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Abstract Genome- wide association studies have advanced our understanding of complex traits, 
but studying how a GWAS variant can affect a specific trait in the human population remains chal-
lenging due to environmental variability. Drosophila melanogaster is in this regard an excellent 
model organism for studying the relationship between genetic and phenotypic variation due to 
its simple handling, standardized growth conditions, low cost, and short lifespan. The Drosophila 
Genetic Reference Panel (DGRP) in particular has been a valuable tool for studying complex traits, 
but proper harmonization and indexing of DGRP phenotyping data is necessary to fully capitalize 
on this resource. To address this, we created a web tool called DGRPool (dgrpool.epfl.ch), which 
aggregates phenotyping data of 1034 phenotypes across 135 DGRP studies in a common environ-
ment. DGRPool enables users to download data and run various tools such as genome- wide (GWAS) 
and phenome- wide (PheWAS) association studies. As a proof- of- concept, DGRPool was used to 
study the longevity phenotype and uncovered both established and unexpected correlations with 
other phenotypes such as locomotor activity, starvation resistance, desiccation survival, and oxida-
tive stress resistance. DGRPool has the potential to facilitate new genetic and molecular insights of 
complex traits in Drosophila and serve as a valuable, interactive tool for the scientific community.

eLife Assessment
Genetic analysis of complex traits in Drosophila provides a resource for exploring the relationship 
between genetic and phenotypic variation. The web tool DGRPool presented in this paper makes 
data and results from the Drosophila Genetic Reference Panel accessible that will enable down-
stream analyses of genetic association. The findings of this paper are considered to be important, 
with practical implications beyond a single subfield, supported by convincing evidence using appro-
priate and validated methodology in line with current state of the art.

Introduction
Drosophila melanogaster is an excellent model organism for studying genotype- to- phenotype rela-
tionships. It is a short- living species and is very easy to maintain in similar laboratory conditions, 
which limits confounding factors such as the environment. The Drosophila Genetic Reference Panel 
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(DGRP) was created in the early 2010s and now consists of 205 inbred lines that are fully sequenced, 
of which 192 are still available in the Bloomington Drosophila Stock Center (https://bdsc.indiana. 
edu/; Mackay, 2012; Huang et al., 2014). The DGRP has proven highly valuable to study the genetic 
basis of complex traits, as illustrated by the many studies that have used GWAS principles to identify 
variants that contribute to traits related to morphology, metabolism, behavior, aging, disease suscep-
tibility etc. (Figure 1A). Furthermore, since the DGRP lines were inbred for many generations, they are 
almost fully homozygous, which simplifies the identification of putatively causal alleles and elucidation 
of implicated molecular mechanisms (Bou Sleiman et al., 2015). Moreover, the fact that the same 
lines can be studied by various researchers for diverse traits should leverage these data generation 
efforts to uncover unexpected correlations between phenotypes or relationships between genetic 
variants and a wide range of traits.

However, there is currently only one major data resource that aims to compile DGRP information, 
the DGRP2 website (http://dgrp2.gnets.ncsu.edu/; Mackay, 2012; Huang et al., 2014). This website 
hosts the genotyping data, its annotation, and potential known covariates (well- established inversion 
genotypes and symbiont levels), as well as 31 phenotypes from 12 studies (Table  1). The data is 
primarily hosted as static files, downloadable from the website, along with limited RNA expression 
data. In addition, a very important tool, used by the DGRP community, is the possibility for any user 
to submit their own phenotype files for running a GWAS analysis (corrected for the so- called ‘known 
covariates’, i.e. established inversions and Wolbachia infection status). This is particularly useful, espe-
cially for researchers that do not have the bioinformatics knowledge or capacity to perform these 
tasks internally. However, the DGRP2 website has not been updated for an extended period as the last 
referenced paper dates back to 2015, and, except for the GWAS computation, has remained static. 
This means that any meta- study, which would aim to aggregate datasets across available phenotypes, 
would require hours (if not days) of work to transform the data into an appropriate and common 
format. Moreover, the result of such effort would unlikely become available to the rest of the commu-
nity, and thus any other group would need to redo this work in order to gather similar information, 
while the data of other phenotyping studies beyond the 12 available would not be easily accessible.

For all these reasons, we decided to create a web application that would both act as a repository 
of DGRP phenotyping datasets and also as an online tool for assisting researchers with some basic 
systems genetics- inspired analyses. Our goal was to index all existing literature about DGRP pheno-
typing data —where possible— in order for users to quickly search through the website using simple 
keywords. We manually associated each study with broad and tailored categories such as ‘ageing’, 
‘metabolism’, or ‘olfactory’. We specifically spent important time curating the datasets to avoid any 
errors or misrepresentations of datasets. To avoid the ‘maintenance issue’ that is common to online 
tools, and keep the data up to date, we implemented specific curators’ tools, to help maintain the 
web application in the future. These tools allow any user to submit a novel dataset, which is then 
attributed to a curator, in order to manually format and validate all phenotyping data and metadata 
associated with the study. Importantly, any user can become a curator, as advertised on the main page 
of the resource, since we strongly believe that such a community- run resource architecture is most 
optimal to keep a web tool state- of- the- art and allow crowd- based curation work (Gramates et al., 
2022).

In addition, we set out to build important tools for the DGRP community such that DGRPool would 
not only be a static repository for downloading phenotyping data but could also be used as an inter-
active data analysis tool. For example, users can correlate phenotypes together, from the same study 
or across studies. We also implemented an automated GWAS analysis (using PLINK2, and known 
covariates) which we pre- calculated on all the phenotyping data that are currently available. Using 
this data, users can simply browse through their genes or variants of interest and directly find related 
phenotypes. A PheWAS page also allows exploration of each variant’s impact across multiple pheno-
types. Moreover, these tools are applicable to user- submitted phenotypes, so that anyone can upload 
their own phenotypes to search the DGRPool database for correlated phenotypes or to run GWAS 
analyses.

Our goal is to ensure that DGRP phenotyping data is findable, accessible, interoperable, and reus-
able (FAIR) (Wilkinson et al., 2016) to fully leverage the opportunities that stem from this unique 
genotyping- phenotyping resource. To this end, we made user access our priority, both for removing 
the bottleneck of data harmonization, and also to allow for better, more reproducible research. This 
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Figure 1. General content of the DGRPool web tool. (A) Pubmed search on ‘Drosophila DGRP’ terms unveiled 155 results from 2012–2024 (search 
made in July 2024). (B) Sex of the DGRP lines used across all 135 studies (left) and 43 curated studies (right), for each phenotype. (C) Number of studies 
per phenotype category. Studies can be assigned to multiple categories. (D) Number of phenotypes per study and per sex. Studies without attached 
phenotypes were not plotted. Of note, a given phenotype can be measured for different sexes and thus counted multiple times.

Figure 1 continued on next page

https://doi.org/10.7554/eLife.88981
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aligns with the harmonization effort undertaken by other human GWAS/PheWAS resources, such as 
the GWAS Catalog (Sollis et al., 2023), Open Targets Genetics (Ghoussaini et al., 2021), MR- base 
(Hemani et al., 2018), and the FinnGen portal (Kurki et al., 2023), which provide extensive examples 
of effective data use and accessibility. Although the structure of DGRPool differs from these human 

The online version of this article includes the following figure supplement(s) for figure 1:

Figure supplement 1. Screenshot from the curator’s view for a given study - Metadata section.

Figure supplement 2. Number of phenotypes per study.

Figure supplement 3. Screenshot from the curator’s view for a given study - Phenotype section.

Figure 1 continued

Table 1. Comparison of the two currently available web portals organizing DGRP phenotyping data.
This table compares different features available in DGRPool, with DGRP2 being the main current 
resource for DGRP data. DGRPool separates the features into (1) Data, which summarizes the 
available phenotyping data, (2) Tools, which lists the available tools and options, mainly GWAS, 
PheWAS and phenotype correlation, (3) Web, which describes the website itself, and (4) Additional 
features that are available in DGRPool, such as the curation system, the possibility to publish new 
studies and the interactive plots. Of note, the 838 phenotypes are counted regardless of the linked 
sex (M, F and/or NA), while the ‘sex- specific’ value is calculated by counting the same phenotype 
separately for each available sex.

DGRPool DGRP2

REFERENCE This study

Mackay, 
2012; Huang 
et al., 2014

DATA

DGRP lines 342 205

DGRP studies 135 (43 fully curated) 12

Phenotypes 1034 (840 unique) 31

Gene Expression data External links ✓

TOOLS

GWAS

Calculated on all 
phenotypes ✓

User upload ✓ ✓

Method Plink2 FastLMM

Covariates Wolbachia + 5 Insertions
Wolbachia + 
5 Insertions

Boxplot of REF vs 
ALT ✓

PheWAS of top 
variants ✓

Phenotype 
correlation

Calculated on all 
phenotypes ✓

User upload ✓

WEB
URL https://dgrpool.epfl.ch/

http://dgrp2.
gnets.ncsu.
edu/

Backend Ruby- on- rails+PostgreSQL NA

Frontend Javascript, Plotly NA

FEAT.

Curation system & tools ✓

Publish new studies ✓

Interactive plots ✓

https://doi.org/10.7554/eLife.88981
https://dgrpool.epfl.ch/
http://dgrp2.gnets.ncsu.edu/
http://dgrp2.gnets.ncsu.edu/
http://dgrp2.gnets.ncsu.edu/
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databases, we acknowledge the importance of similar meta- data harmonization guidelines. Inspired 
by the GWAS Catalog’s summary statistics submission guidelines, we propose submission guidelines 
for DGRP phenotyping data in this paper.

To showcase the potential of our tool in facilitating new biological discoveries, we conducted 
a proof- of- concept study focusing on the longevity phenotype, a well- studied trait in Drosophila 
research with clear relevance to human longevity (Piper and Partridge, 2018). By leveraging the data 
harmonization and curation efforts in DGRPool, we identified multiple phenotypes that are signifi-
cantly associated with longevity across 18 different studies, such as oxidative stress resistance (Finkel 
and Holbrook, 2000), sleep duration (Bushey et  al., 2010; Thompson et  al., 2020), desiccation 
survival (Rion and Kawecki, 2007; Hoffmann and Harshman, 1999), and starvation resistance (Rion 
and Kawecki, 2007; Chippindale et al., 1996; Jang and Lee, 2015). Interestingly, we also observed 
phenotype- phenotype correlations between ‘shorter lifespan’ and certain phenotypes, such as loco-
motor activity (Magwere et al., 2006) and food intake (Lee et al., 2008; Piper and Partridge, 2007). 
These results validate prior knowledge and illustrate how our tool can provide novel biological insights 
with just a few clicks. Therefore, we firmly believe that tools such as DGRPool —which ultimately could 
become entirely community- driven— are essential not only for catalyzing novel research, but also for 
leveraging the diversity and richness of existing datasets.

Results
A thousand phenotypes across 135 studies
To start our data collection, we searched for DGRP studies that reference any phenotyping data and, 
in parallel, implemented diverse tools to automatically aggregate these data and their associated 
metadata from the journals hosting the datasets. However, we quickly realized that it was difficult to 
automate the entire process. Specifically, the import of phenotyping data proved challenging since 
(i) datasets tended to be hosted in very different formats such as Excel files or PDF, (ii) data was 
stored within the journal’s supplementary section, or in external repositories such as Figshare; and 
(iii) the format of the phenotyping data differed from one publication to another. Because of these 
challenges, we implemented a curation page to manually review, edit, and correct datasets that were 
automatically aggregated, aiming to prevent errors in the imported datasets. In addition, this allows 
the curator to add relevant remarks or comments on the study under review, thus providing enhanced 
context for future analyses of these datasets.

In line with the community- resourcing philosophy of DGRPool, we created a specific ‘curator’ role 
that any logged- in user can claim, again with the underlying rationale of assuring long- term sustain-
ability of our web application. With this role, the user has access to additional functionalities on the 
DGRPool website, including the modification of any metadata attached to a study (title, authors, 
description, categories), and the submission or modification of attached phenotypes (Figure  1—
figure supplement 1). Although this may entail a considerable amount of time, we assert that this 
approach is the most effective means of furnishing high- quality data. Consistent with this philosophy, 
we have incorporated a functionality on the homepage which empowers any user to submit a DOI as 
a recommendation for a study that could be absent from the DGRPool repository. If the DOI is not in 
the database, it triggers the same automated scripts that were originally used to incorporate the 135 
studies. The corresponding study is then created on DGRPool, and its metadata (authors, links, …) are 
automatically imported. Once a study has been created, one of three possible labels can be assigned 
to describe the state of curation of a study: (1) Submitted (default), when no curator is yet assigned to 
the study, (2) Under curation, when a curator is assigned, and (3) Curated when all phenotyping data 
and metadata have been curated, and the study received final approval by the curator. At this time, 
DGRPool hosts 135 studies, including 43 that have already been fully curated, 80 still under curation, 
and 12 under a submitted status (i.e. the DOI was submitted by users as a relevant DGRP study not 
yet present in the database). In total, 75 studies have attached phenotyping data; 100% of the curated 
ones, and only 40% of the non- curated ones. Altogether, the total number of studies in DGRPool is 
currently 135, and we expect that this number will continue to grow upon its public release, along with 
the number of curated studies.

Since the curation process is still ongoing, we will be referring to two different datasets in the 
manuscript: (1) The full dataset, comprising 135 studies (independent of ‘curation’ status), and (2) the 

https://doi.org/10.7554/eLife.88981
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curated dataset, comprising 43 studies that have already underwent thorough curation and contrib-
uted about 505 phenotypes (see below). Of note, for all tools available on the website, it is possible 
to run these on either all studies or (as is currently the default), only on the curated studies.

For all of the curated studies, we carefully separated the data by sex when information on sex- 
specific phenotypes was available, or we assigned it as NA when flies were sex- mixed, when there 
was no information on sex, or when the phenotype is inherent to a population (e.g. in the case of 
non- sexual chromosomal traits, like inversions). We also extracted this information from the pheno-
typing data itself for the non- curated studies, when available, but when not findable, it was set to NA, 
waiting for a more in- depth curation and careful reading of the paper’s method section. Therefore, 
across all 135 studies, this led to an overall equilibrium between all represented sexes, with slightly 
more data for females and slightly less unannotated data (Figure 1B). However, when focusing only 
on the 43 curated datasets, the proportion of phenotypes without assigned sex (NA) dropped drasti-
cally to ~15%. This effect highlights the importance of rigorous curation, which typically requires the 
curator to read through the entire manuscript to understand the utilized experimental protocols to 
select the appropriate sex, even if this information is not explicitly indicated in the phenotyping data 
itself.

Upon data curation, the assigned curator(s) has to specify a few phenotypic categories for each 
study, for example, ‘Metabolism’, ‘Nutrition’, or ‘Ageing’ (Figure  1C). Since these categories are 
browsable, it facilitates searching for a set of specific studies or linking the studies together. Interest-
ingly, the top annotated categories are either ‘Behaviour’, ‘Life History Traits’, or ‘Resistance’, which 
is consistent with historical behavioral and immune studies conducted for Drosophila as a model 
organism (Arch et al., 2022; Dissel, 2020; Flatt, 2020; Harnish et al., 2021; O’Kane, 2011). The 
number of phenotypes per study ranges from 1 to 89 (Figure 1D, Figure 1—figure supplement 2), 
with a median of 5, and a mean of 11, revealing that, while a low number of phenotypes (usually less 
than 10) tends to be the norm, some studies aggregate lots of (often similar) phenotypes. An example 
of the latter is Chaston et al., 2016 which investigated the impact of microbiota on nutritional traits. 
The authors studied 76 different microbial taxa, whose effect was quantified independently, gener-
ating a high number of phenotypes. Similarly, Dembeck et al., 2015 studied cuticular hydrocarbon 
composition, considering 66 different cuticular components, while Vonesch et  al., 2016 studied 
organismal size traits, regrouping 28 morphological phenotypes such as wing length or intraocular 
distance. In total, the 43 curated studies aggregate 316 M+220 F+133 NA=669 sex- specific pheno-
types, for a total of 505 unique phenotypes (~60%), while the remaining non- curated studies provide 
another 60  M+37  F+268  NA=365 sex- specific phenotypes, for a total of 333 unique phenotypes 
(~40%).

Harmonization and formatting of phenotyping data
DGRP phenotyping data are often available as a supplemental data table, published along with the 
main paper on the journal’s website. Such data can also be stored on external websites such as 
Figshare and, as already indicated, the corresponding file can be in varying formats (i.e. Excel, text, or 
PDF), so it is challenging to entirely automate extraction algorithms. Usually, the data are presented 
in the form of a matrix, with DGRP lines in rows and phenotypes in columns. But sometimes, they can 
be in a more ‘exotic’ format (Hope et al., 2019), requiring a hands- on approach to format it appropri-
ately. Also, the provided phenotyping data are often not sufficiently self- informative and thus require 
in- depth reading of the original manuscript to grasp abbreviations or identify the correct measure-
ment units. These are important, in particular, to assure reproducibility, but especially when aggre-
gating multiple studies together such that the scale of the values is similar. In DGRPool, we therefore 
created a common matrix format to represent all studies, and we implemented a ‘Unit’ metadata for 
each phenotype. Then, for each study, we mapped all phenotypes to their appropriate format and 
units (Figure 1—figure supplement 3). This part is fully accessible to the curator, who can update or 
add any phenotype that would be missing, with their corresponding units and meta- data description.

Another issue that we faced is that phenotypes are often averaged across multiple individual flies 
and that the authors only provide these ‘Summary datasets’. This can be problematic in terms of 
reproducibility, since some figures may show boxplots or distributions of values for each DGRP line, 
but these plots are not reproducible when only summary data is available (i.e. means or medians). 
Fortunately, some studies do provide ‘raw datasets’ which contain multiple phenotypic values per 

https://doi.org/10.7554/eLife.88981
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DGRP line, often corresponding to replicate flies of the same genotype. These values tend to be of 
much greater interest since they enable statistical analyses and/or the computation of further summary 
statistics (not only mean or median, but also the standard error of means or other often non- provided 
summary values).

Finally, for some studies, phenotyping data were not or no longer available from the journal’s 
website (Battlay et al., 2016; Durham et al., 2014; Najarro et al., 2017), which is often the jour-
nal’s responsibility. However, in all cases, we were able to contact the authors directly to recover the 
missing datasets.

To avoid such issues in the future, we have formulated a couple of good practice guidelines for 
authors to facilitate and improve upon our and future datasets with the aim of enabling harmonized 
and reproducible research. These guidelines are detailed in the Discussion section of this manuscript. 
All curated datasets in DGRPool are formatted following these guidelines (where possible), and 
phenotypes can now be easily downloaded in a standard TSV format from a particular study, or from 
a phenotype page.

How to leverage these datasets by correlating phenotypes
Our formatting and harmonizing of all datasets now enable interesting cross- phenotype analyses to 
generate new biological insights. One strategy to perform such analyses is to download a summary 
table that contains all the phenotypes in a common format and that is available from DGRPool’s front 
page. However, we deemed this still insufficient as a catalyzing resource, which is why we imple-
mented tools to correlate existing and user- submitted phenotypes with all the other phenotypes in 
DGRPool (Figure 2—figure supplement 1).

To better understand the structure of these phenotypes, and how they relate together, we also 
computed a global visualization of the phenotype correlations across all curated studies (Figure 2A, 
Figure 2—figure supplement 2). Of note, by ‘phenotype correlations’, we mean direct phenotype- 
phenotype correlations, that is, a straightforward Spearman’s correlation of two phenotypes between 
common DRGP lines, and we repeated this process for each pair of phenotypes. This revealed a clear 
trend, with phenotypes belonging to the same study (within- study) correlating in general stronger 
than those from different studies (Figure 2B, Figure 2—figure supplement 3). This is expected since 
a given study will typically contain phenotypes that have been acquired for a given research topic, 
thus they will share similarities. Another potential factor that could explain this similarity is the well- 
known ‘batch effect’. Indeed, phenotypes acquired in the same environment (same lab, technician, 
reagents etc.) may sometimes show greater similarity than those acquired across different labs and 
conditions (Ackermann, 2001). The longevity phenotype however, assessed in at least six of the 
studies in DGRPool (Durham et al., 2014; Arya et al., 2010; Huang et al., 2020; Ivanov et al., 2015; 
Zhao et al., 2022; Hoffman et al., 2021) across different laboratories, illustrates that phenotype and 
its measurements not only exhibits strong correlation across sexes (Figure 2C), but are also sufficiently 
robust between laboratories (Figure 2D). This example illustrates both the high robustness of results 
acquired in the context of DGRP studies (stable genotype, stable environment) and the robustness of 
the phenotype itself, which highlights its potential high heritability.

Cross-study correlations highlight phenotype relationships
Figure  2A also highlights interesting cross- study correlations. For example, we can see a strong 
correlation between Vonesch et al., 2016 and Grubbs et al., 2013 which is perhaps expected since 
both studies examine fly morphology traits. The first one measures different organismal size traits such 
as eye interocular distance, or wing length, while the second studies leg and antenna development 
from imaginal discs, resulting in measuring phenotypes such as leg and bone length (Figure 3A). 
Similarly, three studies: Mackay, 2012, Richardson et al., 2012, and Huang et al., 2014 are expect-
edly correlated since all three investigate the influence of the Wolbachia endosymbiont. Another 
interesting correlation is between Chow et al., 2013 and Durham et al., 2014 which both studied 
fecundity and yield a cross- study correlation between remating proportion Chow et  al., 2013 vs. 
mean fecundity Durham et al., 2014; Figure 3B. While potentially conceptually obvious, this correla-
tion suggests that females that are more likely to mate with multiple males tend to also produce a 
greater number of eggs.

https://doi.org/10.7554/eLife.88981
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Figure 2. Within- and cross- study phenotype correlations. (A) Spearman’s correlation of all phenotypes available in the 43 curated studies. Of note, 
we separately computed the phenotype correlations when data per sex were available (M, F, or NA), and we restricted the computation to quantitative 
(non- categorical) phenotypes. Phenotypes are grouped by study (colored box at the bottom of the plot). (B) Absolute value of the Spearman’s 
correlation of pairs of phenotypes that originated from the same study (within- study) and those that originated from two different studies (cross- study). 
Of note, displayed values are median. Mean values are 0.099 for cross- study, and 0.259 for within- study. Again, we restricted the calculation to the 43 

Figure 2 continued on next page
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These examples were all generated using the DGRPool phenotype correlation tool, supporting 
our notion that it can leverage cross- study comparisons of multiple phenotypes to unveil potentially 
new interesting phenotype interaction/associations. As a further proof of concept and given soci-
ety’s strong interest in defining ‘healthy aging’ determinants (Friedman, 2020), we continued inves-
tigating the ‘mean longevity’ phenotype from Arya et al., 2010 and we studied the 33 phenotypes 
that were significantly correlated with it at 5% FDR threshold (Figure 3C). The hierarchical clustering 
clearly separated the phenotypes into three clusters: longevity- like phenotypes (strongly correlated 
together), other longevity- associated phenotypes (correlated with longevity), and phenotypes that 
seem antagonistic to longevity (anti- correlated phenotypes). Among the phenotypes that positively 
correlated with longevity, some may be expected such as starvation resistance (Rion and Kawecki, 
2007; Chippindale et al., 1996; Jang and Lee, 2015) and oxidative stress resistance (Finkel and 
Holbrook, 2000) but some are less intuitive such as desiccation survival (Rion and Kawecki, 2007; 
Hoffmann and Harshman, 1999), and certain cuticular components of the epicuticle (Wang et al., 
2022). We further investigated the results for an alternative Pearson’s correlation test, at 25% FDR 
threshold (Figure 3—figure supplement 1), and recapitulated most of these findings, with the addi-
tion of sleep duration (Bushey et al., 2010; Thompson et al., 2020), whose relationship to longevity 
is complex and still not fully understood (Watson et al., 2015). Although we cannot exclude spurious 
correlations, some of these more surprising correlations appear biologically highly interesting, illus-
trating the capacity of DGRPool to unveil new research avenues that seem worth exploring in greater 
molecular detail. Also of interest is the group of often unexpected phenotypes that significantly 
anti- correlates with longevity. These include locomotor activity (Magwere et al., 2006), and some 
other cuticular components of the epicuticle (Nghiem et  al., 2000), suggesting that higher loco-
motor activity is linked to reduced longevity. At 25% FDR (Figure 3—figure supplement 1), we can 
also see an anti- correlation with food intake (Lee et al., 2008; Piper and Partridge, 2007), which 
potentially recapitulates previous results stating that limiting food intake increases organismal lifespan 
(McCracken et al., 2020). Whether these are direct or indirect links remains unanswered, but appears 
worthy for a more in- depth scrutiny that is beyond the scope of this paper.

Inversely, our analyses also revealed that some expected phenotype correlations could not be 
detected. For example, in the context of metabolic energy expenditure (Chatterjee and Perrimon, 
2021), it might seem intuitive that higher activity (Harbison et al., 2013) would lead to greater food 
intake (Garlapow et  al., 2015). However, we did not observe such a correlation. Similarly, higher 
activity levels may reflect increased mating behaviour (Chow et  al., 2013), but this was also not 
observed. These are just a few examples of several cases where expected correlations did not mate-
rialize, collectively signifying that the genetic architecture underlying such traits appears inherently 
complex.

These proof- of- concept examples demonstrate in our opinion the utility of the DGRP lines and 
by extension DGRPool to serve as powerful tools that will facilitate the identification of non- intuitive 
phenotype correlations and their underlying molecular basis as well as the discovery of putative geno-
type to phenotype relationships, as detailed below.

From phenotypes to associated genotypes
The goal of most DGRP phenotyping studies is to eventually be able to link the phenotypes to poten-
tially causal variants or sets of variants (Mackay and Huang, 2018). In response, tools like DGRP2 
GWAS http://dgrp2.gnets.ncsu.edu/; Mackay, 2012; Huang et al., 2014 have been put in place to 
accommodate geno- phenotype relationship analyses.

curated studies. (C) Correlation of two longevity phenotypes from the same study (Arya et al., 2010), revealing a strong correlation between Female 
(F) and Male (M) longevity. (D) Correlation of two phenotypes from different studies: mean lifespan (Durham et al., 2014) and mean longevity (Arya 
et al., 2010). Of note, both the C and D plots were generated using the ‘phenotype correlation’ tool in DGRPool.

The online version of this article includes the following figure supplement(s) for figure 2:

Figure supplement 1. Screenshot from the phenotype correlation tool result page.

Figure supplement 2. Spearman’s correlation of all phenotypes available in the 43 curated studies.

Figure supplement 3. Comparison of correlation within and cross- study.

Figure 2 continued
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Figure 3. Phenotype correlations contribute new biological insights. (A) Correlation of mean femur length Grubbs et al., 2013 vs. mean head width 
Vonesch et al., 2016 showing the significant cross- study association of organismal size traits. (B) Correlation of remating proportion Chow et al., 2013 
vs. mean fecundity Durham et al., 2014. (C) 33 phenotypes correlated with longevity Arya et al., 2010 at a 5% FDR threshold (Spearman’s correlation), 
revealing three main groups of phenotypes: lifespan phenotypes (middle rows), other correlated phenotypes (bottom rows) and anti- correlated 
phenotypes (top rows). Of note, both the A and B plots were generated using the ‘phenotype correlation’ tool in DGRPool.

The online version of this article includes the following figure supplement(s) for figure 3:

Figure supplement 1. Phenotype correlations contribute new biological insights.

https://doi.org/10.7554/eLife.88981
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With the goal of providing an integrative analytical environment, we therefore also implemented 
GWAS tools within DGRPool (https://dgrpool.epfl.ch/check_pheno), aiming to assist researchers with 
performing GWAS analyses and interpreting the respective output. Specifically, we precalculated 
GWAS analyzes using PLINK2 on every existing phenotype in DGRPool (see Methods), thereby consid-
ering all ~4 M available DGRP variants while correcting for six known covariates (Wolbachia status, 
and five major insertions; Huang et al., 2014). Consequently, users can browse the GWAS results 
from any phenotype page on DGRPool (Figure 4—figure supplement 1). These comprise a QQplot, 
for assessing the validity of the results, or potentially over- estimated p- values, and a Manhattan plot, 
for visualizing the significant loci across the D. melanogaster genome. It also displays a table with 
the top 1000 associated variants and allows the user to download the table of all significant hits, at a 
p- value <0.001 threshold. The tool further runs a gene set enrichment analysis of the results filtered 
at p<0.001 to enrich the associated genes to gene ontology terms, and Flybase phenotypes. We also 
provide an ANOVA and a Kruskal- Wallis test between the phenotype and the six known covariates 
to uncover potential confounder effects (prior correction), which is displayed as a ‘warning’ table to 
inform the user about potential associations of the phenotype and any of the six known covariates. It 
is important to note that these ANOVA and Kruskal tests are conducted for informational purposes 
only, to assess potential associations between well- established inversions or symbiont infection status 
and the phenotype of interest. However, all known covariates are included in the model regardless, 
and PLINK2 will automatically correct for them, irrespective of the results from the ANOVA or Kruskal 
tests.

The interface also allows plotting an independent boxplot for each variant to visualize the effect of 
each allele on the phenotype. Importantly, for each variant, we also implemented a PheWAS button 
to visualize the effect of a particular variant across all existing phenotypes in DGRPool. We also anno-
tated all the variants for impact (non- synonymous effects, stop- codon gain, etc.) and for potential 
regulatory effect (transcription factor binding motif disruption), which should assist researchers with 
prioritizing the variants in terms of potential consequences. For all of these variants, we provide links 
to their description in Flybase (Gramates et al., 2022).

As mentioned, these GWAS results are available for each existing phenotype in DGRPool, directly 
from the phenotype’s page. But users can also submit their own phenotype files (through the ‘Tool’ 
menu in the header) and visualize the same information for their own phenotypes. The GWAS analysis 
runs in the backend and takes about 1–2 min before displaying the results. This is implemented using 
a queuing system which prevents overloading the server in case of a peak of users or requests.

After having run GWAS on all phenotypes in DGRPool, we observed the distribution of the number 
of significant variants per phenotype at p≤1 x 10–5 threshold, which is an often- used arbitrary threshold 
for GWAS analyses in DGRP studies (Figure 4—figure supplement 2). This threshold yields on average 
118 significant hits per tested phenotype, which is skewed due to some phenotypes leveraging lots of 
results (median = 20). Interestingly, from the shape of the distribution, it seems that this threshold may 
not be sufficiently stringent for avoiding some false positives in the results. This may be specific to the 
GWAS parameters we used (--quantile- normalize --variance- standardize), which already 
provide a more stringent list of hits than without normalizing the phenotypes. However, in this config-
uration, the p≤1 x 10–6 threshold appears to be a good alternative for avoiding an excessive number 
of false positives (Figure 4A), as evident from the distribution of GWAS results across different thresh-
olds (Figure 4—figure supplement 2). Another very often used threshold is the Bonferroni one, which 
is much more stringent and varies from p≤1.126 x 10–8 (if considering all 4 M variants) to p≤2.67 x 10–8 
(if removing variants with low MAF or high number of missing values). In our results, the Bonferroni 
threshold (p≤2.67 x 10–8) yielded 20 significant hits on average (median = 0, Figure 4—figure supple-
ment 2) which could be limiting for many studies as it may mask potentially interesting variants that, 
while minimally contributing on an individual basis, may collectively point to implicated pathways or 
biological processes (Uffelmann et al., 2021). Thus, while choosing an optimal threshold is in general 
challenging, our results indicate that any threshold below or equal to 1x10–6 is reasonable given that at 
this threshold, the p- values appear not overestimated. We also verified if any variant is over- selected 
across all phenotypes to uncover a possible bias in our studies (Figure 4B). We found that only three 
loci are clearly overrepresented, corresponding to two studies with many correlated phenotypes 
(Dembeck et al., 2015 and Vonesch et al., 2016; Dembeck et al., 2015; Vonesch et al., 2016). 
Both studies were already prominent in Figure 2A, both in terms of their number of phenotypes and 

https://doi.org/10.7554/eLife.88981
https://dgrpool.epfl.ch/check_pheno
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high correlation. One study comprises 66 cuticular hydrocarbon composition traits (Dembeck et al., 
2015) and the other involves 27 organismal size traits (Vonesch et al., 2016). These results are thus 
expected and do not indicate an overestimation of certain variants.

As a proof- of- concept and a validation of our approach, we compared our results with a randomly 
selected study that identified several variants associated with survival to azinphos- methyl at different 
doses (0.25, 0.5, 1, and 2 µg/ml; Battlay et al., 2016). Of note, this study is available in DGRPool under 
https://dgrpool.epfl.ch/studies/3. In particular, this study showed that survival to azinphos- methyl is 
highly variable among DGRP lines, even at a ‘low‘0.25 µg/ml dose. Importantly, the results of this 
study are reproduced in DGRPool as can be observed on the respective phenotype’s page (https:// 
dgrpool.epfl.ch/phenotypes/20, Figure 4C). For example, DGRPool’s GWAS results are very similar 
to those of the study (https://dgrpool.epfl.ch/phenotypes/20/gwas_analysis, Figure 4D) and show a 
strong association at a 2R locus. Interestingly, the top variant we found, 2R:8072884 (p=1.966 x 10–26), 
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Figure 4. Overview of GWAS results across phenotypes and one case study. (A) Distribution of the number of significant variants after a GWAS, for each 
phenotype available in DGRPool. Of note, all values > 50 have been set to 50, for easier visualization. (B) For each variant, we plotted the number of 
times it was significantly associated with a phenotype (y- axis=number of occurrences). It is worth noting that we chose a Manhattan plot for representing 
this information, but this is not a ‘real’ GWAS Manhattan plot. (C) Case study on survival to azinphos- methyl exposure Battlay et al., 2016, here to a 
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The online version of this article includes the following figure supplement(s) for figure 4:

Figure supplement 1. Screenshot from the GWAS result page.

Figure supplement 2. Distribution of the number of GWAS hits per phenotype depending on the significance threshold.
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a 509 bp insertion polymorphism, is the Accord LTR insertion. It is annotated as located upstream of 
the Cyp6g1 gene and has a high likelihood to be the main causal gene (Daborn et al., 2002; Schmidt 
et al., 2010). As described in the author’s Ph.D. thesis (Battlay, 2019), the minor allele at this variant 
—which corresponds to NOT having the insertion— correctly genotypes eight out of nine susceptible 
DGRP lines that are homozygous for the ancestral Cyp6g1M arrangement at this locus (DGRP lines 
091, 486, 642, 776, 802, 821, 843, 852, and 857). The presence of the Accord LTR insertion is associ-
ated with increased resistance to organophosphates, suggesting that derived alleles of Cyp6g1 confer 
organophosphate resistance in the DGRP (Figure 4E).

These results show that DGRPool is able to accurately reproduce results from existing studies, and 
that new biological findings can be leveraged from its interactive results and plots. Revisiting the same 
organophosphate study (Battlay et al., 2016), the PheWAS page present in the GWAS results shows 
that this top variant is not only significant at other doses, but that it is also significant in the context 
of another study investigating Drosophila microbiota (Chaston et  al., 2016). This could help with 
fine- tuning putative causal variants, but also with uncovering potential associations between certain 
phenotypes that in turn could enable studies aimed at providing underlying genetic and molecular 
mechanisms.

Extreme phenotypes
After having collected and harmonized thousands of DGRP phenotypes, we investigated if we could 
identify outliers amongst DGRP lines that would potentially bias phenotypic associations. Indeed, if 
a particular DGRP line is repeatedly ranked in the extreme of all phenotypes, it could be that there 
are unknown cofactors that make the line ‘weaker’ in general, or inversely. Although it is difficult to 
judge what phenotype is particularly advantageous or disadvantageous due to the presence of poten-
tial trade- offs (Zwaan et al., 1995; Rose and Charlesworth, 1980), we can determine how often a 
DGRP line is in the top or bottom 15% of a given phenotype. By focusing on phenotypes that are 
likely impacting overall viability, we ranked DGRP lines for each associated phenotype. Upon ranking 
the DGRP lines, we calculated whether the rank falls within the top or bottom 15% performers of 
the phenotype. We then assessed for each DGRP line how often they are ‘extreme’ and divided this 
by the total number of phenotypes in which the DGRP line has been included to obtain a ‘fraction 
of extremeness’ (FoE). Finally, we filtered for lines with at least 50 available phenotypic measures to 
ensure that our values were not driven by a low number of observations (Figure 5A). Overall, we 
observed a modest correlation in the FoE across the sexes (Figure 5B, Spearman’s ρ=0.3514, <1.57 x 
10–5). While this suggests that extremeness is a population- wide feature, the correlation is not suffi-
ciently strong to conclude that DGRP lines are generally extreme in both sexes, which may only apply 
to specific lines.

Upon considering individual DGRP lines, we can observe to what extent they are extreme for each 
individual phenotype. In Figure 5C, we show the most extreme and ‘moderate’ (i.e. least distinctive) 
DGRP lines for each sex using an adjusted FoE for plotting purposes in which lower scores represent 
DGRP lines with a high FoE. While females of DGRP_879 and males of DGRP_783 tend to be extreme 
in some cases, for the majority of phenotypes, they are considered moderate. Conversely, females of 
DGRP_757 and males of DGRP_352 are more likely to be labeled as extreme.

These examples only represent extremeness for individual DGRP lines of a given sex, however, 
their counterpart may not be as extreme or moderate. We therefore also looked for DGRP lines 
which can be considered extreme in both females and males and are potentially more extreme on a 
population- wide basis. Figure 5D describes such populations where the overall FoE between males 
and females differed on average at most 0.05. In these cases, DGRP_852 and DGRP_042 are more 
likely to be extreme across sexes, which may be attributed to at least two factors. First, this may indi-
cate that the population is generally not healthy if they consistently display a low lifespan, or second, 
and conversely, well- documented trade- offs of life history traits such as lifespan vs fecundity may be 
strongly at play here. The former does not however seem to be the case, as shown in Figure 5E. 
Both DGRP_852 and DGRP_042 generally display lifespan values around the mean lifespan of all 
DGRP lines, suggesting that they are more likely extreme for other phenotypes and are thus not by 
definition weak lines. However, DGRP_757 and DGRP_765 consistently display lower longevity in 
lifespan studies. These lines may therefore on the one hand be of particular interest for those studying 
life history traits in an evolutionary context, even though we did not observe strong lifespan and 

https://doi.org/10.7554/eLife.88981
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Figure 5. Analysis of extremeness among DGRP lines across 40 phenotypes. (A) Fraction of extremeness of a given DGRP line. DGRP lines are 
assigned as ‘extreme’ in a phenotype when they are in the top or bottom 15% of the phenotypic spectrum. Phenotypes were selected based on the 
curated studies which had the following categories assigned to them: Life history traits, Immunity, Toxicity, Resistance, Fecundity, Aging. DGRP lines 
were included if they had at least 50 phenotypic measures. (B) Scatter plot for the fraction of extremeness of DGRP lines. On the x- axis, the fraction of 

Figure 5 continued on next page
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fecundity trade- offs across our phenotype dataset. On the other hand though, it may be advisable not 
to include DGRP_757 and DGRP_765 when studying the genetic basis of these complex traits as their 
outlier status may not reflect common genetic principles.

In conclusion, this analysis showed that while certain lines exhibit lower longevity or outlier behavior 
for specific traits, we found no evidence of a general pattern of extremeness across all traits. There-
fore, the data do not support the idea of ’super normals' or any other inherently biased lines that could 
significantly affect genetic studies.

Discussion
There are many studies across organisms where collated phenotyping data has led to novel insights 
(Greene et al., 2023; Doust et al., 2022). Even though the Drosophila Genetic Reference Panel was 
formally released more than ten years ago, the resulting phenotype data of over 100 studies has so 
far not been combined into a single accessible resource. We anticipate that providing wider access 
to this data, as driven by FAIR principles (Wilkinson et al., 2016), will therefore facilitate our general 
understanding of the relationship between genotypes and phenotypes.

We have previously shown that using a subset of this resource effectively enabled us to establish a 
relationship between mitochondrial haplotypes and feeding behavior, which we experimentally vali-
dated (Bevers et al., 2019). Next to our own study, other studies have used a similar approach and 
compared their results to already published phenotypes. For example, Wang et al., 2017 studied the 
resistance and tolerance of DGRP flies to the fungal pathogen Metarhizium anisopliae (Ma549) and 
found that the host’s defense to Ma549 is correlated with its defense to the bacterium Pseudomonas 
aeruginosa (Pa14). But they also compared this result to several previously published DGRP pheno-
types including oxidative stress sensitivity (Jordan et al., 2012), aggression (Shorter et al., 2015), 
nutritional scores (Unckless et al., 2015), sleep indices (Harbison et al., 2013), and others. Similarly, 
(Zwarts et al., 2015) studied the size of the cerebral cortex and the mushroom bodies (MB). They 
showed that these phenotypes are correlated with phenotypes from other studies like aggression 
(Zwarts et al., 2011) and sleep (Harbison et al., 2013). Therefore, we believe that DGRPool will 
either aid with validating the findings of a given study (i.e. higher bacterial resistance linked to overall 
resistance phenotypes) or by placing a study’s phenotype data into a wider context (for example, 
linking brain size to behavioral phenotypes).

Moreover, having access to multiple studies studying similar phenotypes can also be of help 
for meta- analyses and increased statistical power. In the case of longevity for example, there are 
multiple studies that aggregated this phenotype, across similar or complementary DGRP lines. 
Therefore, one could conduct a meta- GWAS analysis (Zeggini and Ioannidis, 2009) by leveraging 
the replicates or combining the different lines into a single dataset. This tends to be a challenging 
process given the need for data harmonization and curation, which is exactly what we aimed to 
address by establishing DGRPool. Of course, since similar DGRP lines across laboratories still have 
the same genotype, they should not be treated as biological replicates, but phenotypes could be 
averaged across similar lines, which would reduce hidden covariates such as laboratory adaptation 
or batch effects. Moreover, complementary lines can be used to enhance power and potentially find 

extremeness is plotted for females, whereas males are plotted on the y- axis. (C) Most extreme and moderate DGRP lines per sex. On the x- axis, the 
adjusted fraction of extremeness is provided. Individual fractions of extremeness per phenotype were retrieved for each DGRP line. The fraction was 
adjusted by 1 minus the fraction of extremeness if the fraction of extremeness was above 0.5. Because extremeness can range from 0 to 0.15 or 0.85–1, 
we adjusted the fraction of extremeness for plotting purposes. DGRP lines with a low adjusted fraction of extremeness are therefore more extreme, 
whereas a high adjusted fraction of extremeness is representative of more moderate DGRP lines. (D) Extreme and moderate DGRP line pairings. On the 
x- axis, the adjusted fraction of extremeness is provided. Extreme and moderate line pairings were retrieved by searching for DGRP lines for which the 
fraction of extremeness between females and males was not greater than 0.05 while still having the highest and lowest average fraction of extremeness 
(across sex). (E) Looking at phenotypes from Figure 2D marked as longevity/lifespan, for DGRP lines which are in the top 5 of fraction of extremeness 
for each respective sex, including DGRP_852 and DGRP_042 (red shades) from 5D. We specifically highlight DGRP_757, DGRP_765 in blue shades to 
show that they are across multiple studies in the lower end of the lifespan as is expected given that the lifespan trait is robust across studies. Similarly, 
DGRP_320 shows a trend in which it displays above average lifespan. Other extreme DGRP lines which were in each respective top 5 are displayed in 
gray.

Figure 5 continued
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more small- effect associations. Indeed, researchers are increasingly advocating for collaboration 
and joining efforts to combine resources to enable more accurate, and reproducible results (McCa-
rthy et al., 2008).

We recognize certain limitations of the current web tool, particularly the lack of eQTL or gene 
expression data integration. Properly integrating DGRP GWAS results with gene expression data in 
a fair and robust manner would require uniform processing of multiple public datasets, necessitating 
the cataloging and standardization of all available datasets through a consistent pipeline. Moreover, 
incorporating a ‘cell type’ or ‘tissue’ layer would be essential, as gene expression data from whole flies 
is not directly comparable to data from specific tissues or even specific conditions. Since phenotypes 
are often tissue- dependent, this information is vital. However, implementing these layers presented 
too big of a challenge and was beyond the scope of this paper.

Our data collection and harmonization efforts have already enabled us to conduct some interesting 
cross- study analyses, including an investigation into the presence of biases stemming from outlier 
DGRP lines. Our ‘extremeness’ analysis revealed that caution is warranted when selecting DGRP lines 
for specific studies, because, while some DGRP lines may be situated at the outer edge of the pheno-
typic spectrum by chance, DGRP_757 and DGRP_765 generally display lower lifespans in longevity 
studies. It is important to note that a shorter lifespan does not necessarily imply lower viability, as 
populations can still be propagated healthily. However, a shorter lifespan may also result from an 
impaired development (May et al., 2015) or developmental environment, which may confound the 
study of healthy aging (Iliadi et al., 2012). Consequently, researchers should consider excluding these 
extreme lines from their experimental designs to prevent loss of power or potential covariate biases. 
Furthermore, and beyond our current focus on DGRP lines, we may in the future also consider adding 
standard D. melanogaster lines such as w1118, YWB, YWN or ORB to DGRPool. This is because such 
lines have often been included as controls in DGRP studies (Hoffman et al., 2021), and for most of 
these, genomic information is also available.

Finally, in order to sustain the value of the DGRP as a resource and to promote more findings, we 
provide the following guidelines for future DGRP phenotyping studies:

• When available, report the raw datasets with values per fly. Optionally, but only in addition, the 
summary datasets can be provided, with values averaged across flies.

• Provide the data as a separate Excel or text file (TSV/CSV) in the form of a matrix, with DGRP 
lines in rows and phenotypes in columns. Avoid reporting the values in the form of a PDF or an 
image, because it complicates data extraction afterward.

• Clearly define the abbreviations in the tables and the units used for all phenotypes, so that the 
phenotyping dataset is self- explanatory and does not require an extended search in the main 
manuscript.

• Report all DGRP lines in the first column of the phenotyping file, and the corresponding sex in 
the second column (M, F, or NA), before all phenotypes. Be careful to use the same format for 
all DGRP lines (e.g. DGRP_XXX).

• Pick a common format for all NA values, whether reporting NA, or as an empty cell. But avoid 
mixing different formats.

In conclusion, we propose that DGRPool has two primary purposes within the Drosophila commu-
nity and beyond. First, it can be used to evaluate potential associations between phenotypes and 
contribute to understanding the genetic architecture underlying complex traits. Second, it can serve 
as a catalyst for further research and inform broader validation experiments, as exemplified in our 
previous work (Bevers et al., 2019). In the latter study, the validation of our hypothesis would not 
have been feasible without a harmonized dataset of phenotype data, as the connection between 
mitochondrial haplotypes and food intake would have remained theoretical. To maximize the benefits 
of DGRPool, it should therefore remain subject to all FAIR principles, which unfortunately are still 
too often only implemented in terms of ‘open’ and ‘sharing’. In other words, when large amounts of 
data are made publicly available without systematic curation or homogenization, data interoperability 
and reproducibility can be highly problematic. DGRPool is in this regard a crucial initial step towards 
making DGRP phenotyping data widely accessible and usable for the entire Drosophila research 
community.

https://doi.org/10.7554/eLife.88981
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Methods
Data availability
All phenotyping data aggregated in DGRPool can be downloaded in a common format on each 
phenotype page. In the ‘Download’ section on the front page, we also provide  four. tsv files containing 
(1) All studies and their metadata (authors, citation,...), (2) All phenotypes and their metadata (name, 
description, unit, …), (3) All DGRP lines and their metadata (name, bloomington accession, …), and (4) a 
global file with all numerical phenotypes across all studies, formatted following our recommendations.

We also provide an API for programmatic access to the data hosted on our website. The API is 
described at this page: https://dgrpool.epfl.ch/home/api.

All codes used to produce the figures of this manuscript are available at this GitHub repository: 
https://github.com/DeplanckeLab/DGRPool, copy archived at DeplanckeLab, 2024a. The website 
code is available as a Docker container at this GitHub repository: https://github.com/DeplanckeLab/ 
DGRPool_web, copy archived at DeplanckeLab, 2024b.

Web application
The DGRPool web application is hosted on a virtual machine at EPFL. All compute- intensive calcu-
lations (i.e. GWAS) are performed on an HPC within EPFL and results are then moved to the virtual 
machine’s local storage. The back- end is implemented with Ruby- on- Rails (RoR) 7 and all data is stored 
in a PostgreSQL relational database. The front- end uses different JavaScript libraries and is set to 
enable interactive usage. For instance, the application implements bootstrap tooltips to display HTML 
texts within tooltips,  plotly. js v.2.16.1 to generate the scatter plots, bar plots and box plots, using scat-
tergl, bar and box modes respectively, or Jquery autocomplete for phenotype search combined with a 
SOLR search engine running on the server side (used for the phenotype comparison tool).

Semi-automated referencing of studies and/or phenotypes
To submit a new study, any user can submit a DOI from the front page. Then, all metadata associated 
with this study (authors, journal, date, …) are automatically imported from the Crossref API (Hendricks 
et al., 2020). When the study is created, it acquires the ‘Submitted’ state, and administrators are noti-
fied. Then, a curator is assigned to the study and needs to manually verify all information. A specific 
curator page allows him/her to (1) edit the metadata, (2) edit the categories associated with the study, 
or (3) add/remove/modify the phenotyping data and edit their names/types/units.

Identifiers from GEO (Barrett et al., 2009), ArrayExpress (Brazma et al., 2003), or the Sequence 
Read Archive (SRA) (Kodama et al., 2011) can be associated manually with any study, for example 
for referencing additional gene expression data that would be published along with the phenotyping 
data.

GWAS
GWAS analyses (whether pre- calculated, or using the web tool) were computed using Plink2 v2.00a3LM 
(1 Jul 2021) with these parameters: “--glm hide- covar --quantile- normalize --variance- 
standardize --geno 0.2 –maf 0.01”. It runs on all available variants in the DGRP database which 
is using the dm3 assembly (4,438,427 variants: 3,963,420 SNPs, 293,363 deletions, 169,053 insertions 
and 12,591 MNPs). We corrected the model for six known covariates (Wolbachia status, and five major 
insertions) that were described in Huang et al., 2014 and also used on the DGRP2 website. Of note, 
these known covariates can also be considered as phenotypes, and thus are also available as a sepa-
rate, browsable study on DGRPool (https://dgrpool.epfl.ch/studies/17). For each phenotype, we also 
provide (similar to the DGRP2 website), both a Kruskal- Wallis test and an ANOVA test to inform the 
user about the association between the phenotype and the six known covariates. We also provide the 
results of a Shapiro- Wilk normality test of the phenotype distribution. Of note, the Kruskal- Wallis test 
is used for a single factor (independent variables) at a time, unlike the ANOVA test which is handling 
multiple factors simultaneously (as it is performed in a multifactorial design).

Extremeness
Fraction of extremeness was calculated for each phenotypic spectrum separately by ranking the values 
with ties being assigned the minimum rank. We then calculated a cut- off to assign ranks in the bottom 

https://doi.org/10.7554/eLife.88981
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or upper 15% of a phenotypic range. This rank cut- off was further rounded up to be more inclusive on 
either end (i.e. if the cut- off was 1.2 or 1.8, the cut- off would become 2). Phenotypes equal or lower 
than the cut- off were assigned –1, whereas phenotypes equal to the max rank minus the cutoff or 
higher were assigned 1. Remaining phenotypic values were assigned 0. DGRP lines with phenotypic 
values of either –1 or 1 were then considered extreme for a given phenotype.

To calculate the overall fraction of extremeness for each DGRP line, we counted the number of 
times a DGRP line was assigned –1 or 1 and divided this by the total number of phenotypes available 
for that particular DGRP line. For most of our analyses, we only included DGRP lines for which at least 
50 phenotypes were available unless stated otherwise.

The adjusted fraction of extremeness was calculated by dividing the phenotypic ranking by the 
max rank of a given phenotype. Values were adjusted with 1 minus the value if the value was above 0.5 
(e.g. if x=0.91, the adjusted value is 1–0.91=0.09). Only adjusted fraction of extremeness values below 
0.15 are therefore considered extreme. As no rounding was performed in this case, it is possible for 
DGRPs to be assigned –1 and labeled as extreme, even though the DGRP line may have a value of 
0.167. Further analysis shows that this 'violation' only takes place for 1.1% (417 out 36,753) of the 
observations. At a per DGRP view, this would amount to less than 1 per 50 phenotypes, the cut- off 
for the number of phenotypes which a line needs to adhere to in order to be included in our analysis.
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studies. tsv’ file, which is downloadable from the front page of DGRPool. It contains all studies and 
publication references used in the online tool and in this manuscript.

•  MDAR checklist 

Data availability
All phenotyping data aggregated in DGRPool can be downloaded in a common format on each 
phenotype page. In the 'Download' section on the front page, we also provide four .tsv files containing 
(1) All studies and their metadata (authors, citation, ...), (2) All phenotypes and their metadata (name, 
description, unit, ...), (3) All DGRP lines and their metadata (name, bloomington accession, ...), and 
(4) a global file with all numerical phenotypes across all studies, formatted following our recommen-
dations. We also provide an API for programmatic access to the data hosted on our website. The API 
is described at this page: https://dgrpool.epfl.ch/home/api. All codes used to produce the figures of 
this manuscript are available at this GitHub repository: https://github.com/DeplanckeLab/DGRPool 
(copy archived at DeplanckeLab, 2024a). The website code is available as a Docker container at 
this GitHub repository: https://github.com/DeplanckeLab/DGRPool_web (copy archived at Deplanck-
eLab, 2024b).

References
Ackermann M. 2001. Effects of assay conditions in life history experiments with Drosophila melanogaster. 

Journal of Evolutionary Biology 14:199–209. DOI: https://doi.org/10.1046/j.1420-9101.2001.00281.x
Arch M, Vidal M, Koiffman R, Melkie ST, Cardona PJ. 2022. Drosophila melanogaster as a model to study innate 

immune memory. Frontiers in Microbiology 13:991678. DOI: https://doi.org/10.3389/fmicb.2022.991678, 
PMID: 36338030

Arya GH, Weber AL, Wang P, Magwire MM, Negron YLS, Mackay TFC, Anholt RRH. 2010. Natural variation, 
functional pleiotropy and transcriptional contexts of odorant binding protein genes in Drosophila 
melanogaster. Genetics 186:1475–1485. DOI: https://doi.org/10.1534/genetics.110.123166, PMID: 20870963

Barrett T, Troup DB, Wilhite SE, Ledoux P, Rudnev D, Evangelista C, Kim IF, Soboleva A, Tomashevsky M, 
Marshall KA, Phillippy KH, Sherman PM, Muertter RN, Edgar R. 2009. NCBI GEO: archive for high- throughput 
functional genomic data. Nucleic Acids Research 37:D885–D890. DOI: https://doi.org/10.1093/nar/gkn764, 
PMID: 18940857

Battlay P, Schmidt JM, Fournier- Level A, Robin C. 2016. Genomic and transcriptomic associations identify a new 
insecticide resistance phenotype for the selective sweep at the Cyp6g1 locus of Drosophila melanogaster. G3: 
Genes, Genomes, Genetics 6:2573–2581. DOI: https://doi.org/10.1534/g3.116.031054, PMID: 27317781

Battlay P. 2019. The quantitative genetics of insecticide resistance in Drosophila melanogaster. University of 
Melbourne.

Bevers RPJ, Litovchenko M, Kapopoulou A, Braman VS, Robinson MR, Auwerx J, Hollis B, Deplancke B. 2019. 
Mitochondrial haplotypes affect metabolic phenotypes in the Drosophila genetic reference panel. Nature 
Metabolism 1:1226–1242. DOI: https://doi.org/10.1038/s42255-019-0147-3, PMID: 32694676

Bou Sleiman MS, Osman D, Massouras A, Hoffmann AA, Lemaitre B, Deplancke B. 2015. Genetic, molecular and 
physiological basis of variation in Drosophila gut immunocompetence. Nature Communications 6:7829. DOI: 
https://doi.org/10.1038/ncomms8829, PMID: 26213329

Brazma A, Parkinson H, Sarkans U, Shojatalab M, Vilo J, Abeygunawardena N, Holloway E, Kapushesky M, 
Kemmeren P, Lara GG, Oezcimen A, Rocca- Serra P, Sansone S- A. 2003. ArrayExpress--a public repository for 
microarray gene expression data at the EBI. Nucleic Acids Research 31:68–71. DOI: https://doi.org/10.1093/ 
nar/gkg091, PMID: 12519949

Bushey D, Hughes KA, Tononi G, Cirelli C. 2010. Sleep, aging, and lifespan in Drosophila. BMC Neuroscience 
11:56. DOI: https://doi.org/10.1186/1471-2202-11-56, PMID: 20429945

Chaston JM, Dobson AJ, Newell PD, Douglas AE. 2016. Host genetic control of the microbiota mediates the 
Drosophila nutritional phenotype. Applied and Environmental Microbiology 82:671–679. DOI: https://doi.org/ 
10.1128/AEM.03301-15, PMID: 26567306

Chatterjee N, Perrimon N. 2021. What fuels the fly: energy metabolism in Drosophila and its application to the 
study of obesity and diabetes. Science Advances 7:eabg4336. DOI: https://doi.org/10.1126/sciadv.abg4336, 
PMID: 34108216

Chippindale AK, Chu TJF, Rose MR. 1996. Complex trade- offs and the evolution of starvation resistance in 
Drosophila melanogaster. Evolution; International Journal of Organic Evolution 50:753–766. DOI: https://doi. 
org/10.1111/j.1558-5646.1996.tb03885.x, PMID: 28568920

Chow CY, Wolfner MF, Clark AG. 2013. Large neurological component to genetic differences underlying biased 
sperm use in Drosophila. Genetics 193:177–185. DOI: https://doi.org/10.1534/genetics.112.146357, PMID: 
23105014

Daborn PJ, Yen JL, Bogwitz MR, Le Goff G, Feil E, Jeffers S, Tijet N, Perry T, Heckel D, Batterham P, 
Feyereisen R, Wilson TG, ffrench- Constant RH. 2002. A single P450 allele associated with insecticide resistance 
in Drosophila. Science 297:2253–2256. DOI: https://doi.org/10.1126/science.1074170, PMID: 12351787

https://doi.org/10.7554/eLife.88981
https://dgrpool.epfl.ch/home/api
https://github.com/DeplanckeLab/DGRPool
https://github.com/DeplanckeLab/DGRPool_web
https://doi.org/10.1046/j.1420-9101.2001.00281.x
https://doi.org/10.3389/fmicb.2022.991678
http://www.ncbi.nlm.nih.gov/pubmed/36338030
https://doi.org/10.1534/genetics.110.123166
http://www.ncbi.nlm.nih.gov/pubmed/20870963
https://doi.org/10.1093/nar/gkn764
http://www.ncbi.nlm.nih.gov/pubmed/18940857
https://doi.org/10.1534/g3.116.031054
http://www.ncbi.nlm.nih.gov/pubmed/27317781
https://doi.org/10.1038/s42255-019-0147-3
http://www.ncbi.nlm.nih.gov/pubmed/32694676
https://doi.org/10.1038/ncomms8829
http://www.ncbi.nlm.nih.gov/pubmed/26213329
https://doi.org/10.1093/nar/gkg091
https://doi.org/10.1093/nar/gkg091
http://www.ncbi.nlm.nih.gov/pubmed/12519949
https://doi.org/10.1186/1471-2202-11-56
http://www.ncbi.nlm.nih.gov/pubmed/20429945
https://doi.org/10.1128/AEM.03301-15
https://doi.org/10.1128/AEM.03301-15
http://www.ncbi.nlm.nih.gov/pubmed/26567306
https://doi.org/10.1126/sciadv.abg4336
http://www.ncbi.nlm.nih.gov/pubmed/34108216
https://doi.org/10.1111/j.1558-5646.1996.tb03885.x
https://doi.org/10.1111/j.1558-5646.1996.tb03885.x
http://www.ncbi.nlm.nih.gov/pubmed/28568920
https://doi.org/10.1534/genetics.112.146357
http://www.ncbi.nlm.nih.gov/pubmed/23105014
https://doi.org/10.1126/science.1074170
http://www.ncbi.nlm.nih.gov/pubmed/12351787


 Tools and resources      Computational and Systems Biology | Genetics and Genomics

Gardeux et al. eLife 2023;12:RP88981. DOI: https://doi.org/10.7554/eLife.88981  20 of 22

Dembeck LM, Böröczky K, Huang W, Schal C, Anholt RRH, Mackay TFC. 2015. Genetic architecture of natural 
variation in cuticular hydrocarbon composition in Drosophila melanogaster. eLife 4:e09861. DOI: https://doi. 
org/10.7554/eLife.09861, PMID: 26568309

DeplanckeLab. 2024a. Dgrpool. swh:1:rev:9771aba166d5ca67e7450aa8f30d94cbca813096. Software Heritage. 
https://archive.softwareheritage.org/swh:1:dir:f90764c93258d296eaba4a1d0c0a25b100e037d9;origin=https:// 
github.com/DeplanckeLab/dgrpool;visit=swh:1:snp:acfdd21540b6006486724f6ef4583cf2e01a2c67;anchor= 
swh:1:rev:9771aba166d5ca67e7450aa8f30d94cbca813096

DeplanckeLab. 2024b. Dgrpool_web. swh:1:rev:4e3e40a46cc349baded2fe12fb4d58a6fd292d19. Software 
Heritage. https://archive.softwareheritage.org/swh:1:dir:a3179cc56dd78f76e420eea61c8fd02f22fb41f6;origin= 
https://github.com/DeplanckeLab/dgrpool_web;visit=swh:1:snp:b9488253a8099778bfac58321a38f25d 
cbf0a295;anchor=swh:1:rev:4e3e40a46cc349baded2fe12fb4d58a6fd292d19

Dissel S. 2020. Drosophila as a model to study the relationship between sleep, plasticity, and memory. Frontiers 
in Physiology 11:533. DOI: https://doi.org/10.3389/fphys.2020.00533, PMID: 32547415

Doust C, Fontanillas P, Eising E, Gordon SD, Wang Z, Alagöz G, Molz B, 23andMe Research Team, Quantitative 
Trait Working Group of the GenLang Consortium, Pourcain BS, Francks C, Marioni RE, Zhao J, Paracchini S, 
Talcott JB, Monaco AP, Stein JF, Gruen JR, Olson RK, Willcutt EG, et al. 2022. Discovery of 42 genome- wide 
significant loci associated with dyslexia. Nature Genetics 54:1621–1629. DOI: https://doi.org/10.1038/
s41588- 022-01192-y, PMID: 36266505

Durham MF, Magwire MM, Stone EA, Leips J. 2014. Genome- wide analysis in Drosophila reveals age- specific 
effects of SNPs on fitness traits. Nature Communications 5:4338. DOI: https://doi.org/10.1038/ncomms5338, 
PMID: 25000897

Finkel T, Holbrook NJ. 2000. Oxidants, oxidative stress and the biology of ageing. Nature 408:239–247. DOI: 
https://doi.org/10.1038/35041687, PMID: 11089981

Flatt T. 2020. Life- history evolution and the genetics of fitness components in Drosophila melanogaster. Genetics 
214:3–48. DOI: https://doi.org/10.1534/genetics.119.300160

Friedman SM. 2020. Lifestyle (Medicine) and healthy aging. Clinics in Geriatric Medicine 36:645–653. DOI: 
https://doi.org/10.1016/j.cger.2020.06.007, PMID: 33010900

Garlapow ME, Huang W, Yarboro MT, Peterson KR, Mackay TFC. 2015. Quantitative genetics of food intake in 
Drosophila melanogaster. PLOS ONE 10:e0138129. DOI: https://doi.org/10.1371/journal.pone.0138129, 
PMID: 26375667

Ghoussaini M, Mountjoy E, Carmona M, Peat G, Schmidt EM, Hercules A, Fumis L, Miranda A, Carvalho- Silva D, 
Buniello A, Burdett T, Hayhurst J, Baker J, Ferrer J, Gonzalez- Uriarte A, Jupp S, Karim MA, Koscielny G, 
Machlitt- Northen S, Malangone C, et al. 2021. Open targets genetics: systematic identification of trait- 
associated genes using large- scale genetics and functional genomics. Nucleic Acids Research 49:D1311–
D1320. DOI: https://doi.org/10.1093/nar/gkaa840, PMID: 33045747

Gramates LS, Agapite J, Attrill H, Calvi BR, Crosby MA, Dos Santos G, Goodman JL, Goutte- Gattat D, 
Jenkins VK, Kaufman T, Larkin A, Matthews BB, Millburn G, Strelets VB, the FlyBase Consortium. 2022. FlyBase: 
a guided tour of highlighted features. Genetics 220:iyac035. DOI: https://doi.org/10.1093/genetics/iyac035, 
PMID: 35266522

Greene D, Genomics England Research Consortium, Pirri D, Frudd K, Sackey E, Al- Owain M, Giese APJ, 
Ramzan K, Riaz S, Yamanaka I, Boeckx N, Thys C, Gelb BD, Brennan P, Hartill V, Harvengt J, Kosho T, 
Mansour S, Masuno M, Ohata T, et al. 2023. Genetic association analysis of 77,539 genomes reveals rare 
disease etiologies. Nature Medicine 29:679–688. DOI: https://doi.org/10.1038/s41591-023-02211-z, PMID: 
36928819

Grubbs N, Leach M, Su X, Petrisko T, Rosario JB, Mahaffey JW. 2013. New components of Drosophila leg 
development identified through genome wide association studies. PLOS ONE 8:e60261. DOI: https://doi.org/ 
10.1371/journal.pone.0060261, PMID: 23560084

Harbison ST, McCoy LJ, Mackay TFC. 2013. Genome- wide association study of sleep in Drosophila 
melanogaster. BMC Genomics 14:281. DOI: https://doi.org/10.1186/1471-2164-14-281, PMID: 23617951

Harnish JM, Link N, Yamamoto S. 2021. Drosophila as a model for infectious diseases. International Journal of 
Molecular Sciences 22:2724. DOI: https://doi.org/10.3390/ijms22052724

Hemani G, Zheng J, Elsworth B, Wade KH, Haberland V, Baird D, Laurin C, Burgess S, Bowden J, Langdon R, 
Tan VY, Yarmolinsky J, Shihab HA, Timpson NJ, Evans DM, Relton C, Martin RM, Davey Smith G, Gaunt TR, 
Haycock PC. 2018. The MR- Base platform supports systematic causal inference across the human phenome. 
eLife 7:e34408. DOI: https://doi.org/10.7554/eLife.34408, PMID: 29846171

Hendricks G, Tkaczyk D, Lin J, Feeney P. 2020. Crossref: the sustainable source of community- owned scholarly 
metadata. Quantitative Science Studies 1:414–427. DOI: https://doi.org/10.1162/qss_a_00022

Hoffman JM, Dudeck SK, Patterson HK, Austad SN. 2021. Sex, mating and repeatability of Drosophila 
melanogaster longevity. Royal Society Open Science 8:210273. DOI: https://doi.org/10.1098/rsos.210273, 
PMID: 34457337

Hoffmann AA, Harshman LG. 1999. Desiccation and starvation resistance in Drosophila: patterns of variation at 
the species, population and intrapopulation levels. Heredity 83 (Pt 6):637–643. DOI: https://doi.org/10.1046/j. 
1365-2540.1999.00649.x, PMID: 10651907

Hope KA, Flatten D, Cavitch P, May B, Sutcliffe JS, O’Donnell J, Reiter LT. 2019. The Drosophila Gene Sulfateless 
Modulates Autism- Like Behaviors. Frontiers in Genetics 10:574. DOI: https://doi.org/10.3389/fgene.2019. 
00574, PMID: 31316544

https://doi.org/10.7554/eLife.88981
https://doi.org/10.7554/eLife.09861
https://doi.org/10.7554/eLife.09861
http://www.ncbi.nlm.nih.gov/pubmed/26568309
https://archive.softwareheritage.org/swh:1:dir:f90764c93258d296eaba4a1d0c0a25b100e037d9;origin=https://github.com/DeplanckeLab/dgrpool;visit=swh:1:snp:acfdd21540b6006486724f6ef4583cf2e01a2c67;anchor=swh:1:rev:9771aba166d5ca67e7450aa8f30d94cbca813096
https://archive.softwareheritage.org/swh:1:dir:f90764c93258d296eaba4a1d0c0a25b100e037d9;origin=https://github.com/DeplanckeLab/dgrpool;visit=swh:1:snp:acfdd21540b6006486724f6ef4583cf2e01a2c67;anchor=swh:1:rev:9771aba166d5ca67e7450aa8f30d94cbca813096
https://archive.softwareheritage.org/swh:1:dir:f90764c93258d296eaba4a1d0c0a25b100e037d9;origin=https://github.com/DeplanckeLab/dgrpool;visit=swh:1:snp:acfdd21540b6006486724f6ef4583cf2e01a2c67;anchor=swh:1:rev:9771aba166d5ca67e7450aa8f30d94cbca813096
https://archive.softwareheritage.org/swh:1:dir:a3179cc56dd78f76e420eea61c8fd02f22fb41f6;origin=https://github.com/DeplanckeLab/dgrpool_web;visit=swh:1:snp:b9488253a8099778bfac58321a38f25dcbf0a295;anchor=swh:1:rev:4e3e40a46cc349baded2fe12fb4d58a6fd292d19
https://archive.softwareheritage.org/swh:1:dir:a3179cc56dd78f76e420eea61c8fd02f22fb41f6;origin=https://github.com/DeplanckeLab/dgrpool_web;visit=swh:1:snp:b9488253a8099778bfac58321a38f25dcbf0a295;anchor=swh:1:rev:4e3e40a46cc349baded2fe12fb4d58a6fd292d19
https://archive.softwareheritage.org/swh:1:dir:a3179cc56dd78f76e420eea61c8fd02f22fb41f6;origin=https://github.com/DeplanckeLab/dgrpool_web;visit=swh:1:snp:b9488253a8099778bfac58321a38f25dcbf0a295;anchor=swh:1:rev:4e3e40a46cc349baded2fe12fb4d58a6fd292d19
https://doi.org/10.3389/fphys.2020.00533
http://www.ncbi.nlm.nih.gov/pubmed/32547415
https://doi.org/10.1038/s41588-022-01192-y
https://doi.org/10.1038/s41588-022-01192-y
http://www.ncbi.nlm.nih.gov/pubmed/36266505
https://doi.org/10.1038/ncomms5338
http://www.ncbi.nlm.nih.gov/pubmed/25000897
https://doi.org/10.1038/35041687
http://www.ncbi.nlm.nih.gov/pubmed/11089981
https://doi.org/10.1534/genetics.119.300160
https://doi.org/10.1016/j.cger.2020.06.007
http://www.ncbi.nlm.nih.gov/pubmed/33010900
https://doi.org/10.1371/journal.pone.0138129
http://www.ncbi.nlm.nih.gov/pubmed/26375667
https://doi.org/10.1093/nar/gkaa840
http://www.ncbi.nlm.nih.gov/pubmed/33045747
https://doi.org/10.1093/genetics/iyac035
http://www.ncbi.nlm.nih.gov/pubmed/35266522
https://doi.org/10.1038/s41591-023-02211-z
http://www.ncbi.nlm.nih.gov/pubmed/36928819
https://doi.org/10.1371/journal.pone.0060261
https://doi.org/10.1371/journal.pone.0060261
http://www.ncbi.nlm.nih.gov/pubmed/23560084
https://doi.org/10.1186/1471-2164-14-281
http://www.ncbi.nlm.nih.gov/pubmed/23617951
https://doi.org/10.3390/ijms22052724
https://doi.org/10.7554/eLife.34408
http://www.ncbi.nlm.nih.gov/pubmed/29846171
https://doi.org/10.1162/qss_a_00022
https://doi.org/10.1098/rsos.210273
http://www.ncbi.nlm.nih.gov/pubmed/34457337
https://doi.org/10.1046/j.1365-2540.1999.00649.x
https://doi.org/10.1046/j.1365-2540.1999.00649.x
http://www.ncbi.nlm.nih.gov/pubmed/10651907
https://doi.org/10.3389/fgene.2019.00574
https://doi.org/10.3389/fgene.2019.00574
http://www.ncbi.nlm.nih.gov/pubmed/31316544


 Tools and resources      Computational and Systems Biology | Genetics and Genomics

Gardeux et al. eLife 2023;12:RP88981. DOI: https://doi.org/10.7554/eLife.88981  21 of 22

Huang W, Massouras A, Inoue Y, Peiffer J, Ràmia M, Tarone AM, Turlapati L, Zichner T, Zhu D, Lyman RF, 
Magwire MM, Blankenburg K, Carbone MA, Chang K, Ellis LL, Fernandez S, Han Y, Highnam G, Hjelmen CE, 
Jack JR, et al. 2014. Natural variation in genome architecture among 205 Drosophila melanogaster genetic 
reference panel lines. Genome Research 24:1193–1208. DOI: https://doi.org/10.1101/gr.171546.113, PMID: 
24714809

Huang W, Campbell T, Carbone MA, Jones WE, Unselt D, Anholt RRH, Mackay TFC. 2020. Context- dependent 
genetic architecture of Drosophila life span. PLOS Biology 18:e3000645. DOI: https://doi.org/10.1371/journal. 
pbio.3000645, PMID: 32134916

Iliadi KG, Knight D, Boulianne GL. 2012. Healthy aging – insights from Drosophila. Frontiers in Physiology 
3:00106. DOI: https://doi.org/10.3389/fphys.2012.00106

Ivanov DK, Escott- Price V, Ziehm M, Magwire MM, Mackay TFC, Partridge L, Thornton JM. 2015. Longevity 
GWAS using the Drosophila Genetic reference panel . The Journals of Gerontology Series A 70:1470–1478. 
DOI: https://doi.org/10.1093/gerona/glv047

Jang T, Lee KP. 2015. The genetic basis for mating- induced sex differences in starvation resistance in Drosophila 
melanogaster. Journal of Insect Physiology 82:56–65. DOI: https://doi.org/10.1016/j.jinsphys.2015.09.002, 
PMID: 26358400

Jordan KW, Craver KL, Magwire MM, Cubilla CE, Mackay TFC, Anholt RRH. 2012. Genome- wide association for 
sensitivity to chronic oxidative stress in Drosophila melanogaster. PLOS ONE 7:e38722. DOI: https://doi.org/ 
10.1371/journal.pone.0038722, PMID: 22715409

Kodama Y, Shumway M, Leinonen R. 2011. The sequence read archive: explosive growth of sequencing data. 
Nucleic Acids Research 40:D54–D56. DOI: https://doi.org/10.1093/nar/gkr854

Kurki MI, Karjalainen J, Palta P, Sipilä TP, Kristiansson K, Donner KM, Reeve MP, Laivuori H, Aavikko M, 
Kaunisto MA, Loukola A, Lahtela E, Mattsson H, Laiho P, Della Briotta Parolo P, Lehisto AA, Kanai M, Mars N, 
Rämö J, Kiiskinen T, et al. 2023. FinnGen provides genetic insights from a well- phenotyped isolated population. 
Nature 613:508–518. DOI: https://doi.org/10.1038/s41586-022-05473-8, PMID: 36653562

Lee KP, Simpson SJ, Clissold FJ, Brooks R, Ballard JWO, Taylor PW, Soran N, Raubenheimer D. 2008. Lifespan 
and reproduction in Drosophila: New insights from nutritional geometry. PNAS 105:2498–2503. DOI: https:// 
doi.org/10.1073/pnas.0710787105, PMID: 18268352

Mackay TFC. 2012. The Drosophila melanogaster genetic reference panel. Nature 482:173–178. DOI: https:// 
doi.org/10.1038/nature10811

Mackay TFC, Huang W. 2018. Charting the genotype- phenotype map: lessons from the Drosophila 
melanogaster genetic reference panel. Wiley Interdisciplinary Reviews. Developmental Biology 7:289. DOI: 
https://doi.org/10.1002/wdev.289, PMID: 28834395

Magwere T, Pamplona R, Miwa S, Martinez- Diaz P, Portero- Otin M, Brand MD, Partridge L. 2006. Flight activity, 
mortality rates, and lipoxidative damage in Drosophila. The Journals of Gerontology 61:136–145. DOI: https:// 
doi.org/10.1093/gerona/61.2.136

May CM, Doroszuk A, Zwaan BJ. 2015. The effect of developmental nutrition on life span and fecundity depends 
on the adult reproductive environment in Drosophila melanogaster. Ecology and Evolution 5:1156–1168. DOI: 
https://doi.org/10.1002/ece3.1389, PMID: 25859322

McCarthy MI, Abecasis GR, Cardon LR, Goldstein DB, Little J, Ioannidis JPA, Hirschhorn JN. 2008. Genome- 
wide association studies for complex traits: consensus, uncertainty and challenges. Nature Reviews. Genetics 
9:356–369. DOI: https://doi.org/10.1038/nrg2344, PMID: 18398418

McCracken AW, Buckle E, Simons MJP. 2020. The relationship between longevity and diet is genotype 
dependent and sensitive to desiccation in Drosophila melanogaster The Journal of Experimental Biology 
223:jeb230185. DOI: https://doi.org/10.1242/jeb.230185, PMID: 33109715

Najarro MA, Hackett JL, Macdonald SJ. 2017. Loci contributing to boric acid toxicity in two reference 
populations of Drosophila melanogaster. Springer. DOI: https://doi.org/10.1534/g3.117.041418

Nghiem D, Gibbs AG, Rose MR, Bradley TJ. 2000. Postponed aging and desiccation resistance in Drosophila 
melanogaster. Experimental Gerontology 35:957–969. DOI: https://doi.org/10.1016/s0531-5565(00)00163-7, 
PMID: 11121683

O’Kane CJ. 2011. Drosophila as a model organism for the study of neuropsychiatric disorders. Current Topics in 
Behavioral Neurosciences 7:37–60. DOI: https://doi.org/10.1007/7854_2010_110, PMID: 21225410

Piper MDW, Partridge L. 2007. Dietary restriction in Drosophila: delayed aging or experimental artefact? PLOS 
Genetics 3:e57. DOI: https://doi.org/10.1371/journal.pgen.0030057, PMID: 17465680

Piper MDW, Partridge L. 2018. Drosophila as a model for ageing. Biochimica et Biophysica Acta - Molecular 
Basis of Disease 1864:2707–2717. DOI: https://doi.org/10.1016/j.bbadis.2017.09.016

Richardson MF, Weinert LA, Welch JJ, Linheiro RS, Magwire MM, Jiggins FM, Bergman CM. 2012. Population 
genomics of the Wolbachia endosymbiont in Drosophila melanogaster. PLOS Genetics 8:e1003129. DOI: 
https://doi.org/10.1371/journal.pgen.1003129, PMID: 23284297

Rion S, Kawecki TJ. 2007. Evolutionary biology of starvation resistance: what we have learned from Drosophila. 
Journal of Evolutionary Biology 20:1655–1664. DOI: https://doi.org/10.1111/j.1420-9101.2007.01405.x, PMID: 
17714282

Rose M, Charlesworth B. 1980. A test of evolutionary theories of senescence. Nature 287:141–142. DOI: https:// 
doi.org/10.1038/287141a0

Schmidt JM, Good RT, Appleton B, Sherrard J, Raymant GC, Bogwitz MR, Martin J, Daborn PJ, Goddard ME, 
Batterham P, Robin C. 2010. Copy number variation and transposable elements feature in recent, ongoing 

https://doi.org/10.7554/eLife.88981
https://doi.org/10.1101/gr.171546.113
http://www.ncbi.nlm.nih.gov/pubmed/24714809
https://doi.org/10.1371/journal.pbio.3000645
https://doi.org/10.1371/journal.pbio.3000645
http://www.ncbi.nlm.nih.gov/pubmed/32134916
https://doi.org/10.3389/fphys.2012.00106
https://doi.org/10.1093/gerona/glv047
https://doi.org/10.1016/j.jinsphys.2015.09.002
http://www.ncbi.nlm.nih.gov/pubmed/26358400
https://doi.org/10.1371/journal.pone.0038722
https://doi.org/10.1371/journal.pone.0038722
http://www.ncbi.nlm.nih.gov/pubmed/22715409
https://doi.org/10.1093/nar/gkr854
https://doi.org/10.1038/s41586-022-05473-8
http://www.ncbi.nlm.nih.gov/pubmed/36653562
https://doi.org/10.1073/pnas.0710787105
https://doi.org/10.1073/pnas.0710787105
http://www.ncbi.nlm.nih.gov/pubmed/18268352
https://doi.org/10.1038/nature10811
https://doi.org/10.1038/nature10811
https://doi.org/10.1002/wdev.289
http://www.ncbi.nlm.nih.gov/pubmed/28834395
https://doi.org/10.1093/gerona/61.2.136
https://doi.org/10.1093/gerona/61.2.136
https://doi.org/10.1002/ece3.1389
http://www.ncbi.nlm.nih.gov/pubmed/25859322
https://doi.org/10.1038/nrg2344
http://www.ncbi.nlm.nih.gov/pubmed/18398418
https://doi.org/10.1242/jeb.230185
http://www.ncbi.nlm.nih.gov/pubmed/33109715
https://doi.org/10.1534/g3.117.041418
https://doi.org/10.1016/s0531-5565(00)00163-7
http://www.ncbi.nlm.nih.gov/pubmed/11121683
https://doi.org/10.1007/7854_2010_110
http://www.ncbi.nlm.nih.gov/pubmed/21225410
https://doi.org/10.1371/journal.pgen.0030057
http://www.ncbi.nlm.nih.gov/pubmed/17465680
https://doi.org/10.1016/j.bbadis.2017.09.016
https://doi.org/10.1371/journal.pgen.1003129
http://www.ncbi.nlm.nih.gov/pubmed/23284297
https://doi.org/10.1111/j.1420-9101.2007.01405.x
http://www.ncbi.nlm.nih.gov/pubmed/17714282
https://doi.org/10.1038/287141a0
https://doi.org/10.1038/287141a0


 Tools and resources      Computational and Systems Biology | Genetics and Genomics

Gardeux et al. eLife 2023;12:RP88981. DOI: https://doi.org/10.7554/eLife.88981  22 of 22

adaptation at the Cyp6g1 locus. PLOS Genetics 6:e1000998. DOI: https://doi.org/10.1371/journal.pgen. 
1000998, PMID: 20585622

Shorter J, Couch C, Huang W, Carbone MA, Peiffer J, Anholt RRH, Mackay TFC. 2015. Genetic architecture of 
natural variation in Drosophila melanogaster aggressive behavior. PNAS 112:E3555–E3563. DOI: https://doi. 
org/10.1073/pnas.1510104112, PMID: 26100892

Sollis E, Mosaku A, Abid A, Buniello A, Cerezo M, Gil L, Groza T, Güneş O, Hall P, Hayhurst J, Ibrahim A, Ji Y, 
John S, Lewis E, MacArthur JAL, McMahon A, Osumi- Sutherland D, Panoutsopoulou K, Pendlington Z, 
Ramachandran S, et al. 2023. The NHGRI- EBI GWAS Catalog: knowledgebase and deposition resource. 
Nucleic Acids Research 51:D977–D985. DOI: https://doi.org/10.1093/nar/gkac1010, PMID: 36350656

Thompson JB, Su OO, Yang N, Bauer JH. 2020. Sleep- length differences are associated with altered longevity in 
the fruit fly Drosophila melanogaster Biology Open 9:bio054361. DOI: https://doi.org/10.1242/bio.054361, 
PMID: 32938639

Uffelmann E, Huang QQ, Munung NS, de Vries J, Okada Y, Martin AR, Martin HC, Lappalainen T, Posthuma D. 
2021. Genome- wide association studies. Nature Reviews Methods Primers 1:59. DOI: https://doi.org/10.1038/ 
s43586-021-00056-9

Unckless RL, Rottschaefer SM, Lazzaro BP. 2015. A genome- wide association study for nutritional indices in 
Drosophila . G3: Genes, Genomes, Genetics 5:417–425. DOI: https://doi.org/10.1534/g3.114.016477

Vonesch SC, Lamparter D, Mackay TFC, Bergmann S, Hafen EGW. 2016. Genome- wide analysis reveals novel 
regulators of growth in Drosophila melanogaster. PLOS Genetics 12:e1005616. DOI: https://doi.org/10.1371/ 
journal.pgen.1005616, PMID: 26751788

Wang JB, Lu H- L, St Leger RJ. 2017. The genetic basis for variation in resistance to infection in the Drosophila 
melanogaster genetic reference panel. PLOS Pathogens 13:e1006260. DOI: https://doi.org/10.1371/journal. 
ppat.1006260, PMID: 28257468

Wang Z, Receveur JP, Pu J, Cong H, Richards C, Liang M, Chung H. 2022. Desiccation resistance differences in 
Drosophila species can be largely explained by variations in cuticular hydrocarbons. eLife 11:e80859. DOI: 
https://doi.org/10.7554/eLife.80859

Watson NF, Badr MS, Belenky G, Bliwise DL, Buxton OM, Buysse D, Dinges DF, Gangwisch J, Grandner MA, 
Kushida C, Malhotra RK, Martin JL, Patel SR, Quan SF, Tasali E, Twery M, Croft JB, Maher E, Barrett JA, 
Thomas SM, et al. 2015. Joint consensus statement of the american academy of sleep medicine and sleep 
research society on the recommended amount of sleep for a healthy adult: methodology and discussion. Sleep 
38:1161–1183. DOI: https://doi.org/10.5665/sleep.4886

Wilkinson MD, Dumontier M, Aalbersberg IJJ, Appleton G, Axton M, Baak A, Blomberg N, Boiten J- W, 
da Silva Santos LB, Bourne PE, Bouwman J, Brookes AJ, Clark T, Crosas M, Dillo I, Dumon O, Edmunds S, 
Evelo CT, Finkers R, Gonzalez- Beltran A, et al. 2016. The fair guiding principles for scientific data management 
and stewardship. Scientific Data 3:160018. DOI: https://doi.org/10.1038/sdata.2016.18, PMID: 26978244

Zeggini E, Ioannidis JPA. 2009. Meta- analysis in genome- wide association studies. Pharmacogenomics 10:191–
201. DOI: https://doi.org/10.2217/14622416.10.2.191, PMID: 19207020

Zhao X, Golic FT, Harrison BR, Manoj M, Hoffman EV, Simon N, Johnson R, MacCoss MJ, McIntyre LM, 
Promislow DEL. 2022. The metabolome as a biomarker of aging in Drosophila melanogaster. Aging Cell 
21:e13548. DOI: https://doi.org/10.1111/acel.13548, PMID: 35019203

Zwaan B, Bijlsma R, Hoekstra RF. 1995. Direct selection on life span in Drosophila melanogaster. Evolution; 
International Journal of Organic Evolution 49:649–659. DOI: https://doi.org/10.1111/j.1558-5646.1995. 
tb02301.x, PMID: 28565142

Zwarts L, Magwire MM, Carbone MA, Versteven M, Herteleer L, Anholt RRH, Callaerts P, Mackay TFC. 2011. 
Complex genetic architecture of Drosophila aggressive behavior. PNAS 108:17070–17075. DOI: https://doi. 
org/10.1073/pnas.1113877108, PMID: 21949384

Zwarts L, Vanden Broeck L, Cappuyns E, Ayroles JF, Magwire MM, Vulsteke V, Clements J, Mackay TFC, 
Callaerts P. 2015. The genetic basis of natural variation in mushroom body size in Drosophila melanogaster. 
Nature Communications 6:10115. DOI: https://doi.org/10.1038/ncomms10115, PMID: 26656654

https://doi.org/10.7554/eLife.88981
https://doi.org/10.1371/journal.pgen.1000998
https://doi.org/10.1371/journal.pgen.1000998
http://www.ncbi.nlm.nih.gov/pubmed/20585622
https://doi.org/10.1073/pnas.1510104112
https://doi.org/10.1073/pnas.1510104112
http://www.ncbi.nlm.nih.gov/pubmed/26100892
https://doi.org/10.1093/nar/gkac1010
http://www.ncbi.nlm.nih.gov/pubmed/36350656
https://doi.org/10.1242/bio.054361
http://www.ncbi.nlm.nih.gov/pubmed/32938639
https://doi.org/10.1038/s43586-021-00056-9
https://doi.org/10.1038/s43586-021-00056-9
https://doi.org/10.1534/g3.114.016477
https://doi.org/10.1371/journal.pgen.1005616
https://doi.org/10.1371/journal.pgen.1005616
http://www.ncbi.nlm.nih.gov/pubmed/26751788
https://doi.org/10.1371/journal.ppat.1006260
https://doi.org/10.1371/journal.ppat.1006260
http://www.ncbi.nlm.nih.gov/pubmed/28257468
https://doi.org/10.7554/eLife.80859
https://doi.org/10.5665/sleep.4886
https://doi.org/10.1038/sdata.2016.18
http://www.ncbi.nlm.nih.gov/pubmed/26978244
https://doi.org/10.2217/14622416.10.2.191
http://www.ncbi.nlm.nih.gov/pubmed/19207020
https://doi.org/10.1111/acel.13548
http://www.ncbi.nlm.nih.gov/pubmed/35019203
https://doi.org/10.1111/j.1558-5646.1995.tb02301.x
https://doi.org/10.1111/j.1558-5646.1995.tb02301.x
http://www.ncbi.nlm.nih.gov/pubmed/28565142
https://doi.org/10.1073/pnas.1113877108
https://doi.org/10.1073/pnas.1113877108
http://www.ncbi.nlm.nih.gov/pubmed/21949384
https://doi.org/10.1038/ncomms10115
http://www.ncbi.nlm.nih.gov/pubmed/26656654

	DGRPool, a web tool leveraging harmonized Drosophila Genetic Reference Panel phenotyping data for the study of complex traits
	eLife Assessment
	Introduction
	Results
	A thousand phenotypes across 135 studies
	Harmonization and formatting of phenotyping data
	How to leverage these datasets by correlating phenotypes
	Cross-study correlations highlight phenotype relationships
	From phenotypes to associated genotypes
	Extreme phenotypes

	Discussion
	Methods
	Data availability
	Web application
	Semi-automated referencing of studies and/or phenotypes
	GWAS
	Extremeness

	Acknowledgements
	Additional information
	Funding
	Author contributions
	Author ORCIDs
	Peer review material

	Additional files
	Supplementary files

	References


