected areas
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the data. Because of the unequal exposure intervals however, log-transforming the response

would be inappropriate, because we require the sum of daily values after exponentiation,

rather that the exponent of the sum of log-daily biomass values. In order to indirectly relate

biomass to daily weather variables, to account for the variation in time exposure intervals over

which biomass was accumulated in the samples, and to respect the non-negative nature of our

data, we modeled the biomass of each catch as the sum of the expected (but unobserved) latent

daily biomass. The massm of each sample j, at site s in year k, is assumed to be distributed nor-

mally about the sum of the latent expected daily mass (zt, s, k), with variance s2
j :

mj;s;k & Nðmj;s;k; s
2
j Þ ð2Þ

subject to mj;s;k ¼
Pt2ðjÞ

t¼t1ðjÞ zt;s;k where τ1 and τ2 mark the exposure interval (in days) of biomass

collection of each sample j. The latent daily biomass itself is represented by a log normal distri-

bution, in which coefficients for covariates, random effects and residual variance are all repre-

sented on the log scale. In turn, daily biomass is modeled as

zt;s;k ¼ eyt;s;k ð3Þ

yt;s;k ¼ cþ logðlÞkþ Xbx þ us ð4Þ

where c is a global intercept, X a design matrix of dimensions n×p (number of

samples × number of covariates; see Model analysis below), βx the corresponding vector of
coefficients that measure the weather, habitat and land use effects, and log(λ) a mean annual

population growth rate parameter. The random term (us) denotes the location-specific ran-
dom effect assumed to be distributed normally about zero us & Nð0; s2

siteÞ. The exponentiation
of the right hand side of Eq (3) ensures expected values to be positive.

The expected residual variance of each sample s2
j , is expressed as the sum of variances of

daily biomass values (s2
t;s;k).

s2
j ¼

Xt2ðjÞ
t¼t1ðjÞ

s2
t;s;k ð5Þ

The variances of daily biomass should respect the non-negative nature of the data as well.

Additionally, we are interested in being able to compare the residual variance with the random

effects variance, and this requires them to be on the same scale. Therefore, we expressed the

variance of the daily biomass as a function of the variance of the logarithm of the daily bio-

mass. Using the method of moments:

s2
t;s;k ¼ e2yt;s;kþvðev ' 1Þ ð6Þ

where v represents the residual variance of daily log-biomass.

Analysis

We developed a series of models each consisting of a set of explanatory variables that measure

aspects of climate, land use and local habitat characteristics. Significant explanatory variables

in these models were combined into a final model, which was then reduced to exclude insignif-

icant effects. An overview of which covariates were included in each model is given in Table 2.

Weather effects explored were daily temperature, precipitation and wind speed, as well as

the number of frost days and sum of precipitation in the preceding winter. Habitat effects

explored tree and herb species richness, as well as average Ellenberg values for nitrogen, pH,

Severe flying insect biomass decline in protected areas
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light, temperature and moisture, per location-year combination. Land use effects explored the

fractions of agricultural area, forest, grass, and surface water in a radius of 200m around the

plot location.

Parameter values are obtained by the use of Markov chain Monte Carlo (MCMC) methods

by the aid of JAGS (Just Another Gibbs Sampler [50]) invoked through R [51] and the R2Jags

package [52]. JAGS model scripts are given in S1 Code, while data are given in S1 and S2

Dataset. For each model, we ran 3 parallel chains each consisting of 24000 iterations (first 4000

discarded), and kept every 10th value as a way to reduce within chain autocorrelation. We used

vague priors for all parameters, with uniform distributions for the residual and random effect

variance components, and flat normal distributions (with very high variance) for all other

parameters. Covariates in X were standardized prior to model fitting, with the exception of

year (values 1–26), and land use variables (proportions within 0–1 range).

For all models, we computed the Deviance Information Criterion [53] (DIC) as well as the

squared correlation coefficient (R2) between observed and mean posterior estimates of bio-

mass on the log scale. Results are given in Table 3. Parameter convergence was assessed by the

Table 2. Overview of covariates included in each of the sevenmodels. The year covariate yields the annual trend coefficient.

Covariate class Covariate name Null model Basic Weather Habitat Land use Interactions Land use+ Final model

Temporal Intercept ✔ ✔ ✔ ✔ ✔ ✔ ✔

Day number ✔ ✔ ✔ ✔ ✔ ✔ ✔

Day number2 ✔ ✔ ✔ ✔ ✔ ✔ ✔

Year ✔ ✔ ✔ ✔ ✔ ✔

Climate Temperature ✔ ✔

Precipitation ✔ ✔

Wind Speed ✔

Frost days ✔ ✔

Winter Precipitation ✔

Habitat Herb Species ✔ ✔

Tree Species ✔ ✔

Nitrogen ✔

pH ✔

Moisture ✔

Light ✔ ✔

Ellen. Temperature ✔ ✔

Habitat cluster 2 ✔ ✔ ✔ ✔ ✔ ✔

Habitat cluster 3 ✔ ✔ ✔ ✔ ✔ ✔

Landscape Arable land ✔ ✔ ✔

Grassland ✔ ✔ ✔

Forest ✔ ✔ ✔

Water ✔ ✔ ✔

Interactions Year × Day number ✔ ✔ ✔ ✔ ✔ ✔

Year × Day number2 ✔ ✔ ✔ ✔ ✔ ✔

Year × Agriculture ✔ ✔

Year × Forest ✔ ✔

Year ×Water ✔

Year ×Grassland ✔ ✔

Variance σsite ✔ ✔ ✔ ✔ ✔ ✔ ✔

v ✔ ✔ ✔ ✔ ✔ ✔ ✔

https://doi.org/10.1371/journal.pone.0185809.t002
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potential scale reduction factor [54] (commonly R̂), that measures the ratio of posterior distri-

butions between independent MCM chains (in all models, all parameters attained values

below 1.02). For all models, we confirmed that the posterior distribution of the trend coeffi-

cient did not confound any other variable by plotting the relevant posterior samples and com-

puting pairwise correlation coefficients.

Our basic model included habitat cluster (3 levels), a quadratic effect for day number, an

annual trend coefficient measuring the rate of biomass change, and the interactions between

the annual trend coefficient and the day number variables. Next we developed 3 models each

consisting of either weather variables (S1 Table), land use variables (S2 Table), or habitat vari-

ables. Because interactions between the annual rate of change and land use variables seemed

plausible, a fourth model was developed to include these interactions (S3 Table). Finally, all

significant variables were combined into our final model (Table 4), which included effects of

an annual trend coefficient, season (linear and quadratic effect of day number), weather (tem-

perature, precipitation, number of frost days), land use (cover of grassland and water, as well

as interaction between grassland cover and trend), and habitat (number of herb and tree spe-

cies as well as Ellenberg temperature).

Our estimate of decline is based on our basic model, from which we can derive seasonal

estimates of daily biomass for any given year. The basic model includes only a temporal

(annual and seasonal effects, as well as interactions) and a basic habitat cluster distinction

(additive effects only) as well as a random trap location effect. We here report the annual trend

coefficient, as well as a weighted estimate of decline that accounts for the within season differ-

ences in biomass decline. The weighted insect biomass decline was estimated by projecting the

seasonal biomass (1-April to 30-October) for years 1989 and 2016 using coefficients our basic

model, and then dividing the summed (over the season) biomass of 2016 by the summed bio-

mass over 1989.

Using our final model, we assessed the relative contribution (i.e. net effect) of the explana-

tory variables to the observed decline, both combined and independently. To this aim we pro-

jected the seasonal daily biomass for the years 1989 and 2016 twice: first we kept covariates at

their mean values during the early stages of the study period, and second we allowed covariate

values to change according to the observed mean changes (see S2 and S3 Figs). Difference in

the total biomass decline between these two projections are interpreted as the relative contri-

bution of the explanatory variables to the decline. The marginal (i.e. independent) effects of

each covariate were calculated by projecting biomass increase/decline as result of the observed

temporal developments in each variable separately, and expressing it as percentual change.

Our data provide repetitions across years for only a subset of locations (n = 26 out of 63).

As such, spatial variation in insect biomass may confound the estimated trend. To verify that

Table 3. Results for 7 models ranked by Deviance Information Criterion (DIC). For each model, the number of parameters, the Deviance Information Cri-
terion, the effective number of parameters (pD), calculatedR2 and difference in DIC units between each model and the model with lowest ΔDIC. See Table 2
for covariates included in each model.

model npar Deviance DIC pD R2 ΔDIC
Final 23 12082.48 12177.07 94.59 0.67 0.00

Weather 13 12178.84 12261.52 82.68 0.65 84.45

Land use+ Interactions 16 12336.22 12427.16 90.95 0.62 250.09

Habitat 15 12354.95 12445.93 90.98 0.62 268.86

Land use 12 12377.27 12453.23 75.97 0.61 276.16

Basic 8 12390.26 12465.08 74.82 0.61 288.00

Null 5 13230.65 13307.59 76.94 0.39 1130.52

https://doi.org/10.1371/journal.pone.0185809.t003
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this is not the case, we fitted our basic model (but excluding the day number and year interac-

tion to avoid overparameterization) to the subset of our data that includes only locations that

were sampled in more than one year. Seasonal profiles of daily biomass values are depicted in

S4 Fig. Finally, we reran our basic model for the two (of the three) habitat clusters (for which

sufficient data existed; see Biomass Data) separately in order to compare the rate of decline

between them (S5 Fig).

Results

Following corrections for seasonal variation and habitat cluster (basic model, see Materials

and methods), the annual trend coefficient of our basic model was significantly negative

(annual trend coefficient = −0.063, sd = 0.002, i.e. 6.1% annual decline). Based on this result,

we estimate that a major (up to 81.6% [79.7–83.4%]) decline in mid-summer aerial insect bio-

mass has taken place since 1989 (Fig 2A). However, biomass loss was more prominent in mid-

summer as compared to the start and end of the season (Fig 3A), indicating that the highest

losses occur when biomass is highest during the season (Fig 2B). As such, a seasonally weighted

estimate (covering the period 1-April to 30-October; see methods) results in an overall 76.7%

[74.8–78.5%] decline over a 27 year period. The pattern of decline is very similar across loca-

tions that were sampled more than once (Fig 4), suggesting that the estimated temporal decline

based on the entire dataset is not confounded by the sampling procedure. Re-estimation of the

Table 4. Posterior parameter estimates of the final mixed effects model of daily insect biomass. For each included variable, the corresponding coeffi-
cient mean, standard deviation and 95% credible intervals are given. P-values were calculated empirically based on posterior distributions of coefficients.

Class Variable mean sd 2.50% 97.50% P

Temporal Intercept 2.450 0.233 1.983 2.891 0.000 ***

log(λ) -0.080 0.007 -0.094 -0.067 0.000 ***

Day number -0.100 0.028 -0.155 -0.045 0.001 ***

Day number2 -0.447 0.029 -0.504 -0.392 0.000 ***

Weather Temperature 0.304 0.022 0.263 0.347 0.000 ***

Precipitation -0.071 0.034 -0.143 -0.009 0.014 *

Frost days -0.021 0.024 -0.067 0.025 0.194

Land use Habitat Cluster 2 0.420 0.162 0.080 0.729 0.007 **

Habitat Cluster 3 0.332 0.237 -0.133 0.806 0.078 .

Arable land -1.063 0.184 -1.420 -0.709 0.000 ***

Forest -0.522 0.216 -0.947 -0.121 0.007 **

Grassland 0.819 0.233 0.367 1.265 0.000 ***

Water -0.327 0.170 -0.659 0.005 0.027 *

Habitat Herb species -0.054 0.045 -0.137 0.037 0.119

Tree Species 0.104 0.032 0.041 0.167 0.000 ***

Ell. Nitrogen 0.181 0.065 0.051 0.311 0.003 **

Ell. Light 0.162 0.039 0.088 0.236 0.000 ***

Ell. Temperature -0.071 0.031 -0.131 -0.011 0.010 **

Intercations Year × Day number -0.003 0.001 -0.006 -0.000 0.017 *

Year × Day number2 0.010 0.001 0.007 0.013 0.000 ***

Year × Arable land 0.047 0.008 0.031 0.064 0.000 ***

Year × Forest 0.035 0.010 0.016 0.055 0.000 ***

Year ×Grassland -0.059 0.014 -0.086 -0.033 0.000 ***

Random effects σsite 0.334 0.037 0.270 0.412

Residual variation v 0.870 0.009 0.852 0.889

https://doi.org/10.1371/journal.pone.0185809.t004
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Fig 2. Temporal distribution of insect biomass. (A) Boxplots depict the distribution of insect biomass
(gram per day) pooled over all traps and catches in each year (n = 1503). Based on our final model, the grey
line depicts the fitted mean (+95% posterior credible intervals) taking into account weather, landscape and
habitat effects. The black line depicts the mean estimated trend as estimated with our basic model. (B)
Seasonal distribution of insect biomass showing that highest insect biomass catches in mid summer show
most severe declines. Color gradient in both panels range from 1989 (blue) to 2016 (orange).

https://doi.org/10.1371/journal.pone.0185809.g002
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annual decline based on 26 locations that have been sampled in more than one year (S4 Fig),

revealed a similar rate of decline (76.2%[73.9–78.3%]).

Insect biomass was positively related to temperature and negatively to precipitation (S1

Table). Including lagged effects of weather revealed no effect of either number of frost days, or

winter precipitation, on the biomass in the next season (S1 Table). The overall model fit

improved as compared to our basic model (R2 = 65.4%, Table 3), explaining within and between

year variation in insect biomass, but not the overall decline (log(λ) = −0.058, sd = 0.002). Over

the course of the study period, some temporal changes occurred in the means of the weather

variables (S2 Fig), most notably an increase by 0.5˚C in mean temperature and a decline 0.2 m/

sec in mean wind speed. Yet, these changes either do not have an effect on insect biomass (e.g.

wind speed) either are expected to positively affected insect biomass (e.g. increased tempera-

ture). Furthermore, a phenological shift with peak biomass earlier in the season could have

resulted in lower biomass in the mid-season (Fig 3A), but this does not appear to be the case as

none of the seasonal distribution quantiles in biomass showed any temporal trend (Fig 3B).

There was substantial variation in trapped insect biomass between habitat clusters (see

Materials and methods), with nutrient-rich grasslands, margins and wasteland containing 43%

more insect biomass than nutrient-poor heathland, sandy grassland, and dunes. Yet, the

annual rate of decline was similar, suggesting that the decline is not specific to certain habitat

types (S5 Fig). To further characterize trap locations, we used past (1989–1994) and present

(2012–2015) aerial photographs and quantified land use cover within 200m around the trap

locations. On average, cover of arable land decreased, coverage of forests increased, while

grassland and surface water did not change much in extent over the last three decades (S3 Fig).

Overall, adding land use variables alone did not lead to a substantial improvement of the

model fit (R2 = 61.3%, Table 3), nor did it affect the annual trend coefficient (log(λ) = −0.064,
sd = 0.002). While presence of surface water appeared to significantly lower insect biomass,

none of the other variables were significantly related to biomass. However, including interac-

tions between the annual trend coefficient and land use variables increased the model fit

Fig 3. Seasonal decline and phenology. (A) Seasonal decline of mean daily insect biomass as estimated by independent month specific
log-linear regressions (black bars), and our basic mixed effects model with interaction between annual rate of change and a quadratic trend
for day number in season. (B), Seasonal phenology of insect biomass (seasonal quantiles of biomass at 5% intervals) across all locations
revealing substantial annual variation in peak biomass (solid line) but no direction trend, suggesting no phenological changes have occurred
with respect to temporal distribution of insect biomass.

https://doi.org/10.1371/journal.pone.0185809.g003
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slightly (Table 3), and revealed significant interactions for all variables except coverage of sur-

face water (S2 Table). These interactions, which were retained in our final model (Table 4),

revealed higher rates of decline where coverage of grassland was higher, while lower declines

where forest and arable land coverage was higher.

We hypothesized that successional changes in plant community [55] or changes in environ-

mental conditions [9, 18], could have affected the local insect biomass, and hence explain the

decline. Plant species inventories that were carried out in the immediate vicinity of the traps

and in the same season of trapping, revealed that species richness of trees, shrubs and herbs

declined significantly over the course of the study period (S3 Fig). Including species richness

in our basic model, i.e. number of tree species and log number of herb species, revealed signifi-

cant positive and negative effects respectively on insect biomass, but did not affect the annual

trend coefficient (S3 Table), explaining some variation between locations rather than the

annual trend coefficient. Moreover, and contrary to expectation, trends in herb species rich-

ness were weakly negatively correlated with trends in insect biomass, when compared on per

plot basis for plots sampled more than once. Ellenberg values of plant species provide a reliable

indicator for the environmental conditions such as pH, nitrogen, and moisture [46, 47].

Around trap locations, mean indicators (across all locations) were stable over time, with

changes in the order of less than 2% over the course of the study period. Adding these variables

to our basic model revealed a significant positive effect of nitrogen and light, and a significant

Fig 4. Temporal distribution of insect biomass at selected locations. (A) Daily biomass (mean ±1 se)
across 26 locations sampled in multiple years (see S4 Fig for seasonal distributions). (B) Distribution of mean
annual rate of decline as estimated based on plot specific log-linear models (annual trend coefficient = −0.053,
sd = 0.002, i.e. 5.2% annual decline).

https://doi.org/10.1371/journal.pone.0185809.g004
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negative effect of Ellenberg temperature on insect biomass, explaining a major part of the vari-

ation between the habitat types. However, Ellenberg values did not affect the insect biomass

trend coefficient (log(λ) = −0.059, sd = 0.003, S3 Table) and only marginally improved the

model fit (R2 = 61.9%, Table 3). All habitat variables were considered in our final model

(Table 4), with the exception of of pH and moisture.

Our final model, based on including all significant variables from previous models, revealed

a higher trend coefficient as compared to our basic model (log(λ) = −0.081, sd = 0.006,

Table 4), suggesting that temporal developments in the considered explanatory variables coun-

teracted biomass decline to some degree, leading to an even more negative coefficient for the

annual trend. The marginal net effect of changes in each covariate over time (see Analysis),

showed a positive contribution to biomass growth rate of temporal developments in arable

land, herb species richness, and Ellenberg Nitrogen, while negative effects of developments of

tree species richness and forest coverage (Fig 5). For example, the negative effect of arable land

on biomass (Table 4), in combination with a decrease in coverage of arable land (S3 Fig), have

resulted in a net positive effect for biomass (Fig 5). Projections of our final model, while fixing

the coefficient for the temporal annual trend log(λ) to zero, suggest insect biomass would have

remained stable, or even increased by approximately 8% (mean rate = 1.075, 0.849–1.381) over

the course of the study period.

Discussion

Our results document a dramatic decline in average airborne insect biomass of 76% (up to

82% in midsummer) in just 27 years for protected nature areas in Germany. This considerably

exceeds the estimated decline of 58% in global abundance of wild vertebrates over a 42-year

period to 2012 [56, 57]. Our results demonstrate that recently reported declines in several taxa

such as butterflies [7, 25–27, 58], wild bees [8–14] and moths [15–18], are in parallel with a

severe loss of total aerial insect biomass, suggesting that it is not only the vulnerable species,

but the flying insect community as a whole, that has been decimated over the last few decades.

The estimated decline is considerably more severe than the only comparable long term study

on flying insect biomass elsewhere [28]. In that study, 12.2m high suction traps were deployed

Fig 5. Marginal effects of temporal changes in considered covariates on insect biomass. Each bar
represents the rate of change in total insect biomass, as the combined effect of the relevant coefficient
(Table 4) and the temporal development of each covariate independently (S2 and S3 Figs).

https://doi.org/10.1371/journal.pone.0185809.g005
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at four locations in the UK over the time period 1973–2002, and showed a biomass decline at

one of the four sites only. However, the sampling designs differ considerably between the two

studies. Suction traps mainly target high-flying insects, and in that study the catches were

largely comprised of flies belonging to the Bibionidae family. Contrary, malaise traps as used

in the present study target insects flying close to the ground surface (up to 1 meter), with a

much wider diversity of taxa. Future investigations should look into how biomass is distrib-

uted among insect species, and how species trends contribute to the biomass decline.

Although the present dataset spans a relatively large number of years (27) and sites (63), the

number of repetitions (i.e. multiple years of seasonal distributions at the same locations) was

lower (n = 26). We are however confident that our estimated rate of decline in total biomass

resembles the true rate of decline, and is not an artifact of site selection. Firstly, our basic

model (including an annual rate of decline) outperformed the null-model (without an annual

rate of decline; ΔDIC = 822.62 units; Table 3), while at the same time, between-plot variation

(i.s. σsite) and residual variation (v) decreased by 44.3 and 9.7% respectively, after incorporating

an annual rate of decline into the models. Secondly, using only data from sites at which malaise

traps were operating in at least two years, we estimated a rate of decline similar to using the

full dataset (Fig 4), with the pattern of decline being congruent across locations (S4 Fig).

Taken together, there does not seem to be evidence that spatial variation (between sites) in this

dataset forms a confounding factor to the estimated temporal trend, and conclude that our

estimated biomass decline is representative for lowland protected areas in west Germany.

In light of previously suggested driving mechanisms, our analysis renders two of the prime

suspects, i.e. landscape [9, 18, 20] and climate change [15, 18, 21, 37], as unlikely explanatory

factors for this major decline in aerial insect biomass in the investigated protected areas. Habitat

change was evaluated in terms of changes in plant species composition surrounding the stan-

dardized trap locations, and in plant species characteristics (Ellenberg values). Land use changes

was evaluated in terms of proportional surface changes in aerial photographs, and not for exam-

ple changes in management regimes. Given the major decline in insect biomass of about 80%,

much stronger relationships would have been expected if changes in habitat and land use were

the driving forces, even with the somewhat crude parameters that were at our disposal.

The decline in insect biomass, being evident throughout the growing season, and irrespec-

tive of habitat type or landscape configuration, suggests large-scale factors must be involved.

While some temporal changes in climatic variables in our study area have taken place, these

either were not of influence (e.g. wind speed), or changed in a manner that should have

increased insect biomass (e.g temperature). However, we have not exhaustively analysed the

full range of climatic variables that could potentially impact insect biomass. For example pro-

longed droughts, or lack of sunshine especially in low temperatures might have had an effect

on insect biomass [59–62]. Agricultural intensification [17, 20] (e.g. pesticide usage, year-

round tillage, increased use of fertilizers and frequency of agronomic measures) that we could

not incorporate in our analyses, may form a plausible cause. The reserves in which the traps

were placed are of limited size in this typical fragmented West-European landscape, and

almost all locations (94%) are enclosed by agricultural fields. Part of the explanation could

therefore be that the protected areas (serving as insect sources) are affected and drained by the

agricultural fields in the broader surroundings (serving as sinks or even as ecological traps) [1,

63–65]. Increased agricultural intensification may have aggravated this reduction in insect

abundance in the protected areas over the last few decades. Whatever the causal factors

responsible for the decline, they have a far more devastating effect on total insect biomass than

has been appreciated previously.

The widespread insect biomass decline is alarming, ever more so as all traps were placed in

protected areas that are meant to preserve ecosystem functions and biodiversity. While the
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gradual decline of rare insect species has been known for quite some time (e.g. specialized but-

terflies [9, 66]), our results illustrate an ongoing and rapid decline in total amount of airborne

insects active in space and time. Agricultural intensification, including the disappearance of

field margins and new crop protection methods has been associated with an overall decline of

biodiversity in plants, insects, birds and other species in the current landscape [20, 27, 67]. The

major and hitherto unrecognized loss of insect biomass that we report here for protected

areas, adds a new dimension to this discussion, because it must have cascading effects across

trophic levels and numerous other ecosystem effects. There is an urgent need to uncover the

causes of this decline, its geographical extent, and to understand the ramifications of the

decline for ecosystems and ecosystem services.
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S1 Appendix. Malaise trap permissions According to the German laws
and regulations, permissions are necessary in order to perform investigations
with malaise traps, at all locations. Permissions for investigations outside as
well as within protected areas for the investigations were given by the following
authorities (Höheren & Unteren Landschaftsbehörden). These permits include
cover both the entry into protected areas, as well as the trapping of species that
have a protected status pursuant to German law ( Bundesartenschutzverordnung
(BArtSchV) ) and Bundesnaturschutzgesetz (BNatSchG)).

Authorities issuing the permissions for the investigations are listed below
(location abbreviations in brackets).

• Struktur und Genehmigungsdirektion Nord (SGD), Rheinland-Pfalz (POM1)

• Landesamt für Umwelt (LfU), Brandenburg, Biologische Station Beeskow
(BKL1, GRI1, LAN1)

• Untere Landschaftsbehörde, Kreis Kleve (SCH1)

• Untere Landschaftsbehörde, Kreis Viersen (BRA1-4, RAH1-2)

• Untere Landschaftsbehörde, Kreis Wesel (BIR1, BIS1-10, HUK1, KAN1-
2, LOO1, PLI1-2, SLL1, XAN1-2)

• Untere Landschaftsbehörde, Kreis Mettmann (PIM1)

• Untere Landschaftsbehörde,Kreis Düren (SOL1-2)

• Untere Landschaftsbehörde, Stadt D”usseldorf (URD1-2)

• Untere Landschaftsbehörde, Stadt Köln (WAN1)

• Untere Landschaftsbehörde, Stadt Krefeld (BOO1, CAR1, GEO1, NIE1,
ORB1-2, SPE1)

• Untere Landschaftsbehörde, Oberbergischer Kreis (LIN1-2)

• Untere Landschaftsbehörde, Rhein Kreis Neuss (SPE2)

• Untere Landschaftsbehörde, Rhein-Sieg-Kreis (WAH1-6, WAN3-4)
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S2 Appendix. Malaise traps. In this appendix we give more details about
the malaise traps, collecting design, and accompanying methods of biomass
measurement as designed and applied by the Entomological Society Krefeld.
These are also described in German publications [29-31].

The traps used for our research were identically built by the Entomological
Society Krefeld itself. Since 1982 the Entomological Society Krefeld has pro-
duced malaise traps on the basis of a single cut pattern. This cut pattern is
preserved in the archive of the Entomological Society Krefeld and has served
as a template for the construction of all traps used in this research. Likewise,
the connections of the trap with the bottle in which insects were collected were
always constructed in exactly the same way based on reproductions of an tem-
plate produced in 1982. These self-constructed and identical traps were very
similar to the bi-coloured Malaise traps first described by Townes (1972) [32].
All aspects of the sampling was therefore standardized: trap construction, size
and design (see figures below), colour, netting and stainless steel connections
with the collection bottles.

The traps were also applied using a fixed sampling design. Each trap was
placed in such a way that there was no shadow on the roof of the trap in order
not to influence the sampling. The catch head was aligned to the south by using
of a compass to make sure that the entry of the insects into the traps was always
from the east and west. At the four corners, wooden poles were placed to adjust
the height of the trap and thus the active catch area to the set standard. In all
cases, the trap was tightly connected to the ground to ensure that no insects
could slip between the ground and the netting.

In summary, the standardization of the sampling design were undertaken
with the idea of quantitative analyses of flying insect biomass across years and
sites in protected areas.
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[!h]
S2 Appendix, Fig. 1. Malaise trap design with fixed dimension,
materials and orientation. Middle height from the ground at the catch head,
directed to the south: 190cm. Corner height from ground of the opening on
the south side: 110cm. Corner height from ground of the opening on the north
side: 90cm. Length of the opening - 190cm. Catch area: 1.89 m2 west and
1.89 m2 east: total catch area (opening) 3.78 m2.
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[!h]
S2 Appendix, Fig. 2. Malaise trap design with fixed dimension,
materials and orientation
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S1 Code

In this supporting information we provide the R-code and JAGS-code used to run the models in the main
text. R-packages on which the analysis depends, are included at the start. The code used two pieces of data
as provided in S1 Dataset and S2 dataset, being the biomass data and covariate data respectively.

# required libraries

library(R2jags)

# Function to standardize variables

standardize <- function(x,mu=mean(x),sig=sd(x)) (x-mu)/sig

# read the data

data <- read.table("S1_Dataset.csv",header=TRUE,sep=",")

model.frame<- read.table("S2_Dataset.csv",header=TRUE,sep=",")

summary(data)

summary(model.frame)

Below, for each of the seven models in Table 3 in the main text, we first create a dataset based on the
two loaded datasets, write a JAGS model file, and run the model through JAGS.
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Null model

Setup the data for running the JAGS model:

jagsdataNull<-list(

m = data$biomass,

index1= with(model.frame,tapply(1:nrow(model.frame),potID,min))[data$potID],

index2=with(model.frame,tapply(1:nrow(model.frame),potID,max))[data$potID],

plot= as.numeric(model.frame$plot),

loctype = as.numeric(data$location.type[match(model.frame$potID,data$potID)]),

daynr= as.numeric((model.frame$daynr-mean(data$mean.daynr))/ sd(data$mean.daynr)),

daynr2= as.numeric((model.frame$daynr-mean(data$mean.daynr))/ sd(data$mean.daynr))^2,

ndaily= nrow(model.frame),

n=nrow(data),

nrandom=max( as.numeric(model.frame$plot))

)

Write JAGS model file:

sink("NullModel.jag")

cat("

model{
for( i in 1:n){
m[i] ~ dnorm(sum(y[index1[i]:index2[i]]),tau[i])

tau[i] <- 1/Var[i]

Var[i] <- sum( vr[index1[i]:index2[i]] )

}
for(i in 1:ndaily){
y[i] <- exp(z[i])

z[i] <- int +

c[1]*daynr[i] + c[2]*daynr2[i]+

b[loctype[i]] +

eps[plot[i]]

vr[i]<- exp( 2* z[i]+ lvar ) * (exp(lvar)-1 )

}
int~ dnorm(0,.01)

b[1]<-0

for( i in 2:3) { b[i] ~ dnorm(0,.01) }
for( i in 1:2) { c[i] ~ dnorm(0,.01) }
sdhat ~ dunif(0,5)

lvar <- pow(sdhat,2)

for(i in 1:nrandom){
eps[i] ~ dnorm(0,tau.re)

}
tau.re<- pow(sd.re,-2)

sd.re ~ dunif(0,1)

}
")

sink(NULL)

Run the model:

# Model NULL

parametersNull=c("int","b","c","eps","sdhat","sd.re")

jagsmod0<- jags(jagsdataNull,inits=NULL,parametersNull,

"NullModel.jag",n.chains=3,n.iter=12000,n.burnin=2000,n.thin=10)

jagsmod0
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Basic model

Setup the data for running the JAGS model:

# prepare a list with data elements for JAGS

jagsdataBasic<-list(

m = data$biomass,

index1= with(model.frame,tapply(1:nrow(model.frame),potID,min))[data$potID],

index2=with(model.frame,tapply(1:nrow(model.frame),potID,max))[data$potID],

plot= as.numeric(model.frame$plot),

loctype = as.numeric(data$location.type[match(model.frame$potID,data$potID)]),

daynr= as.numeric((model.frame$daynr-mean(data$mean.daynr))/ sd(data$mean.daynr)),

daynr2= as.numeric((model.frame$daynr-mean(data$mean.daynr))/ sd(data$mean.daynr))^2,

year=model.frame$year-1988,

ndaily= nrow(model.frame),

n=nrow(data),

nrandom=max( as.numeric(model.frame$plot))

)

Write JAGS model file:

sink("BasicModel.jag")

cat("

model{
for( i in 1:n){
m[i] ~ dnorm(sum(y[index1[i]:index2[i]]),tau[i])

tau[i] <- 1/Var[i]

Var[i] <- sum( vr[index1[i]:index2[i]] )

}
for(i in 1:ndaily){
y[i] <- exp(z[i])

z[i] <- int + log.lambda*year[i] +

c[1]*daynr[i] + c[2]*daynr2[i]+

c[3]*daynr[i]*year[i]+c[4]*daynr2[i]*year[i]+

b[loctype[i]] + eps[plot[i]]

vr[i]<- exp( 2* z[i]+ lvar ) * (exp(lvar)-1 )

}
int~ dnorm(0,.01)

log.lambda~ dnorm(0,.01)

b[1]<-0

for( i in 2:3) { b[i] ~ dnorm(0,.01) }
for( i in 1:4) { c[i] ~ dnorm(0,.01) }
sdhat ~ dunif(0,5)

lvar <- pow(sdhat,2)

for(i in 1:nrandom){
eps[i] ~ dnorm(0,tau.re)

}
tau.re<- pow(sd.re,-2)

sd.re ~ dunif(0,1)

}
")

sink(NULL)

Run the model:

parametersBasic=c("int","log.lambda","b","c","eps","sdhat","sd.re")

jagsmodBasic<- jags(jagsdataBasic,inits=NULL,parameters=parametersBasic,

"BasicModel.jag", n.chains=3,n.iter=24000,n.burnin=4000,n.thin=10)
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Weather model

Setup the data for running the JAGS model:

jagsdataWeather<-list(

m = data$biomass,

index1= with(model.frame,tapply(1:nrow(model.frame),potID,min))[data$potID],

index2=with(model.frame,tapply(1:nrow(model.frame),potID,max))[data$potID],

plot= as.numeric(model.frame$plot),

loctype = as.numeric(data$location.type[match(model.frame$potID,data$potID)]),

daynr= as.numeric((model.frame$daynr-mean(data$mean.daynr))/ sd(data$mean.daynr)),

daynr2= as.numeric((model.frame$daynr-mean(data$mean.daynr))/ sd(data$mean.daynr))^2,

year=model.frame$year-1988,

ndaily= nrow(model.frame),

n=nrow(data),

nrandom=max( as.numeric(model.frame$plot)),

temp=standardize(model.frame$temperature),

prec=standardize(model.frame$precipitation),

wind=standardize(model.frame$wind.speed),

frost=standardize(model.frame$frostdays),

w.prec=standardize(model.frame$sum.precW)

)

Write JAGS model file:

sink("WeatherModel.jag")

cat('

model{
for( i in 1:n){
m[i] ~ dnorm(sum(y[index1[i]:index2[i]]),tau[i])

tau[i] <- 1/Var[i]

Var[i] <- sum( vr[index1[i]:index2[i]] )

}
for(i in 1:ndaily){
y[i] <- exp(z[i])

z[i] <- int +

log.lambda*year[i] +

c[1]*daynr[i] + c[2]*daynr2[i]+

c[3]*daynr[i]*year[i] + c[4]*daynr2[i]*year[i]+

w[1]*temp[i] + w[2]*prec[i] + w[3]*wind[i] +

w[4]*frost[i]+ w[5]*w.prec[i]+

b[loctype[i]] +

eps[plot[i]]

vr[i]<- exp( 2* z[i]+ lvar ) * (exp(lvar)-1 )

}
int~ dnorm(0,.01)

log.lambda~ dnorm(0,.01)

b[1]<-0

for( i in 2:3) { b[i] ~ dnorm(0,.01) }
for( i in 1:4) { c[i] ~ dnorm(0,.01) }
for( i in 1:5) { w[i] ~ dnorm(0,.01) }
sdhat ~ dunif(0,5

lvar <- pow(sdhat,2)

for(i in 1:nrandom){
eps[i] ~ dnorm(0,tau.re)

}
tau.re<- pow(sd.re,-2)

sd.re ~ dunif(0,1)

}
')

sink(NULL)

Run the model:

parametersWeather=c("int","log.lambda","b","c","w","eps","sdhat","sd.re")

jagsmodWeather<- jags(jagsdataWeather,NULL,

parametersWeather,"WeatherModel.jag",

n.chains=3,n.iter=24000,n.burnin=4000,n.thin=10)

jagsmodWeather
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Habitat model

Setup the data for running the JAGS model:

jagsdataHabitat<-list(

m = data$biomass,

index1= with(model.frame,tapply(1:nrow(model.frame),potID,min))[data$potID],

index2=with(model.frame,tapply(1:nrow(model.frame),potID,max))[data$potID],

plot= as.numeric(model.frame$plot),

loctype = as.numeric(data$location.type[match(model.frame$potID,data$potID)]),

daynr= as.numeric((model.frame$daynr-mean(data$mean.daynr))/ sd(data$mean.daynr)),

daynr2= as.numeric((model.frame$daynr-mean(data$mean.daynr))/ sd(data$mean.daynr))^2,

year=model.frame$year-1988,

ndaily= nrow(model.frame),

n=nrow(data),

nrandom=max( as.numeric(model.frame$plot)),

herbs=log(model.frame$nHerbs),

Trees=standardize(model.frame$nTrees),

nitro=standardize(model.frame$Nitrogen),

pH=standardize(model.frame$pH),

moist=standardize(model.frame$Moisture),

light=standardize(model.frame$Light),

etemp=standardize(model.frame$ellenTemperature)

)

Write JAGS model file:

sink("HabitatModel.jag")

cat("

model{
for( i in 1:n){
m[i] ~ dnorm(sum(y[index1[i]:index2[i]]),tau[i])

tau[i] <- 1/Var[i]

Var[i] <- sum( vr[index1[i]:index2[i]] )

}
for(i in 1:ndaily){
y[i] <- exp(z[i])

z[i] <- int +

log.lambda*year[i] +

c[1]*daynr[i] + c[2]*daynr2[i]+

c[3]*daynr[i]*year[i]+c[4]*daynr2[i]*year[i]+

d[1]*herbs[i]+d[2]*Trees[i]+

d[3]*nitro[i]+d[4]*pH[i]+d[5]*moist[i]+

d[6]*light[i]+d[7]*etemp[i]+

b[loctype[i]] +

eps[plot[i]]

vr[i]<- exp( 2* z[i]+ lvar ) * (exp(lvar)-1 )

}
int~ dnorm(0,.01)

log.lambda~ dnorm(0,.01)

b[1]<-0

for( i in 2:3) { b[i] ~ dnorm(0,.01) }
for( i in 1:4) { c[i] ~ dnorm(0,.01) }
for( i in 1:7) { d[i] ~ dnorm(0,.01) }
sdhat ~ dunif(0,5)

lvar <- pow(sdhat,2)

for(i in 1:nrandom){
eps[i] ~ dnorm(0,tau.re)

}
tau.re<- pow(sd.re,-2)

sd.re ~ dunif(0,1)

}
")

sink(NULL)

Run the model:

parametersHabitat=c("int","log.lambda","b","c","d","eps","sdhat","sd.re")

jagsmodHabitat<- jags(jagsdataHabitat,NULL,parametersHabitat,

"HabitatModel.jag",n.chains=3,n.iter=24000,n.burnin=4000,n.thin=10)

jagsmodHabitat

5



Landuse model

Setup the data for running the JAGS model:

jagsdataLandUse<-list(

m = data$biomass,

index1= with(model.frame,tapply(1:nrow(model.frame),potID,min))[data$potID],

index2=with(model.frame,tapply(1:nrow(model.frame),potID,max))[data$potID],

plot= as.numeric(model.frame$plot),

loctype = as.numeric(data$location.type[match(model.frame$potID,data$potID)]),

daynr= as.numeric((model.frame$daynr-mean(data$mean.daynr))/ sd(data$mean.daynr)),

daynr2= as.numeric((model.frame$daynr-mean(data$mean.daynr))/ sd(data$mean.daynr))^2,

year=model.frame$year-1988,

ndaily= nrow(model.frame),

n=nrow(data),

nrandom=max( as.numeric(model.frame$plot)),

agribuf=(model.frame$Arable.land),

forebuf=(model.frame$Forest),

grasbuf=(model.frame$Grassland),

water=(model.frame$Water)

)

sink("LandUseModel.jag")

cat("

model{
for( i in 1:n){
m[i] ~ dnorm(sum(y[index1[i]:index2[i]]),tau[i])

tau[i] <- 1/Var[i]

Var[i] <- sum( vr[index1[i]:index2[i]] )

}
for(i in 1:ndaily){
y[i] <- exp(z[i])

z[i] <- int +

log.lambda*year[i] +

c[1]*daynr[i] + c[2]*daynr2[i]+

c[3]*daynr[i]*year[i] + c[4]*daynr2[i]*year[i] +

d[1]*agribuf[i]+d[2]*forebuf[i]+

d[3]*grasbuf[i]+d[4]*water[i]+

b[loctype[i]]+ eps[plot[i]]

vr[i]<- exp( 2* z[i]+ lvar ) * (exp(lvar)-1 )

}
int~ dnorm(0,.01)

log.lambda~ dnorm(0,.01)

b[1]<-0

for( i in 2:3) { b[i] ~ dnorm(0,.01) }
for( i in 1:4) { c[i] ~ dnorm(0,.01) }
for( i in 1:4) { d[i] ~ dnorm(0,.01) }
sdhat ~ dunif(0,5)

lvar <- pow(sdhat,2)

for(i in 1:nrandom){
eps[i] ~ dnorm(0,tau.re)

}
tau.re<- pow(sd.re,-2)

sd.re ~ dunif(0,1)

}
")

sink(NULL)

Run the model:

parametersLandUse=c("int","log.lambda","b","c","d","eps","sdhat","sd.re")

jagsmodLandUse<- jags(LandUseModel,NULL,parametersLandUse,"LandUseModel.jag",

n.chains=3,n.iter=24000,n.burnin=4000,n.thin=10)

jagsmodLandUse

6



Landuse with interactions model

Setup the data for running the JAGS model:

jagsdataLandUse<-list(

m = data$biomass,

index1= with(model.frame,tapply(1:nrow(model.frame),potID,min))[data$potID],

index2=with(model.frame,tapply(1:nrow(model.frame),potID,max))[data$potID],

plot= as.numeric(model.frame$plot),

loctype = as.numeric(data$location.type[match(model.frame$potID,data$potID)]),

daynr= as.numeric((model.frame$daynr-mean(data$mean.daynr))/ sd(data$mean.daynr)),

daynr2= as.numeric((model.frame$daynr-mean(data$mean.daynr))/ sd(data$mean.daynr))^2,

year=model.frame$year-1988,

ndaily= nrow(model.frame),

n=nrow(data),

nrandom=max( as.numeric(model.frame$plot)),

agribuf=(model.frame$Arable.land),

forebuf=(model.frame$Forest),

grasbuf=(model.frame$Grassland),

water=(model.frame$Water)

)

Write JAGS model file:

sink("LandUseIntModel.jag")

cat("

model{
for( i in 1:n){
m[i] ~ dnorm(sum(y[index1[i]:index2[i]]),tau[i])

tau[i] <- 1/Var[i]

Var[i] <- sum( vr[index1[i]:index2[i]] )

}
for(i in 1:ndaily){
y[i] <- exp(z[i])

z[i] <- int +

log.lambda*year[i] +

c[1]*daynr[i] + c[2]*daynr2[i]+

c[3]*daynr[i]*year[i] + c[4]*daynr2[i]*year[i] +

d[1]*agribuf[i]+d[2]*forebuf[i]+

d[3]*grasbuf[i]+d[4]*water[i]+

d[5]*agribuf[i]*year[i]+d[6]*forebuf[i]*year[i]+

d[7]*grasbuf[i]*year[i]+d[8]*water[i]*year[i]+

b[loctype[i]] +

eps[plot[i]]

vr[i]<- exp( 2* z[i]+ lvar ) * (exp(lvar)-1 )

}
int~ dnorm(0,.01)

log.lambda~ dnorm(0,.01)

b[1]<-0

for( i in 2:3) { b[i] ~ dnorm(0,.01) }
for( i in 1:4) { c[i] ~ dnorm(0,.01) }
for( i in 1:8) { d[i] ~ dnorm(0,.01) }
sdhat ~ dunif(0,5)

lvar <- pow(sdhat,2)

for(i in 1:nrandom){
eps[i] ~ dnorm(0,tau.re)

}
tau.re<- pow(sd.re,-2)

sd.re ~ dunif(0,1)

}
")

sink(NULL)

Run the model:

parametersLanduse=c("int","log.lambda","b","c","d","eps","sdhat","sd.re")

LandUseIntModel<- jags(LandUseData,NULL,parametersLanduse,"LandUseIntModel.jag",

n.chains=3,n.iter=24000,n.burnin=4000,n.thin=10)

LandUseIntModel
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Full model

Setup the data for running the JAGS model:

jagsdataFull<-list(

m = data$biomass,

index1= with(model.frame,tapply(1:nrow(model.frame),potID,min))[data$potID],

index2=with(model.frame,tapply(1:nrow(model.frame),potID,max))[data$potID],

plot= as.numeric(model.frame$plot),

loctype = as.numeric(data$location.type[match(model.frame$potID,data$potID)]),

daynr= as.numeric((model.frame$daynr-mean(data$mean.daynr))/ sd(data$mean.daynr)),

daynr2= as.numeric((model.frame$daynr-mean(data$mean.daynr))/ sd(data$mean.daynr))^2,

year=model.frame$year-1988,

ndaily= nrow(model.frame),

n=nrow(data),

nrandom=max( as.numeric(model.frame$plot)),

temp=standardize(model.frame$temperature),

prec=standardize(model.frame$precipitation),

frost=standardize(model.frame$frostdays),

herbs=log(model.frame$nHerbs),

Trees=standardize(model.frame$nTrees),

nitro=standardize(model.frame$Nitrogen),

light=standardize(model.frame$Light),

etemp=standardize(model.frame$ellenTemperature),

agribuf=(model.frame$Arable.land),

forebuf=(model.frame$Forest),

grasbuf=(model.frame$Grassland),

water=(model.frame$Water)

)

Write JAGS model file:

sink("FullModel.jag")

cat(

model{
for(i in 1:n){
m[i]~dnorm(sum(y[index1[i]:index2[i]]),tau[i])

tau[i]<-1/Var[i]

Var[i]<-sum(vr[index1[i]:index2[i]])

}
for(i in 1:ndaily){
y[i]<-exp(z[i])

z[i]<-int+log.lambda*year[i]+

c[1]*daynr[i]+c[2]*daynr2[i]+

c[3]*daynr[i]*year[i]+c[4]*daynr2[i]*year[i]+

w[1]*temp[i]+w[2]*prec[i]+

w[3]*frost[i]+ b[loctype[i]]+

d[1]*herbs[i]+d[2]*Trees[i]+

d[3]*nitro[i]+d[4]*light[i]+d[5]*etemp[i]+

d[6]*agribuf[i]+d[7]*forebuf[i]+d[8]*grasbuf[i]+d[9]*water[i]+

d[10]*agribuf[i]*year[i]+d[11]*forebuf[i]*year[i]+d[12]*grasbuf[i]*year[i]+

eps[plot[i]]

vr[i]<-exp(2*z[i]+lvar)*(exp(lvar)-1)

}
int~dnorm(0,.01)

log.lambda~ dnorm(0,.01)

b[1]<-0

for(i in 2:3){b[i]~dnorm(0,.01)}
for(i in 1:4){c[i]~ dnorm(0,.01)}
for(i in 1:3){w[i]~dnorm(0,.01)}
for(i in 1:12){d[i]~dnorm(0,.01)}
sdhat~dunif(0,5)

lvar<-pow(sdhat,2)

for(i in 1:nrandom){
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eps[i]~dnorm(0,tau.re)

}
tau.re<-pow(sd.re,-2)

sd.re~dunif(0,1)

}
")

sink(NULL)

Run the model:

parametersFull<- c("int","log.lambda","b","c","w","d","eps","sdhat","sd.re")

FullModel<- jags(jagsdataFull,NULL,parametersFull,"FullModel.jag",

n.chains=3,n.iter=24000,n.burnin= 4000,n.thin=10)

FullModel

9



S1 Fig. Map of study area. Insect trap locations (yellow points) in Nordrhein-Westfalen 
(n = 57), Rheinland-Pfalz (n = 1) and Brandenburg (n = 5), as well as weather stations (crosses)
used in the present analysis.
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S4 Fig. Seasonal profiles of daily biomass across 26 locations. For each location, different
colors represent different years, with time color-coded from green (1989) to red (2016). X-axis
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S1 Table. Posterior parameter estimates of the mixed effects model
including weather variables. For each included variable, the corresponding
coefficient posterior mean, standard deviation and 95% credible intervals are
given. P-values are calculated empirically based on posterior distributions of
coefficients.

Variable mean sd 2.50% 97.50% P
Intercept 1.947 0.086 1.772 2.112 <0.001 ***

log(λ) -0.058 0.002 -0.062 -0.054 <0.001 ***
Day number -0.127 0.029 -0.185 -0.069 <0.001 ***

Day number2 -0.437 0.030 -0.495 -0.378 <0.001 ***
Temperature 0.298 0.023 0.251 0.343 <0.001 ***
Precipitation -0.062 0.034 -0.134 0.002 0.030 *
Wind speed 0.005 0.026 -0.046 0.057 0.418

Frost days -0.003 0.019 -0.041 0.034 0.430
Winter Precipitation 0.025 0.019 -0.012 0.062 0.096 .

Habitat Cluster 2 0.298 0.090 0.117 0.479 0.001 ***
Habitat Cluster 3 0.264 0.199 -0.121 0.649 0.091 .

Year × Day number -0.001 0.001 -0.004 0.002 0.202
Year × Day number2 0.009 0.001 0.007 0.012 <0.001 ***

σsite 0.294 0.032 0.238 0.365
v 0.884 0.009 0.866 0.902
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S2 Table. Posterior parameter estimates of the mixed effects model
including land use variables and interactions. For each included variable,
the corresponding coefficient posterior mean, standard deviation and 95% cred-
ible intervals are given. P-values are calculated empirically based on posterior
distributions of coefficients.

Variable mean sd 2.50% 97.50% P
Intercept 2.551 0.146 2.248 2.832 <0.001 ***

Year -0.084 0.007 -0.098 -0.068 <0.001 ***
Day number -0.125 0.030 -0.183 -0.066 <0.001 ***

Day number2 -0.631 0.026 -0.681 -0.578 <0.001 ***
Arable land -0.848 0.191 -1.212 -0.467 <0.001 ***

Forest -0.529 0.204 -0.923 -0.125 0.006 **
Grassland 0.809 0.235 0.344 1.267 <0.001 ***

Water -0.475 0.212 -0.890 -0.067 0.011 *
Habitat Cluster 2 0.449 0.102 0.246 0.651 <0.001 ***
Habitat Cluster 3 0.415 0.212 -0.005 0.838 0.026 *

Year × Day number 0.001 0.001 -0.002 0.004 0.215
Year × Day number2 0.011 0.001 0.009 0.014 <0.001 ***

Year × Arable land 0.040 0.009 0.022 0.057 <0.001 ***
Year × Forest 0.030 0.011 0.007 0.050 0.005 **

Year × Grassland -0.062 0.014 -0.090 -0.033 <0.001 ***
Year × Water 0.004 0.014 -0.024 0.032 0.399

σsite 0.306 0.035 0.245 0.380
v 0.905 0.009 0.888 0.923
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S3 Table. Posterior parameter estimates of the mixed effects model
including habitat variables. For each included variable, the corresponding
coefficient posterior mean, standard deviation and 95% credible intervals are
given. P-values are calculated empirically based on posterior distributions of
coefficients.

Variable mean sd 2.50% 97.50% P
Intercept 2.385 0.188 1.999 2.768 <0.001 ***

Year -0.059 0.003 -0.065 -0.054 <0.001 ***
Day number -0.107 0.030 -0.167 -0.048 <0.001 ***

Day number2 -0.633 0.025 -0.681 -0.583 <0.001 ***
Herb species -0.087 0.049 -0.181 0.009 0.036 *
Tree species 0.105 0.033 0.043 0.170 0.001 ***

Nitrogen 0.234 0.071 0.101 0.375 <0.001 ***
pH -0.051 0.061 -0.173 0.066 0.203

Moisture 0.039 0.051 -0.061 0.139 0.220
Light 0.185 0.041 0.106 0.267 <0.001 ***

Ell. Temperature -0.071 0.029 -0.128 -0.013 0.007 **
Habitat Cluster 2 0.350 0.159 0.036 0.654 0.014 *
Habitat Cluster 3 0.291 0.248 -0.203 0.781 0.120

Year × Day number 0.001 0.002 -0.002 0.004 0.325
Year × Day number2 0.012 0.001 0.009 0.014 <0.001 ***

σsite 0.315 0.036 0.251 0.395
v 0.909 0.009 0.891 0.927
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Reader Comments

Post a new comment on this article

By Caspar A. Hallmann, Martin Sorg, Eelke Jongejans, Henk Siepel, Hans de Kroon

What we explain below is that
• one cannot estimate the decline from a simple regression on the raw data, given the complexity of the dataset 
• the estimated trend is computed from all available data, and does not depend on a particular starting year or ending year 
• further analysis of the data shows that the decline of more than 75% is a robust estimate

Following publication of our paper “More than 75% decline in flying insect biomass over 27 years in protected areas” in PLoS ONE, confusion emerged on
how the decline was estimated. Other estimates around 30% popped up in some commentaries. Here we explain why these lower percentages are wrong.
We do this by further clarifying the sampling scheme, how we have analysed the data taking into account its complex structure, and how we have obtained
the trend in insect decline. 

Data sampling
The purpose of the extensive sampling scheme of the Entomological Society Krefeld over nearly 30 years, was to get a qualitative and quantitative overview
of the flying insect diversity in German nature reserves. As a result, a large variety of locations have been sampled. Limited funds and access permits
restricted the sampling intensity. Consequently, not all habitat types were sampled in all years, and in some years it was not possible to sample. When over
the years declines became conspicuous, locations were increasingly resampled. Altogether, a unique dataset on insect biomass was obtained, with 1503
data points over a total trap exposure period of 16908 days. The extensiveness of the data in space and time, based on strict standardisation of sampling
and weighing protocols, allows for a thorough scientific analysis of the insect decline. In turn, this allows one to estimate an overall rate of decline. 

Statistical Analysis
Given the complexity of the data one cannot simply draw a line between the yearly averages from raw data and compute the decline. One reason is that
habitat clusters are not represented in the same proportions in all years. Habitat clusters differ majorly in insect abundance, with mesic grasslands naturally
containing much more biomass than dry heathlands. Another reason is the huge variation in insect abundance within the season (see Fig. 2b in the paper).
Although the traps remained in the field for at least several months, the sampling period was not exactly the same for all locations in all years. This also
affects yearly averages of the collected samples. 

There are solid statistical techniques to analyse such complex data. We took a hierarchical approach, starting with a simple (null) model, increasingly adding
factors that explain the variation, to end with a final model with factors that explain the patterns best. 

The null model contains seasonal variation (day numbers) and habitat clusters. The full dataset allows reliable estimates for these effects that together
explain already 39% of the total variation in insect biomass. Next, year was added as a factor (and year by day-number interaction; basic model), which
resulted in a major improvement of the model. The basic model explains 61% of total variation.

Finally other factors are included, such as weather, forest area, area of arable land (both in a range of 200 m around the traps), and plant species
composition in the direct vicinity of the traps. Importantly, also interactions between these factors and year are included. These interactions explain some of
the decline over the years (Fig. 5 in the paper) but to a very limited extent. The final model explains 67% of the total variation in insect biomass (over all
years, seasons and habitats). In this model, the decline over the 27 years of study amounts to 76%.

It is important to note in this analysis that there is no such thing as a reference year. Drawing a line from a reference year would overweigh the data from a
single year. By contrast, in our analysis, each of the 1503 data points have equal weight in estimating the effects of the factors included in the model. The
estimation of the yearly decline therefore depends only to a limited extent on the first or last years (or any other year) of the measurement series. 

From the authors: drawing a line through the raw data gives a wrong estimate of insect decline
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Robustness of the results
It should be noted that there are no a priory reasons to dismiss data from any of the years, and doing so is scientific malpractice. For what scientific reason
would one be interested in ignoring the first couple of years? Why not ignoring the last couple of years instead? 

However, to clear all doubts, and as a robustness check, we reran our statistical models, and trend calculations are as follows
• Years 1989 – 2016 : decline overall 76.7% - mid-summer decline 81.6% (n=1503 data points, as in the paper)
• Years 1991 – 2016 : decline overall 76.8% - midsummer decline 82.0% (n=1279 data points)

It may seem counterintuitive that the trend hardly changes when the first two years with very high biomass are left out of the calculations. However, these
high biomasses are not outliers. They fit in the trend that can be computed on the basis of data in subsequent years. That is why the trend estimate hardly
changes when these years are left out. 

With the first years of measurements fitting in the overall trend, we may ask the question what the trend would have looked like if data would have been
available from 1980 onwards. The trend estimate of 76% may well have been stronger if earlier data could have been included.

Altogether, these additional analyses show that the strong overall decline does not depend on the first years of sampling. The conclusions of our paper are
therefore robust. Erroneous analyses of the yearly averages of the sampled biomass greatly misrepresent our data and distract the scientific and societal
debate on the causes of the decline and the implications of the results.
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Van de auteurs: een lijn trekken door de ruwe data geeft een verkeerde schatting van de afname in insectbiomassa

Caspar A. Hallmann, Martin Sorg, Eelke Jongejans, Henk Siepel, Hans de Kroon

Wat we hieronder uitleggen is dat
• het niet mogelijk is de afname te berekenen door een simpele regressielijn te trekken door de ruwe jaargemiddelden, gegeven de
complexiteit van de data
• de geschatte trend berekend is op basis van alle beschikbare data, en niet afhankelijk is van een specifiek start jaar
• verdere analyse van de data laat zien dat de afname van ruim 75% over de 27 jaar van de studie een robuuste schatting is

In navolging van ons artikel “More than 75% decline in flying insect biomass over 27 years in protected areas” in PLoS ONE, ontstond er bij verwarring
over hoe de afname berekend was. Schattingen rond 30% verschenen in sommige commentaren. Hier leggen we uit waarom die lagere percentages
fout zijn. Dit doen we door uit te leggen hoe de data verzameld zijn, hoe we de data geanalyseerd hebben met inachtneming van de complexe
structuur, en hoe we de negatieve trend in insectbiomassa berekend hebben.

Hoe de data verzameld zijn
Het doel van de uitgebreide bemonsteringprogramma (bijna 30 jaar) door de Entomologische Vereniging Krefeld was het verkrijgen van een kwalitatief
en kwantitatief overzicht van de diversiteit van vliegende insecten in Duitse natuurgebieden. Hiervoor is een grote verscheidenheid aan gebieden
bemonsterd. Beperkte middelen en vergunningen zorgden ervoor dat niet alle habitattypes elk jaar bemonsterd zijn, en in sommige jaren was het niet
mogelijk monsters te verzamelen. Toen de afname over de jaren duidelijk begon te worden, werden er vaker herhaalmetingen gedaan in eerder
bemonsterde gebieden. Alles bij elkaar resulteerde dit bemonsteringsschema in een unieke dataset van insectbiomassa, met 1503 datapunten
(verzamelde potten) en een totaal aan 16908 vangstdagen. De omvang van de data in ruimte en tijd, in combinatie met de strikte standaardisatie van
de bemonstering en het wegen van de insecten, heeft een grondige wetenschappelijke analyse van trends in de insectenbiomassa mogelijk gemaakt.
Hierdoor konden we de afname in biomassa van vliegende insecten goed berekenen.

Statistische analyse 
Gegeven de complexiteit van de data is het niet mogelijk om een simpele regressielijn te trekken door de jaarlijkse gemiddeldes van de ruwe data, en
daarmee de afname berekenen. Een reden is dat de habitattypes niet elk jaar in dezelfde verhoudingen zijn bemonsterd. Habitattypes verschillen sterk
in hoeveelheden insecten, waarbij in vochtige graslanden meer insectenbiomassa voorkomt dan in droge heide. Een andere reden is de grote variatie
aan hoeveelheden insecten gedurende het seizoen (zie Fig. 2b in het PLoS ONE artikel). Hoewel de insectenvallen meerdere maanden in het veld
stonden, was de bemonsteringsperiode niet precies hetzelfde voor alle gebieden en jaren. Ook dit beïnvloedt de jaarlijkse gemiddeldes van de
bemonsterde insectenbiomassa.

Er bestaan solide statistische technieken om zulke complexe data te analyseren. Hier gebruikten we een hiërarchische aanpak, beginnend met een
simpel nulmodel, waarna we factoren toevoegden die de variatie in de data verklaarden, om te eindigen met een model met die factoren die samen de
patronen goed beschrijven.
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Het nulmodel bevatte dagnummer (voor variatie door het seizoen) en habitattype. De grote dataset staat betrouwbare schattingen van deze effecten
toe; gezamenlijk verklaarden ze reeds 39% van de variatie in de insectenbiomassa in de verzamelde potten. Vervolgens was jaar toegevoegd als
verklarende factor (alsook de interactie tussen dagnummer en jaar; dit is het ‘basic’ model in ons artikel), hetgeen resulteerde in een grote verbetering
van het model. Dit basismodel verklaart 61% van de totale variatie.

Tot slot voegden we andere factoren toe, zoals weersvariabelen, oppervlakte bos, oppervlakte akker (beide binnen een straal van 200 meter rond de
insectenval), en de samenstelling van de vegetatie in de directe omgeving van de vallen. Ook de interacties tussen deze factoren en jaar werden
meegenomen. Deze jaar-interacties verklaarden slechts een klein gedeelte van de afnemende trend over de jaar (zie Fig. 5 in het artikel). Het
uiteindelijke model verklaart 67% van de totale variatie in insectenbiomassa (over alle jaren, seizoenen en habitattypes). De schatting van de jaarlijkse
afname in insectenbiomassa in dit model komt neer op een 76% afname over de 27 jaar van de studie. Ofwel gemiddeld een 6,1% jaarlijkse afname.

Het is hierbij belangrijk om te realiseren dat deze analyses geen gebruik maken van een ‘referentiejaar’. Een trendlijn laten beginnen in een
referentiejaar zou de data van dat jaar ongewenst belangrijker maken. In onze analyses, daarentegen, wegen alle 1503 datapunten even zwaar mee in
het schatten van de effecten van de factoren die in de modellen meegenomen zijn. De schatting van de jaarlijkse afname hangt daarom slechts voor
klein deel af van de eerste of laatste jaren van de studie.

Hoe robuust is de afname van 76%?
De eerste check van de robuustheid staat in het paper. Een analyse met alleen de 26 standplaatsen waarin tenminste in twee jaren is gemeten gaf
vrijwel dezelfde trend te zien (5,2% jaarlijkse afname; Fig. 4 in het PLoS ONE artikel) als de analyse van de gehele dataset met 63 standplaatsen. De
trend wordt dus niet beïnvloed door standplaatsen die slechts een keer zijn bemonsterd.

Is de sterke afname afhankelijk van de eerste jaren met hoge biomassa? Als we deze jaren eruit laten is de trend dan veel minder sterk? Laten we
eerst opmerken dat er geen a priori reden is om data van bepaalde jaren weg te laten, en dat zomaar weglaten van data uit de analyse
wetenschappelijk wangedrag is. Er is geen enkele wetenschappelijke reden om geïnteresseerd te zijn in het weglaten van de eerste jaren, van de
laatste jaren, of welke jaren dan ook. Echter, om alle verwarring weg te nemen, en om de robuustheid te controleren, hebben we onze modellen
opnieuw gedraaid, en de berekeningen van de trend in insectenbiomassa was als volgt:

Jaren 1989-2016: Totale afname van 76,7% - midzomer afname van 81,6% (gebaseerd op 1503 datapunten; dit is wat we in het artikel beschrijven)
Jaren 1991-2016: Totale afname van 76,8% - midzomer afname van 82,0% (gebaseerd op 1279 datapunten)

Het lijkt verrassend dat de trend nauwelijks verandert als we de eerste twee jaren met hoge biomassa’s weglaten. Deze hoge insectenbiomassa’s zijn
dus geen uitbijters. Ze blijken te passen in de trend die berekend kan worden op basis van de data van latere jaren. Nader beschouwd is dit niet
onverwacht: met een gemiddelde jaarlijkse afname van 6,1% verwacht je dat de eerste jaren de hoogste biomassa’s hebben. En dat de absolute
afname in biomassa over de eerste jaren het grootst is.

Nu we hebben laten zien dat de eerste twee jaar consistent zijn met de algehele trend, zouden we ons af kunnen vragen hoe groot de afname zou zijn
geweest als we data hadden gehad vanaf bijvoorbeeld 1980. Wellicht zou de berekende afname nog wel groter zijn geweest.

Samenvattend kunnen we stellen dat de gevonden sterke afname niet afhangt van de eerste jaren van de studie. De conclusies van ons artikel zijn
daarom robuust. Simpele regressies van de jaarlijkse gemiddeldes van de verzamelde insectenbiomassa geven de patronen verkeerd weer. Dergelijke
foute analyses leiden af van het wetenschappelijk en maatschappelijke debat over de oorzaken en implicaties van de gerapporteerde afname.
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Das Ziehen einer Linie durch die Rohdaten ergibt eine falsche Berechnung des Insektenrückgangs

Caspar A. Hallmann, Martin Sorg, Eelke Jongejans, Henk Siepel & Hans de Kroon

Im Folgenden erklären wir: 
• Man kann den Rückgang aufgrund der Komplexität des Datensatzes nicht durch eine simple Regression zu den Rohdaten ermitteln.
• Der ermittelte Trend ist aus allen verfügbaren Daten berechnet worden und ist nicht abhängig von einem bestimmten Startjahr oder Endjahr.
• Weitere Analysen der Daten bestätigen den Rückgang von mehr als 75% als robuste Berechnung.

Nach unserer Veröffentlichung "More than 75% decline in flying insect biomass over 27 years in protected areas" in PLoS ONE entstand Verwirrung
darüber, wie der Rückgang berechnet wurde. Andere Berechnungen um 30% tauchten in einigen Kommentaren auf. Wir erklären hier, warum diese
niedrigeren Prozentsätze falsch sind. Wir tun dies, indem wir den Probenplan weitergehend erklären, ferner wie wir die Daten unter Berücksichtigung
ihrer komplexen Struktur analysiert und den Trend für den Rückgang berechnet haben.

Herkunft der Daten
Der Zweck der umfangreichen Probennahme des Entomologischen Vereins Krefeld über fast 30 Jahre bestand darin, einen qualitativen und
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quantitativen Überblick über die Diversität fliegender Insekten in deutschen Schutzgebieten zu erhalten. Infolgedessen wurde eine große Vielfalt an
Standorten beprobt. Begrenzte Fördermittel und Genehmigungen schränkten die Intensität der Probennahme ein. Folglich wurden nicht alle
Lebensraumtypen in allen Jahren beprobt, und in manchen Jahren war es zudem nicht möglich, Proben zu nehmen. Als im Laufe der Jahre Rückgänge
auffielen, wurden Standorte zunehmend neu beprobt. Insgesamt wurde ein einzigartiger Datensatz über die Insektenbiomasse mit 1.503 Datenpunkten
über eine gesamte Betriebszeit der Insektenfallen von 16.908 Tagen ermittelt. Der Umfang der Daten in Raum und Zeit, basierend auf einer strengen
Standardisierung von Probenahme- und Wiegeprotokollen, ermöglicht eine gründliche wissenschaftliche Analyse des Insektenrückgangs. Dies
wiederum erlaubt es, eine Gesamtrate des Rückgangs zu berechnen.

Statistische Analyse
Angesichts der Komplexität der Daten kann man nicht einfach zwischen den Jahresdurchschnittswerten der Rohdaten eine Linie ziehen und so den
Rückgang berechnen. Ein Grund dafür ist, dass Habitatcluster nicht in allen Jahren in den gleichen Proportionen vertreten sind. Verschiedene
Habitatcluster unterscheiden sich in der Insektenmenge pro Raumeinheit, wobei natürlicherweise feuchtere Grünlandgesellschaften mehr Biomasse
enthalten als trockene Sandheiden. Ein weiterer Grund ist die große Variation der Insektenmenge innerhalb jeder Saison (siehe Abb. 2b in der
Veröffentlichung). Obwohl die Fallen mindestens einige Monate im Freiland blieben, war die Zeitspanne nicht in allen Jahren für alle Standorte exakt
identisch. Dies beeinflusst auch die Jahresmittelwerte der gesammelten Proben.

Es existieren solide statistische Techniken, um solche komplexen Daten zu analysieren. Wir haben einen hierarchischen Ansatz gewählt, beginnend
mit einem einfachen (Null-)Modell, haben dann zunehmend Faktoren hinzufügt, die die Variation erklären, um mit einem finalen Modell mit Faktoren zu
enden, welche die vorliegenden Muster am besten erklären.

Das Nullmodell enthält die saisonale Variation (Tageszahlen) und Habitatcluster. Der vollständige Datensatz erlaubt zuverlässige Berechnungen für
diese Effekte, die zusammen bereits 39% der gesamten Variation der Insektenbiomasse erklären. Als nächstes wurde das Jahr als Faktor (und die
Interaktion von Jahr zu Tageszahl; Basismodell) hinzugefügt, was zu einer wesentlichen Verbesserung des Modells führte. Dieses Basismodell erklärt
61% der gesamten Variation.

Schließlich wurden weitere Faktoren berücksichtigt, wie Wetter, Waldfläche, Ackerfläche (beide in einer Entfernung von 200 m um die Fallen) und die
Artenzusammensetzung der Vegetation in unmittelbarer Nähe der Fallen. Wichtig ist auch, dass auch Wechselwirkungen zwischen diesen Faktoren
und dem Jahr integriert wurden. Diese Interaktionen erklären einen Teil des Rückgangs über die Jahre hinweg (Abb. 5 in der Veröffentlichung), jedoch
in sehr begrenztem Maße. Das finale Modell erklärt 67% der gesamten Variation der Insektenbiomasse (über alle Jahre, Jahreszeiten und
Lebensräume). In diesem Modell beträgt der Rückgang 76% über die Zeitspanne von 27 Jahren.

Es ist wichtig zu beachten, dass es in dieser Analyse kein Referenzjahr gibt. Das Ziehen einer Linie aus einem Referenzjahr würde die Daten eines
einzelnen Jahres überbewerten. Im Gegensatz dazu hat jeder unserer 1503 Datenpunkte gleiches Gewicht bei unserer Analyse der Auswirkungen der
im Modell enthaltenen Faktoren. Die Berechnung des jährlichen Rückgangs hängt daher nur in begrenztem Maße vom ersten oder letzten Jahr (oder
irgendeinem anderen Jahr) der Messreihen ab.

Robustheit der Ergebnisse
Es sollte angemerkt werden, dass es keine grundsätzlichen Gründe gibt, Daten aus einem der Jahre wegzulassen, und dies zu tun wäre
wissenschaftliches Fehlverhalten. Aus welchem wissenschaftlichen Grund wäre man daran interessiert, die ersten Jahre zu ignorieren? Warum nicht
die letzten Jahre ignorieren?

Um jedoch alle Zweifel auszuräumen und um die Robustheit der Analyse zu überprüfen, führen wir unsere statistischen Modelle erneut aus, und die
Trendberechnungen sind im Ergebnis wie folgt:
Jahre 1989 - 2016: 
Rückgang insgesamt 76,7% - Rückgang in der Mitte des Sommers 81,6% (n = 1503 Datenpunkte, wie in der Publikation)
Jahre 1991 - 2016: 
Rückgang insgesamt 76,8% - Rückgang in der Mitte des Sommers 82,0% (n = 1279 Datenpunkte)

Es mag kontraintuitiv erscheinen, dass sich der Trend kaum ändert, wenn die ersten zwei Jahre mit sehr hohen Biomassen nicht berücksichtigt werden.
Diese hohen Biomassen sind jedoch keine Ausreißer, sie passen in den Trend, der mit den Folgejahren auf Basis der Daten berechnet werden kann.
Deshalb ändert sich die Trendberechnung kaum, wenn diese Jahre herausgenommen werden.

Wenn die ersten Jahre der Messungen in den allgemeinen Trend passen, könnten wir die Frage stellen, wie der Trend aussehen würde, wenn
zusätzlich Daten ab 1980 verfügbar gewesen wären. Die Trendberechnung von 76% könnte durchaus höher ausgefallen sein, wenn ältere Daten
hätten einbezogen werden können.

Insgesamt zeigen diese zusätzlichen Analysen, dass der starke Gesamtrückgang nicht von den ersten Jahren der Probenahme abhängt. Die
Schlussfolgerungen in unserer Publikation sind daher robust. Fehlerhafte Analysen mit Jahresdurchschnitten der gesammelten Biomasse verfälschen
erheblich unsere Daten und lenken die wissenschaftliche und gesellschaftliche Debatte über die Ursachen des Rückganges und der Implikationen der
Ergebnisse ab.
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