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Abstract
1.	 Use of invertebrate traits rather than species composition may facilitate large-

scale comparisons of community structure and responses to disturbance in fresh-
water ecology because the same traits potentially occur everywhere. In recent 
years, comprehensive invertebrate trait databases have been established at dif-
ferent scales (e.g., regions, continents). The wide availability of invertebrate trait 
data supports large-scale studies. However, a number of data-related issues com-
plicate the use of invertebrate traits for ecological studies. It is uncertain how 
harmonising varying trait definitions among databases might influence subse-
quent identification of trait–environment relationships. Furthermore, there have 
been few comparisons of trait aggregation approaches with expert-assigned trait 
affinities.

2.	 We describe inconsistencies in the definitions of traits used to create freshwa-
ter invertebrate trait databases in Europe, North America, New Zealand, and 
Australia. Based on our comparisons of these databases, we established four 
novel trait datasets by harmonising definitions of commonly used traits. Next, we 
used two of these datasets to compare aggregated traits obtained by different 
aggregation methods with traits assigned by experts, both at the family level. The 
trait aggregation methods that we compared used either the mean or the median 
and different weightings. We further explored the effects of harmonisation and 
trait aggregation by re-analysing data from a case study.

3.	 We found that among databases, trait definitions often differed because vary-
ing numbers of traits were used to describe particular functions (e.g., respiration 
traits) and the way those functions were described also varied (e.g., for feeding 
mode some databases focused on the food source, whereas others focused on 
mouthpart morphology). The coding to describe traits (binary, fuzzy) also varied 
among databases.
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1  | INTRODUC TION

Explaining and predicting how communities are shaped by environ-
mental factors is a primary goal of ecology. Species traits are mea-
surable properties of an organism that strongly influence individual 
performance (McGill et al., 2006), and comparing communities based 
on the traits possessed by species may facilitate testing of a range of 
ecological hypotheses (Statzner et al., 2001). Traits are assumed to be 
adaptations (e.g., physiological, behavioural) of organisms to their en-
vironment, which represent either direct or indirect linkages between 
the biological response of an organism or a population and its environ-
ment (Southwood, 1977; Verberk et al., 2013). In addition to providing 
local-scale mechanistic-based expressions of species–environment 
relationships, trait-based approaches might be suitable for large-scale 
analyses of environmental risks to communities because the occur-
rence and distribution of traits are less constrained by biogeographical 
boundaries than those of taxa (Baird et al., 2011; Bonada et al., 2007).

Invertebrate traits increasingly have been used in freshwater 
ecology, for example by relating macroinvertebrate trait compo-
sition to environmental factors such as climate change or salinisa-
tion (Bhowmik & Schäfer, 2015; Conti et al., 2014; Poff et al., 2010; 
Szöcs et  al.,  2014), for predicting changes in ecosystem function-
ing and trophic dynamics (Gutiérrez-Cánovas et  al.,  2021; Voß & 
Schäfer,  2017), for developing indices or diagnostic tools for bio-
monitoring (Beketov et al., 2009; Dolédec & Statzner, 2008; Mondy 
& Usseglio-Polatera, 2013; but see also Hamilton et al., 2020, for a 
critical perspective). In the last decades, freshwater ecologists have 
compiled comprehensive invertebrate trait databases, which typically 
include data for a single region or continent (Gayraud et al., 2003; 
Kefford et  al.,  2020; Philips & Smith,  2018; Schmidt-Kloiber & 
Hering, 2015; Statzner et al., 2007; Tomanova et al., 2006; Usseglio-
Polatera et al., 2000a, 2000b; Vieira et al., 2006). The availability of 

invertebrate trait data from different continents enables comparisons 
of regional trait variation and allows for testing the consistency of 
trait structure–environmental factor relationships across both small 
and large spatial scales. In fact, the first studies on the link between 
habitat use and traits in the Upper Rhône river initiated the compila-
tion of aquatic invertebrate trait information (Bournaud et al., 1992; 
Usseglio-Polatera & Tachet,  1994). At large scales, consistent re-
sponses of traits to environmental stressors have been reported, for 
example traits such as small body size, multiple life cycles per year, 
or swimming have been related to resilience and resistance to flow 
disturbances or retreating glacier cover (Bonada et al., 2007; Brown 
et  al.,  2018). To date, such analyses have been carried out mostly 
within continents, using information from one or two trait databases. 
For example, Bonada et  al.  (2007) compared trait composition for 
Mediterranean and temperate regions in Europe based on traits from 
Usseglio-Polatera et al. (2000a), Usseglio-Polatera et al. (2000b) (typ-
ically referred to as the Tachet database), Poff et al. (2010) character-
ised trait composition across sites in the Western U.S. based on traits 
from Poff et al. (2006), and Botwe et al. (2018) used trait definitions 
from Poff et al. (2006) and Schäfer et al. (2011) to test for effects of 
salinity on invertebrate traits across different sites in South Australia. 
Analyses that synthesise invertebrate trait information from more 
than two different continents are rare, but see Brown et al.  (2018) 
and Statzner et al. (1997).

The variability and inconsistencies of information in freshwater 
invertebrate trait databases, besides the diversity of taxa across re-
gions, is probably a major reason for the lack of comparisons across 
continents. Several challenges currently prevent the use of inver-
tebrate trait data from different established databases in ecolog-
ical studies. One challenge is inconsistency in terminology. In this 
study, we follow the terminology proposed by Schmera et al. (2015), 
in which a grouping feature (e.g., feeding mode) refers to a set of 

4.	 Our comparison of different aggregation methods showed that family-level ag-
gregated and expert-assigned traits were similar, especially when traits were ag-
gregated based on the median of trait values of taxa within a family. The case study 
showed that harmonised and aggregated data identified similar trait–environment 
relationships to non-aggregated data. However, harmonised and aggregated data 
yielded only partially similar values for functional diversity metrics when com-
pared to the case study results.

5.	 By identifying inconsistencies in trait definitions we hope to motivate the develop-
ment of standardised definitions for invertebrate traits. Our results also illustrate 
the usefulness of harmonised datasets for ecological study and provide guid-
ance for the circumstances under which the choice of trait aggregation method is 
important.

K E Y W O R D S

data synthesis, large-scale comparisons, trait aggregation, trait definitions, trait–environment 
relationships
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related traits (e.g., predator, shredder) that together define a general 
property that is shared among individuals or species. Thus, to use 
consistent terminology in this study, we use the term “grouping fea-
ture” in place of the term “trait”, and the term “trait” instead of “trait 
state”, “modality” or “trait category”.

Another challenge to using data from multiple continents is that 
invertebrate trait databases include different grouping features 
and related traits. To harmonise grouping features from different 
regions, or to structure them in such a way as to facilitate cross-
database comparison, requires commonly accepted and unam-
biguous trait definitions (Schneider et  al.,  2019). Ideally, the same 
traits and grouping features would be reported across databases 
or standardised terminology would exist to easily harmonise them; 
however, standardised terminology of trait definitions is lacking and 
poor metadata quality in many trait databases makes harmonisation 
of grouping features difficult (Baird et al., 2011; Kissling et al., 2018). 
Maasri (2019) advocated for a globally harmonised invertebrate trait 
database, but to our knowledge, only Brown et al. (2018) harmonised 
grouping features from more than two geographically distant inver-
tebrate trait databases, for a limited set of grouping features (eight) 
and taxa (112), in a study on the influence of decreasing glacier cover 
on the functional diversity of invertebrate assemblages.

A third challenge to comparing across invertebrate trait data-
bases is inconsistent coding of trait data (Culp et al., 2011). Traits of 
individual freshwater invertebrates can be difficult to quantify be-
cause, unlike plant traits, they often are difficult to measure directly. 
For example, to describe feeding habits requires that we understand 
mouthpart morphology, feeding behaviour, and what is being eaten 
(Moog & Hartmann, 2017). Some traits can be described in categor-
ical terms, which ignores uncertainty in how traits are expressed in 
any particular organism (e.g., adult terrestrial stage, presence of gills). 
Other traits are better suited to being described as continuous (e.g., 
tolerance of pollution, body size). One approach for dealing with un-
certainty is the use of fuzzy coding, where traits are assigned proba-
bilistic values (Chevenet et al., 1994). Fuzzy codes, which are usually 
converted to proportions, are used to account for plasticity in traits, 
variability in traits within taxonomic groups above the species level, 
and incomplete knowledge. The values derived from the different 
coding approaches represent affinities (also called “affinity scores”) 
that indicate how strongly a taxon expresses a particular trait. The 
use of different types of coding for trait affinities in different da-
tabases limits comparisons. For example, in the study from Brown 
et al. (2018) the authors needed to reclassify trait affinities because 
the individual databases employed different coding approaches (i.e., 
European and New Zealand databases used fuzzy coding whereas 
the North American database used binary coding).

Finally, differences in the taxonomic resolutions (e.g., species, 
genus, or family) used when comparing among trait databases, or 
when linking observed taxonomic data to trait databases, presents 
another challenge (Dolédec et al., 2000; Gayraud et al., 2003). When 
taxonomic composition or data in a trait database are at a more pre-
cise taxonomic level than other trait data (e.g., observations at the 
species level and trait data at the genus level), trait information of the 

less precise taxonomic level is often assigned (e.g. Szöcs et al., 2014; 
Voß & Schäfer, 2017). If trait information is available only at more 
precise taxonomic levels than for taxonomic composition, traits are 
aggregated to a less precise taxonomic level (e.g., Aspin et al., 2019; 
Pilière et al., 2016; Poff et al., 2006; Szöcs et al., 2014). To date, stud-
ies have used different methods of trait aggregation, such as mean 
(Magliozzi et al., 2019), median (Szöcs et al., 2014), or mode (Pilière 
et al., 2016), but studies on how and to what extent different trait 
aggregation methods influence trait-based analyses are missing.

These challenges motivated us to assess the characteristics and 
comparability of different freshwater invertebrate trait databases 
with the goal of facilitating future syntheses. We aimed to identify 
methods of improving the comparability of trait data across data-
bases, despite differences in trait definitions and the taxonomic 
level of data in three ways: (a) by describing inconsistencies in trait 
definitions between trait databases from Europe, North America, 
Australia, and New Zealand; (b) by harmonising trait definitions 
across databases to provide consistent grouping features for com-
parison across geographical locations; and (c) by comparing the in-
fluence of different trait aggregation methods and grouping-feature 
harmonisation on the detection of trait–environment relationships.

2  | METHODS

In order to address our study objectives, we took a multi-prong ap-
proach to describing, combining, and assessing multiple sources of 
freshwater invertebrate data that differed in grouping-feature defi-
nitions and taxonomic resolution. Inconsistencies in trait definitions 
served as a starting point to develop four novel invertebrate trait 
datasets by harmonising seven grouping features present in the ex-
isting trait databases. The harmonised trait datasets were used to 
evaluate the influence of different trait aggregation methods on the 
identification of trait–environment relationships, our third study ob-
jective, in two ways: (a) by comparing family-level aggregated trait af-
finities with family-level trait affinities assigned by experts for two of 
the established trait datasets where such data were available; and (b) 
by comparing the influence of phylogenetic structure and trait vari-
ability on the outcomes of the different trait aggregation approaches 
for simulated data. Finally, to further investigate how harmonising and 
aggregating trait data can modify the outcomes of trait–environment 
relationship characterisation, we used data from one of the newly es-
tablished datasets with harmonised and aggregated traits to repeat an 
analysis of salinisation effects on biological traits (Szöcs et al., 2014) 
and compared our results with those of the original study.

2.1 | Selection of traits and harmonisation of 
trait databases

We assessed how six databases differed in how they assigned 
and described traits of freshwater invertebrates. These data-
bases (from Europe, North America, Australia, and New Zealand) 
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differed in how grouping features were defined and the taxonomic 
resolution used to assign traits. For Europe, we obtained trait in-
formation from the freshwaterecology.info database (Schmidt-
Kloiber & Hering, 2015), which assigns traits at the species level, 
and the Tachet database (Usseglio-Polatera et al., 2000a, 2000b), 
which assigns traits at species, genus, and family levels. For North 
America, we obtained trait information primarily from Twardochleb 
et  al.  (2021) (hereafter referred to as the CONUS database) and 
where taxa were missing from that database, we obtained data 
from Vieira et al.  (2006) (hereafter referred to as the Vieira data-
base). Both databases contain taxa at species, genus, and family 
levels. Data on body form for European and North American taxa 
were based on expert knowledge (Usseglio-Polatera,  2020a). For 
Australia and New Zealand, we used trait databases from Kefford 
et al. (2020) (hereafter referred to as the Australian database) and 
Philips and Smith (2018) (hereafter referred to as the New Zealand 
database). These databases assigned traits at species, genus, fam-
ily, and coarser taxonomic levels.

We established four datasets, one for each of the four geo-
graphical regions, by harmonising the traits of seven grouping fea-
tures from the trait databases. We selected grouping features that 
are commonly applied in trait-based ecological studies and describe 
different aspects of the biology of a species: life history (voltinism), 
morphology (body form, size), physiology (feeding mode, respiration), 
mobility (locomotion), and reproduction (oviposition). A criterion for 
trait selection was that the traits occurred in all databases, to allow 
for an analysis of potential differences in trait definitions and of the 
influence of grouping-feature harmonisation on trait–environment 
relationships. Thus, we only used biological traits –– traits describing 
survival ability in an environment (Violle et al., 2007) –– and omitted 
ecological traits that describe habitat preferences (e.g., temperature 
preference) because these traits are missing in the New Zealand trait 
database.

Grouping features were classified differently across the data-
bases, so we harmonised seven grouping features that collectively 
included 26 traits (Table  1). To do so, we normalised trait affinity 
scores and combined similar traits into one trait (e.g., crawlers and 
sprawlers into crawlers) by summing for each taxon for the new com-
bined trait the affinity scores of those originally assigned. If similar 
traits from multiple databases were combined (e.g., in the Australian 
trait database) we assigned the highest affinity score. Next, we se-
lected taxa for inclusion in our datasets and normalised the trait 
affinity scores for each taxon again. We first omitted all taxa with 
a lower taxonomic precision than family level and consolidated du-
plicate taxa that appeared within a database, by either applying the 
median for fuzzy coded traits, or the maximum for binary traits. We 
then used either fuzzy coding or, when unavailable, binary coding 
to create the final harmonised datasets. Fuzzy codes are reported 
with different ranges in the trait databases (e.g., freshwaterecology.
info: 0–10, Tachet database: 0–3 or 0–5). We normalised these to a 
range between 0 and 1 and converted trait affinities to proportions. 
In cases where binary coding was needed, we converted categorical 
and continuous traits into binary traits with values of 1 and 0, which, 

therefore, had the same range as fuzzy coded traits. For example, in 
the freshwaterecology.info database, voltinism traits are associated 
with different faunistic regions, and we substituted a value of 1 for 
entries such as “arctic” or “boreal”. We assumed that values of 1 and 
0 for binary traits corresponded to the highest and lowest affinity 
for a particular trait.

2.2 | Comparing trait aggregation methods

In order to compare the effects of different aggregation methods on 
trait–environment relationship inferences, we aggregated the traits 
of two of the harmonised datasets to the family level. We used three 
different aggregation approaches: 

1.	 Direct aggregation of taxa to family level, in which we aggre-
gated either trait affinities by the median or mean for species 
and genera within a family, giving equal weight to every taxon. 
We denote these aggregation methods as direct_aggmedian and 
direct_aggmean, respectively.

2.	 Stepwise aggregation, first to the genus level and subsequently 
to the family level with either the median or mean. This approach 
gives equal weights to each genus. Hereafter, we denote this 
aggregation type as stepwise_aggmedian or stepwise_aggmean, 
respectively.

3.	 Aggregation using a weighted mean approach, denoted as 
weighted_agg. This method weights each genus according to its 
number of species in the trait datasets, regardless of whether in-
formation was available for every used grouping feature (Figure 1).
When we refer to direct_aggmean, stepwise_aggmean, and 

weighted_agg together, we denote these methods as mean aggre-
gation methods, and when we refer to direct_aggmedian and step-
wise_aggmedian together, we denote these methods as median 
aggregation methods.

2.2.1 | Comparison of family-level aggregated traits 
with family-level assigned traits

In order to evaluate the effect of the five trait aggregation meth-
ods (direct_aggmedian, direct_aggmean, stepwise_aggmedian, step-
wise_aggmean, weighted_agg) on the assignment of trait affinity 
scores, we compared our aggregated affinities with trait affini-
ties assigned at the family level by experts. Expert-assigned trait 
data were available for a subset of grouping features and taxa for 
Australia (Chessman, 2018) and North America (CONUS database), 
so we conducted this comparison for these two datasets only. For 
the Australian dataset, we used the grouping features feeding mode 
(all traits listed in Table 1 except parasite) and size (220 families × 8 
family–trait combinations  =  1,760 comparisons). For the North 
American dataset, we used the grouping features feeding mode, 
respiration, size, voltinism, and locomotion (94 families × 17 family–
trait combinations = 1,598 comparisons). Assigned traits from North 
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America were on a categorical scale, and we converted them to bi-
nary before comparing them with aggregated trait affinities. Size is a 
continuous variable in the Australian database, so we converted size 
into three traits (small, medium, and large) each with a binary coding. 
Because trait affinities ranged from 0 to 1, the maximum difference 
possible in trait affinity was 1 to −1, both of which correspond to 
100%. For convenience and to improve interpretation, we calculated 

absolute values of the trait differences (e.g. a difference of −1 was 
converted to 1).

Furthermore, we examined the influence of phylogeny and trait 
variability on the outcomes of the different trait aggregation meth-
ods by simulating families with different phylogenetic structures and 
different levels of trait variability. The simulation showed that both 
phylogenetic structure and trait variability can affect aggregated 

Grouping feature Trait Combined traits

Voltinism Semivoltine <1 generation per year

Univoltine 1 generation per year

Bi/multivoltine >1 generation per year

Body form Cylindrical Cylindrical, tubular

Flattened Flattened, dorsoventrally flatteneda

Spherical Spherical, round (humped)

Streamlined Streamlined, fusiform

Size Small <9 mm, <10 mmb

Medium 9–16 mm, 10–20 mm

Large >16 mm, >20 mm

Respiration Gills Tracheal gills, gills

Plastron/spiracle Temporary air store, spiracular gills, 
atmospheric breathers, plant 
breathers, functional spiracles, air 
(plants), aerial, plastron/spiracle

Tegument Cutaneous, tegument

Locomotion Burrower Interstitial, boring, burrowing

Crawler Sprawler, walking, climber, clinger, crawler

Sessile Attached, sessile

Swimmer Skating, diving, planktonic, swimming

Feeding mode Filterer Active/passive filterer, absorber, filter-
feeder, collector-filterer, filterer

Gatherer Deposit-feeder, collector-gatherer, 
detrivore, gatherer

Herbivore Grazer, scraper, piercer herbivore, 
herbivore, algal piercer, piercer 
(plants)c

Parasite  

Predator Piercer (animals),c predator

Shredder Miner, xylophagus, shredder, shredder 
detrivore

Oviposition Aquatic eggs Eggs attached to substrate/plants/stones, 
free/fixed eggs/clutches

Ovoviviparity

Terrestrial eggs Terrestrial clutches, terrestrial

NB The last column indicates traits that were combined for harmonisation (no combining needed if 
empty).
aThe trait “bluff (blocky)” occurred in the Vieira database and was newly classified by expert 
knowledge into cylindrical and flattened (Usseglio-Polatera, 2020a).
bReflects the different size classifications by the Vieira and CONUS databases from the other trait 
databases.
cThe trait “piercer” was defined in the Tachet database for piercing plants and animals, in contrast 
to the other databases (Usseglio-Polatera et al., 2000a, 2000b). Taxa exhibiting this trait have been 
assigned to predators or herbivores based on expert knowledge (Usseglio-Polatera, 2020b).

TA B L E  1   Traits of harmonised 
grouping features from six invertebrate 
trait databases and four geographical 
regions
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trait affinities, but mostly only to a small degree. As expected, the 
range of trait affinities increased with higher trait variability for all 
trait aggregation methods. We provide details of the simulation and 
the results in the Appendix S1.

2.3 | Effects of harmonisation and trait aggregation 
on inferences regarding trait–environment 
relationships

In order to further evaluate the effects of grouping-feature harmoni-
sation and trait aggregation on characterisation of trait–environment 
relationships, we repeated the analysis of Szöcs et al.  (2014), who 
studied the effects of anthropogenic salinisation on invertebrates in 
the River Werra in Germany. The River Werra has been subject to ef-
fluents from the potash industry since the mid- 20th Century, which 
makes it a useful system for studying the responses of invertebrates 
and their trait compositions to salinisation (Bäthe & Coring, 2011). 
Szöcs et al. (2014) used redundancy analysis (RDA) to compare trait 

compositions among sites downstream and upstream to the salt 
discharge. Details about the original study can be found in Szöcs 
et al. (2014).

We re-analysed the Szöcs et al. (2014) data by performing a RDA 
with a mixture of harmonised grouping features from the dataset for 
Europe and non-harmonised grouping features, and with traits that we 
aggregated to family level with the five aggregation methods described 
above. We used all 21 grouping features from the original study, but 
replaced six with harmonised grouping features from the established 
European trait dataset, namely size, feeding mode, locomotion, ovi-
position, respiration, and voltinism. We compared the results of the 
original study's RDA with the results of the RDA from the harmonised 
grouping features. Specifically, trait composition, expressed as com-
munity weighted mean (CWM) traits, was ordinated along an electrical 
conductivity gradient. We compared the species scores obtained from 
the RDA (i.e., the coordinates of the tips of the vectors representing the 
CWM traits in the bi- or triplots). Following the original study, we used 
the Mahalanobis distance measure and identified traits associated 
with higher or lower salinity based on their distance to the ordination 

F I G U R E  1   Data processing steps of 
the selected traits. Intermediate (grey) and 
main (orange) steps of data preparation 
are depicted. The dashed bottom box 
illustrates the different trait aggregation 
methods (hypothetical data in the upper 
left corner). The aggregation methods 
(purple) and intermediate steps of the 
aggregation methods (pink) are displayed. 
EU, Europe; NOA, North America; AUS, 
Australia; NZ, New Zealand
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axis median. We considered CWM traits with a Mahalanobis distance 
greater than the 97.5%-quantile of the Chi-square distribution (5.02) 
to have responded to either lower or higher salinity. In addition, to test 
for the effect of different aggregation methods on inferences about 
CWM trait–salinisation relationships, we repeated the RDA five times, 
each with family-level aggregated trait values assigned to correspond-
ing taxa from Szöcs et al. (2014). We used the RDA approach for con-
sistency with Szöcs et al. (2014), even though it is under debate (see 
Miller et al., 2019; Peres-Neto et al., 2017).

Finally, we assessed how functional diversity (FD) changed when 
harmonised and aggregated trait data are used. Harmonisation of 
grouping features reduces the number of traits per grouping feature 
and thus likely influences FD metrics, for example for the freshwater-
ecology.info database, 10 feeding mode traits were combined to six 
traits. We calculated functional richness (FRic), functional evenness 
(FEve), and functional divergence (FDiv) following Villéger et al. (2008) 
with the traits from Szöcs et al. (2014), harmonised grouping features 
from the European trait dataset, and with family-level aggregated 
trait values. For FEve and FDiv invertebrate abundance data were 
used from Szöcs et al. (2014). To account for temporal autocorrelation 
(sampling was done over a time period of three years), we partialled 
out the effect of year from all datasets. The datasets were compared 
through regression with the coefficient of determination (R2).

2.4 | Software used in data analyses

All data processing, RDA analyses, and FD analysis were carried out 
using R v3.6.1 (R Core Team, 2020). RDA was computed using the 
vegan package (Oksanen et  al.,  2019) and FD metrics were calcu-
lated with the FD package (Laliberté et al., 2014).

3  | RESULTS

3.1 | Harmonised trait datasets

3.1.1 | Taxonomic coverage of the harmonised 
trait datasets

The harmonised European, North American, Australian, and New 
Zealand trait datasets differed in terms of their taxonomic cover-
age. The European trait dataset had the largest taxon pool with 

4,601 taxa (Table 2) followed by the North American dataset (3,753 
taxa), the Australian dataset (1,402 taxa), and the New Zealand data-
set with the smallest taxon pool (478 taxa). The European, North 
American, and New Zealand datasets contained the most taxa at 
the species level, whereas the Australian dataset comprised a similar 
number of taxa at species and genus level.

3.1.2 | Completeness of trait information

The numbers of entries with available information for the selected 
grouping features varied considerably within the harmonised 
European, North American, and Australian datasets (Table  3). By 
contrast, the New Zealand dataset contained complete trait infor-
mation for most of the investigated grouping features (94%–100%).

3.1.3 | Inconsistencies in invertebrate trait 
definitions across databases

Definitions of grouping features and traits varied in their level of 
detail in the six trait databases. The freshwaterecology.info, Tachet, 
and CONUS databases provided more detailed descriptions of trait 
information than those in the Vieira and New Zealand databases. 
The Australian trait database (Kefford et al., 2020) was a collection 
of seven specific trait datasets; thus, grouping features occurred 
multiple times with varying differentiation into traits. Depending on 
the dataset, trait information was described with more or less detail.

The definitions of grouping features also varied across databases 
in their differentiation into traits and in their focus, both of which 
can lead to inconsistencies in trait definitions (see Tables 4 and S1 
for a summary of inconsistencies in trait definitions). Varying levels 
of differentiation among the trait databases were present in all in-
vestigated grouping features (Tables 4, 5, and S1).

For example, for the grouping feature feeding mode, incon-
sistencies arose because traits were assigned in different ways. 
The Tachet database defined predators as carvers, engulfers, and 
swallowers. By contrast, the CONUS database defined predators 
as engulfers and carnivorous piercers. In turn, the Tachet database 
defined piercers as a separate trait encompassing both herbivorous 
and carnivorous piercers. Furthermore, the feeding mode in the 
freshwaterecology.info database was described primarily in terms 
of type of food (except for filterers), whereas the other databases 

Dataset
Taxa 
(no.)

Aquatic insects 
(no.) Species Genus Family

EUR 4,601 3,942 (86) 3,739 (81) 704 (15) 158 (3)

NA 3,753 3,305 (88) 2,414 (64) 1,163 (31) 176 (5)

AUS 1,402 1,016 (72) 564 (40) 578 (41) 260 (19)

NZ 478 443 (93) 404 (85) 47 (10) 27 (6)

NB Numbers in parentheses show rounded relative frequencies as percentages.
Abbreviations: AUS, Australia; EUR, Europe; NOA, North America; NZ, New Zealand.

TA B L E  2   Number (no.) of taxa per 
harmonised dataset and per taxonomic 
level
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described feeding mode in terms of strategies of food acquisi-
tion. For example, the freshwaterecology.info database defined 
predator as “eating from prey”, and the other databases used the 
mouthpart morphology as the basis for their definitions. The Tachet 
database captured the food source in a separate grouping feature. 
Locomotion definitions also differed in focus among databases. The 
New Zealand and freshwaterecology.info databases described lo-
comotion as an organism's way of movement, the Tachet database 
as substrate relation and locomotion, the Vieira database as how 
organisms deal with flow, the Australia database as attachment, 
and the CONUS database as not only the method of movement, but 
also the location of movement. Likewise, databases differed in the 
way they characterise reproduction traits. In the freshwaterecol-
ogy.info and Tachet databases, reproduction was captured in one 
grouping feature and was defined as location of oviposit clutches 
and mode of reproduction. The Vieira database provided informa-
tion on the oviposition location but not on reproductive behaviour. 
The Australian database reported grouping features for reproduc-
tive behaviour but also on oviposition location separately. The New 
Zealand database distinguished three grouping features related to 
reproduction: reproductive technique, oviposition location (e.g., 
water surface, terrestrial), and egg/egg mass (e.g., free, cemented).

Trait affinity scores also varied among the databases and were 
described by varying coding methods (e.g., binary, fuzzy, continuous). 
In the freshwaterecology.info and Australian databases a combina-
tion of coding methods was used, whereas in the Tachet and New 
Zealand databases exclusively fuzzy coding was used. The Vieira and 
CONUS databases contained categorical grouping features that can 
be converted into binary trait affinities (Table 5).

3.2 | Comparing aggregation methods

3.2.1 | Comparison of family-level aggregated traits 
with family-level assigned traits

The comparison of family-level aggregated trait affinities with those 
assigned by experts for the Australian and North American databases 
showed that aggregation method (median or mean) had a greater ef-
fect than the overall approach (direct, stepwise, or weighted by the 
number of species) in whether trait affinities differed from those as-
signed by experts.

The percentage of differing cases of aggregated versus assigned 
trait affinities varied by method between 16.7% and 23.4% for the 
Australian dataset, and between 15.6% and 44.9% for the North 
American dataset (Table 6). In general, median aggregation methods 
yielded fewer cases with differences compared with mean aggrega-
tion methods. However, median aggregation methods produced, on 
average, greater absolute differences for both datasets. The SDs of 
absolute differences were similar for all tested aggregation meth-
ods. Maximum differences of 1 (i.e., the maximum possible differ-
ence) occurred for all investigated grouping features in both datasets 
(Figure 2).

3.3 | Effects of harmonisation and trait aggregation 
on inferences regarding trait–environment 
relationships

Our re-analysis of the Szöcs et al. (2014) study on the effects of sa-
linisation on invertebrate traits showed that the use of harmonised 
and aggregated trait data may be useful for ecological studies on 
trait–environment relationships. Overall, harmonised trait data and 
all aggregation methods produced similar distributions of RDA spe-
cies scores (Figure 3) compared with the original analysis, and they 
resulted in similar, but fewer, traits that distinguished upstream and 
downstream sites than the original analysis (Figures 3 and 4).

RDA using harmonised, but not aggregated, grouping features 
identified some –– but not all –– of the same traits that were iden-
tified by the original analysis (Figures 3 and 4). The original RDA in 
Szöcs et  al.  (2014) indicated that downstream sites (higher salin-
ity) were characterised by the traits ovoviviparity, multivoltinism, 
shredder, long life-cycle duration (>1  year), and gill respiration, 
whereas RDA with the harmonised data identified the first three 
traits but did not include long life-cycle duration (>1  year) or gill 
respiration traits. The original RDA indicated that upstream sites 
(lower salinity) were characterised by the traits univoltinism, ovipo-
sition in clutches, and short life-cycle duration (<1 year), whereas 
RDA with the harmonised data characterised upstream sites by uni-
voltine taxa that lay their eggs in an aquatic environment (aquatic 
eggs). This difference in the oviposition trait is not substantial be-
cause the trait aquatic eggs of the harmonised grouping feature ovi-
position was derived by combining the trait oviposition in clutches 
and other related traits (Table 1).

TA B L E  3   Rounded percentages of entries that include information for the individual grouping features shown per trait dataset

Dataset
Body 
form Oviposition Voltinism Locomotion Size Respiration

Feeding 
mode

EUR 8 15 23 36 11 57 76

NA 28 13 47 52 73 44 63

AUS 4 46 49 39 75 68 99

NZ 100 94 100 99 100 100 99

Abbreviations: AUS, Australia; EUR, Europe; NA, North America; NZ, New Zealand.
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RDA based on harmonised traits that were aggregated to fam-
ily level also produced results similar to the original analysis but 
with fewer traits distinguishing upstream and downstream sites 
(Figures  3 and 4). The direct_aggmean, stepwise_aggmean, and 
weighted_agg characterised the downstream sites with the same 
traits as the original analysis except the trait life-cycle duration 
>1 year. As for the RDA with harmonised but not aggregated data, 
RDA with the five aggregation methods characterised upstream 
sites by the traits univoltinism and aquatic eggs. The direct_aggme-
dian and stepwise_aggmedian methods produced the same results 
as the harmonised but not aggregated data. Thus, compared with 
the original study's findings, aggregating by the mean and weighted 
methods yielded less change than the aggregation with the me-
dian in interpretation of the RDA results. Given the criticism of 
approaches relying on CWM traits we also applied fourth corner 
analysis with the original, harmonised, and aggregated trait data-
sets to detect relationships between traits and conductivity (see 
methods and results in the Appendix S1).

The calculation of FD metrics for the original, harmonised (not 
aggregated), and aggregated datasets suggested that harmonising 
trait data preserves FRic and FDiv values, whereas aggregated trait 
data only preserved FRic values. The FRic and FDiv values calculated 
from harmonised trait data correlated highly to FRic and FDiv values 
from the original dataset (R2 = 0.96 and 0.88, respectively). FRic and 
FDiv calculated for aggregated trait data showed moderate to high 
correlations to the FRic and FDiv values calculated with the original 
dataset (FRic: 0.78 ≤ R2 ≤ 0.85, FDiv: 0.49 ≤ R2 ≤ 0.6; Figures S8 and 
S9). By contrast, FEve values calculated with harmonised and aggre-
gated trait data were unrelated to the FEve values calculated with 
the original dataset (all R2 ≤ 0.05).

4  | DISCUSSION

Freshwater invertebrate trait databases are a valuable source of data 
that are freely available to researchers and that can offer opportunities 
for large-scale, cross-regional study of a variety of ecological questions. 
However, a lack of consistency among regional and continent-wide 
databases in trait definitions, trait affinity coding, and taxonomic reso-
lution can greatly limit the use of combined databases. We explored 
the effects of harmonising grouping features and aggregating trait af-
finities at different taxonomic levels from databases from four differ-
ent continents on the outcomes of trait affinities and on analysis of 
trait–environment relationships. We found that despite inconsistencies 
in trait definitions and taxonomic resolution across databases, harmo-
nised and aggregated data generally were effective in identifying trait–
environmental relationships, as shown by the similarity of results from 
RDA and observational data. Future multi-regional ecological studies 
may benefit from the use of existing databases and our study provides 
insight into methods for harmonising traits when trait definitions dif-
fer and for selecting aggregation methods that minimize either cases 
or ranges of differences in trait affinity scores when aggregating from 
higher to lower taxonomic precision.TA
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4.1 | Harmonising trait databases

Synthesising trait information from multiple trait databases is cru-
cial for developing the full potential of trait-based approaches, 
such as for studying community trait responses to environmental 
gradients across geographic regions. Others have noted the lack 
of standardised trait terminology in freshwater ecology (Baird 
et al., 2011; Van den Brink et al., 2011), but in this study we show 
for the first time the inconsistencies that exist across some com-
monly used grouping features. Furthermore, we offer insight into 
the need for, and process of, harmonising invertebrate trait in-
formation from trait databases of different regions. Some of the 
challenges we found were that grouping features were resolved 
differently into traits in different databases and that various cod-
ings (fuzzy, categorical, binary) were used to describe traits. In 
addition, the same traits sometimes were defined differently, re-
quiring expert knowledge to reclassify them (e.g., the trait piercer). 
Missing information was another challenge; we aimed to use most 
of the available invertebrate trait information for different regions 
to establish harmonised grouping feature datasets, but the availa-
bility of trait information varied strongly across grouping features 
and databases. For instance, extensive information was available 
for grouping features that often are used in trait–environment 
studies, such as feeding mode and respiration, but there was sur-
prisingly little information on body form, a trait that is relatively 
easy to characterise.

In order to resolve inconsistencies in trait definitions and facili-
tate data synthesis in the future, standards are needed for trait ter-
minology. Harmonised definitions and concepts of traits have been 
developed in the past for other organism groups, such as for plants 
with the Thesaurus of Plant Characteristics (TOP) initiative (Garnier 
et al., 2017). The core of this harmonisation initiative is to provide 
standardised trait definitions and to draw connections to synonyms, 
related terms, and surrounding concepts by linking to other con-
trolled vocabularies or ontologies in the field. Such initiatives should 
encourage freshwater ecologists to establish unambiguous termi-
nologies for invertebrate traits. The existing freshwater invertebrate 
trait databases could be linked through standardised terminologies 
or ontologies, as suggested by Baird et al.  (2011). By following the 
recently proposed Ecological Trait-data Standard Vocabulary (ETS), 
providers of invertebrate trait data could connect their traits to such 
ontologies (Schneider et  al., 2019). Once standardised trait defini-
tions are established, they will improve trait data sharing, trait data 
processing when working with multiple trait databases, and, ulti-
mately, interpretation of the derived results.

4.2 | Trait aggregation method choice

The taxonomic resolution used to describe the occurrence and 
abundance of freshwater invertebrates can be highly variable be-
cause species-level identifications require specialists and also 
are often time-consuming and expensive (Marshall et  al.,  2006; TA
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TA B L E  6   Percentage of differing cases, minimum, maximum, mean, and SD of absolute differences between trait affinities assigned at 
the family level by experts and aggregated trait affinities from five different aggregation methods for all compared grouping features

Data origin
Comparison to traits at 
family level

Differing cases 
[%]

Min. 
differences

Max. 
differences

Mean abs. 
differences

SD abs. 
differences

AUS direct_aggmedian 16.65 0.01 1.00 0.45 0.27

direct_aggmean 23.35 0.01 0.98 0.33 0.23

stepwise_aggmedian 18.01 0.01 1.00 0.41 0.26

stepwise_aggmean 23.35 <0.01 0.99 0.33 0.22

weighted_agg 23.35 <0.01 1.00 0.34 0.24

NA direct_aggmedian 15.58 0.25 1.00 0.68 0.27

direct_aggmean 44.87 <0.01 1.00 0.31 0.26

stepwise_aggmedian 18.71 0.12 1.00 0.60 0.29

stepwise_aggmean 44.87 <0.01 1.00 0.31 0.27

weighted_agg 44.87 <0.01 1.00 0.31 0.28

Abbreviations: abs., absolute; AUS, Australia; Max., Maximum; Min., Minimum; NA, North America.

F I G U R E  2   Cases (factor combination of investigated families and traits) where differences occurred between aggregated traits and 
expert assigned traits at the family level for the Australian and North American datasets. Violin plots –– mirrored density plots –– show 
the density of the absolute trait affinity differences for the grouping features feeding mode and body size. Results for the North American 
dataset for the grouping features locomotion, respiration, and voltinism are shown in Figure S1. Absolute differences in trait affinities are 
depicted as grey dots. n denotes the number of cases per comparison where differences occurred. The blue dot indicates the mean of 
absolute differences, and the error bars show the SD. The grey vertical lines show the 25th, 50th and 75th quantiles of the density estimate. 
AUS, Australia; NA, North America
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Resh, 2008). Consequently, trait information at the family level has 
been widely used by freshwater ecologists, for example in bioassess-
ment (Beketov et al., 2009). However, traits assigned at the family 
level may not reflect the full trait diversity that exists within, for 
example, large, ecologically diverse families such as Chironomidae 
(Serra et  al.,  2016). In addition, various trait aggregation methods 
have been used by researchers to compare trait profiles based on 
different taxonomic levels. Evaluation of the differences between 
aggregated and assigned traits is difficult because it remains unclear 
what the true value of a particular trait is for a particular family. 
Aggregation of trait values always represents a loss of information. 
Especially for traits with high variability or if trait information at the 
species level is missing, a single aggregated family-level trait value 
implies a precision that is not necessarily present. Indeed, some 
traits can vary strongly at more resolved taxonomic levels than that 
of the family. For example, Monaghan and Soares (2013) found high 
intra-family trait dispersion in the Tachet database for traits within 
the grouping features body size, flow preference, and reproduction. 
Furthermore, studies focusing on the lability of traits (i.e., how much 
traits are constrained by phylogeny) found that traits of ecological 
preferences (e.g., thermal preference), body size, resistance forms, 
and, to a lesser extent, feeding mode are labile, and possibly highly 
variable as a result (Poff et al., 2006; Wilkes et al., 2020).

If trait aggregation is necessary, however, our study offers in-
sights about the circumstances under which the choice of aggre-
gation method may be important. The five aggregation methods 

that we tested used either the mean or the median and different 
weightings to assign family-level affinities. Our results indicated that 
for both the Australian and North American datasets (a) the median 
aggregation methods provided affinities that often were closer to 
the assigned traits than those provided by the mean aggregation 
methods, and (b) the different weighting approaches exerted only 
a minor influence on the aggregated trait affinities. However, when 
differences occurred between median aggregation methods and 
assigned traits, these differences were greater in absolute value 
compared with the mean aggregation methods, particularly for the 
North American dataset where mean absolute differences for me-
dian aggregations were twice as high as for mean aggregations. This 
pattern of greater differences for median than mean aggregations is 
probably caused by the use of binary coding in the North American 
trait dataset and by the assigned traits. Binary coded traits have 
affinities of either 1 or 0; therefore, traits of a particular grouping 
feature showed, in most cases, a higher difference in trait affinities 
to each other than if they were fuzzy-coded. Median-aggregated 
binary-coded taxa often resulted in a value of 0 or 1, whereas mean 
aggregation often yielded values between 0 and 1. Thus, using the 
median resulted in the North American dataset either to agreement 
with the assigned traits or to more substantial differences compared 
to the use of mean aggregation methods. This pattern inherent in 
using median-aggregation methods to aggregate binary-coded data 
should be considered when researchers choose methods to resolve 
affinities at different taxonomic levels.

F I G U R E  3   Species scores obtained by RDA from the original analysis (Szöcs et al., 2014), using harmonised grouping features, and 
using harmonised grouping features with traits aggregated to family level with five different aggregation methods. The dots represent the 
individual species scores for each analysed trait along the conductivity axis. The violin plot shows the density estimate of the species scores. 
Grey vertical lines indicate the median of the obtained species scores
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4.3 | Using harmonised and aggregated datasets for 
ecological research

By reanalysing trait–environment relationships identified in Szöcs 
et al. (2014) with our harmonised and family-level aggregated datasets, 
we illustrated the potential for the use of harmonised and aggregated 
data in ecological research. As far as we are aware, ours is the first 
study to compare inferences regarding trait–environment relationships 
based on harmonised and non-harmonised data. Our re-analysis of 
the data on salinisation effects on biological traits yielded only slightly 
different results compared with the original study, which agrees with 
previous findings that family-level traits can be sufficiently sensitive to 
detect environmental impacts (Beketov et al., 2009). However, some 
of the traits that had responded in the original analysis did not respond 

in the re-analysis, specifically gill respiration and life-cycle duration 
traits. A reason for this discrepancy is that the non-responsive traits 
were close to the threshold that we chose for association with either 
higher or lower salinity, and hence the loss of precision during trait 
harmonisation may have decreased our ability to detect a difference 
for these traits. Given this result, we suggest that if harmonisation is 
necessary, harmonised and non-harmonised data, if available, should 
be compared, and possible averaging effects should be considered in 
further analyses. However, our results also illustrate that where site-
level data are not available, harmonised and aggregated datasets may 
be useful in identifying at least the strongest associations between 
traits and environmental conditions.

FD analysis quantifies the variability of traits that influence 
ecosystem functions. We found that harmonised trait data were 

F I G U R E  4   RDA of traits constrained by electric conductivity for harmonised but not aggregated data, data aggregated with stepwise_agg 
median (largest difference in terms of responsive traits to salinity to the original study), data aggregated with direct_agg mean (smallest 
difference in terms of responsive traits to salinity to the original study), and the original study. Boxplots are shown of the site scores along 
the conductivity axis. The rug on the right side of each plot indicates species scores of the traits on the conductivity axis. Only traits with 
a Mahalanobis distance >97.5% quantile of the 2 distribution (5.02) were labelled. For better comparability, species scores of the original 
analysis were multiplied by −1. Results for the other aggregated methods are shown in Figure S7. lcd, life-cycle duration; nr.cy, potential 
number of cycles per year
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well-suited for calculating FRic and FDiv values, and that aggre-
gated trait data were well-suited for calculating FRic values. By 
contrast, the use of harmonised and aggregated trait data yielded 
completely different FEve values than with the trait data from Szöcs 
et al. (2014). FRic represents the trait space spanned by the commu-
nity (also termed the convex hull volume) and is only dependent on 
the trait data used. Our results show that harmonisation preserved 
the trait space and that aggregation only slightly changed the trait 
space. FDiv, which describes how abundances are distributed within 
the volume of the trait space, was preserved by harmonised trait 
data and to a lesser extent by aggregated trait data. FEve describes 
how regular the trait space is filled by taxa. We found that harmon-
ised and aggregated trait changed the evenness of the abundance 
distribution in the trait space, which is likely because during the cal-
culation of FEve only the nearest neighbours in the trait space are 
considered. This leads to the undesirable property that even small 
community changes result in large changes in FEve (Botta-Dukát & 
Czúcz, 2016).

4.4 | Outlook

Comprehensive freshwater invertebrate trait databases have been 
developed for several regions in the past, yet data synthesis presents 
challenges because of inconsistencies in trait definitions, coding of 
trait affinities, and taxonomic resolution. By providing an overview 
of inconsistencies in definitions, we have set a starting point for the 
development of standardised trait definitions through which inver-
tebrate trait databases can be linked. Agreement on standard trait 
definitions and the subsequent development of ontologies are the 
next steps to facilitate trait-based analysis at large geographical 
scales. As our analysis showed, some grouping features might need 
to be re-classified to fit into such a controlled vocabulary. Although 
we showed that trait affinities from fuzzy and binary coding can be 
used together, we also recommend that a uniform coding of traits 
should be addressed during trait standardisation.

As ecological knowledge increases in the future, and with the 
help of new methods such as computer vision for species and trait 
identification (Høye et al., 2020), more observed taxa will be iden-
tified to the species level and more trait data will be available at the 
species level, reducing the need for trait aggregation. However, we 
showed that trait aggregation often is in agreement with expert 
assignments, especially through aggregation approaches that use 
the median. Based on this analysis, we cannot claim that a spe-
cific aggregation method is objectively the best, and except for 
cases where traits are highly variable and phylogenetic structure is 
highly uneven, the choice of aggregation method does not appear 
to be influential to the outcome. Weighting trait information based 
on the taxa present in the database used does not seem to have 
much influence except when the phylogenetic structure is highly 
uneven. However, we recommend that the type of coding used 
to describe traits (binary, fuzzy) should be considered, because 
median and mean aggregations can yield very different results 

for binary-coded traits. We also suggest that a measure of trait 
dispersion should be reported to indicate the uncertainty of the 
aggregated estimate. Use of carefully harmonised and integrated 
trait data as described here should enhance our ability to study a 
wide range of large-scale ecological questions with greater rigour 
than currently exists.
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