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a b s t r a c t

To derive insights from data, researchers working on agricultural experiments need appropriate data
management and analysis tools. To ensure that workflows are reproducible and can be applied on a
routine basis, programmatic tools are needed. Such tools are increasingly necessary for rank-based data,
a type of data that is generated in on-farm experimentation and data synthesis exercises, among others.
To address this need, we developed the R package gosset, which provides functionality for rank-based
data and models. The gosset package facilitates data preparation, modeling and results presentation
stages. It introduces novel functions not available in existing R packages for analyzing ranking data.
This paper demonstrates the package functionality using the case study of a decentralized on-farm
trial of common bean (Phaseolus vulgaris L.) varieties in Nicaragua.
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1. Motivation and significance

Participatory on-farm experimentation approaches are reach-
ng scale in agricultural research [1]. Participatory experiments
ften collect data as rankings, a format that is less common in
ther agricultural research settings [2]. A recently developed ap-
roach for on-farm experimentation, triadic comparison of tech-
ology options (tricot), makes intensive use of data in ranking
ormat [3] and has already generated substantial trial datasets

∗ Corresponding author at: Digital Inclusion, Bioversity International, Parc
cientifique Agropolis II, 34397, Montpellier Cedex 5, France.

E-mail address: k.desousa@cgiar.org (Kauê de Sousa).

obtained from thousands of participating farmers [4–7]. Also, a
newly proposed approach for synthesizing crop variety evalua-
tion data depends on the analysis of ranking data [8].

The analysis of ranking data requires the use of appropriate
statistical models such as the Plackett–Luce model [9,10] or the
Bradley–Terry model [11]. Functionality for fitting these models
is available in R with the packages PlackettLuce [12], BradleyTerry2
[13] and psychotree [14]. However, extended functionality was
required for the entire data science workflow, which usually
includes: (1) Data preparation and cleaning, (2) modeling and
validation, and (3) results presentation. For (1) gosset provides
functions for converting and preparing data into a ranking or pair-
wise format required by the packages PlackettLuce, BradleyTerry2
ttps://doi.org/10.1016/j.softx.2023.101402
352-7110/© 2023 The Author(s). Published by Elsevier B.V. This is an open access article under the CC BY license (http://creativecommons.org/licenses/by/4.0/).
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nd psychotree. For (2), gosset provides functions for model se-
ection and validation using cross-validation. In the case of (3),
nhanced functionality for plotting model results is provided by
he gosset package.

. Software description

The R package gosset provides functionality supporting the
nalysis workflows in agricultural experimentation, especially for
ank-based approaches. The package is available in the Compre-
ensive R Archive Network (CRAN) [15] and can be installed
y executing install.packages(‘‘gosset’’). The package
s named in honor of William Sealy Gosset, known by the pen
ame ‘Student’. Gosset was a pioneer of modern statistics in small
ample experimental design and analysis. As a beer brewer at
uinness, he developed practical approaches to experimentation
o compare barley varieties and beer brewing practices [16].

. Software architecture

The R package gosset is structured following the guidelines
escribed in the manual for creating R add-on packages [15]. This
tructure consists of files DESCRIPTION, LICENSE, NAMESPACE
nd NEWS, and directories data, dev, docs, inst, man, R, and
ignettes. The package functions were developed following the
3 methods style and are contained in the R sub-directory.

. Software functionalities

.1. Data management and preparation

Ranking data comes in many different formats. For example,
he tricot format consists in a ranking of three items as answers
o two questions about the extremes of the ranking (i.e. best
nd worst). Other data come as numeric rankings. To be able
o use these data, they need to be converted in formats that
an be used by the model approaches. The BradleyTerry2 and
sychotree packages can deal with pairwise comparisons, while
he PlackettLuce package can deal with rankings of several items.

• rank_numeric converts numeric values into rankings. The
parameter ascending indicates if the rankings should be
made considering the numeric values in ascending order.
The default is ascending = FALSE. This function is use-
ful when the data have been collected as numerical ob-
servations, for instance, in an experiment measuring crop
yield.

• rank_tricot transforms data in tricot format into Placket-
tLuce rankings [12].

• set_binomialfreq transforms a PlackettLuce ranking ob-
ject into binomial frequencies, as required by package
BradleyTerry2 [13].

• set_paircomp transforms a PlackettLuce ranking object
into pairwise comparisons for BradleyTerry trees [14].

.2. Modeling

The gosset package complements the R packages BradleyTerry2,
sychotree and PlackettLuce, which were designed from a sta-
istical perspective. These packages lack some functionality to
ork within a more predictive framework. Specifically, they

ack functionality to perform more complex variable selection to
eneralize models across time and space and to evaluate these
odels in flexible ways. Therefore, gosset contains the following

unctions.

• AIC computes the Akaike Information Criterion [17] for a
Bradley–Terry model or a Plackett–Luce model.

• btpermute deviance-based forward variable selection [18]
procedure for Bradley–Terry models.

• crossvalidation performs k-fold cross-validation, where
k could be specified by the user. The default is 10-fold. Folds
can be provided as a vector for a custom cross-validation,
such as blocked cross-validation.

• kendallTau computes the Kendall-tau rank correlation
[19] coefficient between two rankings with p-values.

• kendallW computes Kendall’s W (coefficient of concor-
dance) among observed rankings and those predicted by the
Plackett–Luce model [20].

• pseudoR2 computes goodness-of-fit metrics, such as Mc-
Fadden’s pseudo-R2 [21].

4.3. Visualization and presentation of results

Bradley–Terry and Plackett–Luce models produce (log-)worth
values, which are estimated (log-)probabilities that item i beats
all the other items {j, . . . , n} in the same set of items. Given the
specific characteristics of these values, gosset contains tailored
methods to process these values into metrics that aid decision-
making and to visualize these worth values.

• compare is a visualization approach to compare two dif-
ferent measures or traits [22]. An alternative to linear cor-
relation plots. For instance, in the evaluation of crop vari-
ety trials, it allows to compare overall appreciation against
yield. Another example is comparing the agreement records
from different observers, like yield estimation collected by
a technician and by a farmer.

• plot provides a ggplot2 plot with improved aesthetics and
a large number of customization options as an alternative
to the S3 method plot.pltree() implemented by the
PlackettLuce package, which provides a base R plot.

• regret computes the regret coefficients, the loss under
the worst possible outcome; a common heuristic in risk
assessment strategy [23].

• reliability computes the probability of a set of items
outperforming a reference item; a common heuristic in
plant breeding [24].

• worth_bar creates a bar plot of the estimated worth for
each evaluated item.

• worth_map creates a heatmap plot of the estimated log-
worth for all items considering each of the evaluated traits.

5. Illustrative example

To demonstrate the functionality of the gosset package, we use
the nicabean dataset, which was generated with decentralized
on-farm trials of common bean (Phaseolus vulgaris L.) varieties in
Nicaragua over five seasons (between 2015 and 2016). Following
the tricot approach [3], farmers were asked to test in their farms
three varieties of common bean. The varieties were randomly as-
signed as incomplete blocks, each representing 3 varieties out of
a total set of 10 varieties. Each farmer assessed which of the three
varieties in one incomplete block had the best and worst per-
formance in eight traits (vigor, architecture, resistance to pests,
resistance to diseases, tolerance to drought, yield, marketability,
and taste). The farmers also provided their overall appreciation
of the varieties, by indicating which variety had the best and the
worst performance based on the overall performance considering
all the traits. To analyze the data, we use the Plackett–Luce model
implemented in the R package PlackettLuce [12].

The nicabean dataset is a list with two data frames. The first,
trial, contains the trial data with farmers’ evaluations, ranked
2
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rom 1 to 3, with 1 being the higher ranked variety and 3 the
owest ranked variety for the given trait and incomplete block.
he rankings in this dataset were previously transformed from
ricot rankings (where participants indicate best and worst) to
rdinal rankings using the function rank_tricot(). The sec-
nd data frame, covar, contains the covariates associated with
he on-farm trial plots and farmers. This example will require
he packages PlackettLuce [12], climatrends [25], chirps [26] and
gplot2 [27].

To start the data analysis, we transform the ordinal rankings
nto the Plackett–Luce rankings format (a sparse matrix) using the
unction rank_numericWe run iteratively over the traits adding
he rankings to a list called R. Since the varieties are ranked in an
scending order, with 1 being the higher ranked and 3 the lower
anked, we use the argument ascending = TRUE to indicate
hich order should be used.

Then, using the function kendallTau()we assess the Kendall
au (τ ) coefficient [19]. This approach can be used, for example, to
ssess what traits influence farmers’ choices or to prioritize traits
o be tested in a next stage of tricot trials (e.g. a lighter version
f tricot with no more than 4 traits to assess). We use the overall
ppreciation as the reference trait and compare the Kendall tau
ith the other 8 traits.

The Kendall correlation (Table 1) shows that farmers prior-
tized the traits yield (τ = 0.749), taste (τ = 0.653) and
arketability (τ = 0.639) when assessing overall appreciation.

Table 1
Kendall tau correlation between ‘overall performance’ and the other traits
assessed in the Nicaragua bean on-farm trials.
Trait kendallTau Z value Pr(>|z|)

Vigor 0.439 4.878 5.36e−07
Architecture 0.393 4.372 6.15e−06
Resistance To Pests 0.463 5.144 1.34e−07
Resistance To Diseases 0.449 4.998 2.90e−07
Tolerance To Drought 0.411 4.572 2.42e−06
Yield 0.749 8.325 4.22e−17
Marketability 0.639 7.100 6.22e−13
Taste 0.653 7.261 1.93e−13

Fig. 1. Trait performance (log-worth) of bean varieties in Nicaragua. Variety
‘Amadeus’ is set as reference (log-worth = 0). Blue values indicate a superior
performance of varieties for a given trait, compared to the reference. Red values
indicate a variety with weak performance for the given trait, compared to the
reference.. (For interpretation of the references to color in this figure legend,
the reader is referred to the web version of this article.)

Then, for each trait, we fit a Plackett–Luce model using the
function PlackettLuce() from the package of the same name.
This will allow us to continue the trial data analysis using the
other functions in the package gosset.

The worth_map() function can be used to visually assess
and compare item performance based on different characteristics.
The values represented in a worth_map (Fig. 1) are log-worth
estimates. From the breeder or product developer perspective
the function worth_map() offers a visualization tool to help in
identifying item performance based on different characteristics
and select crossing materials.

To consider the effect of climate factors on yield, we use agro-
climatic covariates to fit a Plackett–Luce tree. For simplicity, we
use the total rainfall (Rtotal) derived from CHIRPS data [28], ob-
tained using the R package chirps [26]. Additional covariates can
3
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e used in a Plackett–Luce tree, for example using temperature
ata from R packages ag5Tools [29] or nasapower [30].
We request the CHIRPS data using the R package chirps. Data

hould be returned as a matrix. This process can take some
inutes to be implemented.

We compute the rainfall indices from planting date to the first
5 days of plant growth using the function rainfall() from the
package climatrends [25].

To be linked to covariates, the rankings should be coerced to a
grouped_rankings’ object. For this we use the function group()
rom PlackettLuce. We retain the ranking corresponding to yield.

Now we can fit the Plackett–Luce tree with climate covariates.

The following is an example of the plot (Fig. 2) made with the
unction plot() in the gosset package. The functions
ode_labels(), node_rules() and top_items() can be used

to identify the splitting variables in the tree, the rules used to split
the tree and the best items in each node, respectively.

We can use the function reliability() to compute the
eliability of the evaluated common bean varieties in each of the
esulting nodes of the Plackett–Luce tree (Table 2). This helps in
dentifying the varieties with higher probability of outperforming
check variety (Amadeus 77). For the sake of simplicity, we
resent only the varieties with reliability ≥ 0.5.

The results show that three varieties can marginally out-
erform Amadeus 77 under drier growing conditions (Rtotal

Table 2
Reliability of common bean varieties based on yield performance under different
rainfall conditions from planting date to the first 45 days of plant growth. Variety
Amadeus 77 is set as reference.
Node Item Reliability ReliabilitySE Worth

2 Amadeus 77 0.500 0.035 0.114
2 BRT 103-182 0.519 0.036 0.123
2 IBC 302-29 0.506 0.035 0.117
2 SX 14825-7-1 0.517 0.033 0.122
3 ALS 0532-6 0.630 0.056 0.177
3 Amadeus 77 0.500 0.058 0.104
3 SX 14825-7-1 0.565 0.053 0.135

≤ 193.82 mm) whereas two varieties have a superior yield
performance when under higher rainfall conditions (Rtotal >

193.82 mm) compared to the reference. This approach helps
in identifying superior varieties for different target population
environments. For example, the variety ALS 0532-6 shows weak
performance in the whole yield ranking, however for the sub-
group of higher rainfall, the variety outperforms all the oth-
ers. Combining rankings with socio-economic covariates could
also support the identification of superior materials for different
market segments.

A better approach for assessing the performance of varieties
can be using the ‘‘Overall Appreciation’’, since we expect this
trait to capture the performance of the variety not only for yield,
but for all the other traits prioritized by farmers (Table 1). To
assess this, we use the function compare() which applies the
approach proposed by Bland and Altman (1986) [22] to assess the
agreement between two different measures. We compare overall
appreciation vs yield. If both measures completely agree, all the
varieties should be centered to 0 in the axis Y.

The chart (Fig. 3) shows no complete agreement between
overall appreciation and yield. For example, variety SX 14825-
7-1 shows superior performance for overall appreciation when
compared with yield. Looking at the log-worth in the heat map
of Fig. 1, we can argue that the superior performance of the
given variety is also related to taste, marketability and disease
resistance. This performance, however, was not captured when
assessing only yield.

Here we present a simple workflow to assess crop variety per-
formance and trait prioritization in decentralized on-farm trials
with the tricot approach. Next steps in this workflow could also
utilize other functions available in gosset, Examples include: (1)
a forward selection combined with crossvalidation() to en-
sure model robustness, (2) model selection with btpermute() to
consider all possible permutations in Bradley–Terry models, (3) a
risk analysis using regret() to support the selection of varieties,
and (4) using rank_numeric() to combine legacy data and deal
with heterogeneous data from different trials. All of these were
previously implemented and validated elsewhere [4–7,31–33].

6. Impact

Reproducible and efficient workflows are fundamental in sci-
entific research [34]. The gosset package provides functionality
that was not previously available from other R packages and
which enabled scientific studies based on the analysis of ranking
4
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Fig. 2. Effect of total rainfall (Rtotal) on yield of common beans in on-farm trials. Agroclimate variables are obtained from planting date over the first 45 days of
plant growth. The x axis presents log-worth, the log-probability of outperforming the other varieties in the set.

Fig. 3. Agreement between overall appreciation and yield for crop variety
performance in on-farm trials.

data. This functionality allows reproducibility and greater effi-
ciency of the entire workflow. The utility of the gosset package
has been demonstrated by enabling studies based on the analysis
of decentralized on-farm trial data and/or heterogeneous data
from different sources. For instance, van Etten et al. (2019) [4],
Moyo et al. (2021) [5], de Sousa et al. (2021) [35], Brown et al.
(2022) [7], Alamu et al. (2023) [6], Gesesse et al. (2023) [31] and
Rutsaert et al. (2023) [33] applied the Plackett–Luce model in
combination with recursive partitioning [12,36]. In these studies,

the gosset package supported data preparation, model validation
and results presentation tasks. Furthermore, the gosset package
is part of a software ecosystem built around ClimMob (https:
//climmob.net/), a digital platform for supporting on-farm trial
management, which runs trials in more than 10,000 farms per
year. Insights generated with the package’s functionalities are
currently supporting several plant breeding teams in Sub-saharan
Africa to select and advance breeding materials [6,33]. Therefore,
the gosset package is fundamental in the implementation of large
scale on-farm experimentation projects. Refinement of methods
and expansion of the approach in breeding programs is supported
by an Africa-wide on-farm trial network implemented by the
1000FARMS Platform (https://1000farms.net/).

7. Conclusions

The use of ranking data in agricultural experimentation is
currently growing, requiring new appropriate tools supporting
analysis and synthesis activities. We developed the R package
gosset to support the synthesis and analysis of ranking data,
especially in agricultural research. The package provides func-
tions that are not available in existing R packages for analyzing
ranking data. This provides a friendlier user environment, stream-
lining the application of data science in agricultural research.
In addition, the package code is open source, making it easier
for developers to contribute but also to users to request new
functionalities. We provided an illustrative example covering the
main functionality across the stages involved in the analysis
workflow. Since the package is also part of a growing community
of practice in on-farm experimentation, it is expected that its
functionality will be improved and expanded, pushed by the
members of this community of practice.

Declaration of competing interest

The authors declare that they have no known competing finan-
cial interests or personal relationships that could have appeared
to influence the work reported in this paper.
5

https://climmob.net/blog/
https://climmob.net/blog/
https://climmob.net/blog/
https://1000farms.net/


Kauê de Sousa, David Brown, Jonathan Steinke et al. SoftwareX 22 (2023) 101402

D

A

o
e
t
w
p
(
R
S
(
F
h
d
a
(
T
t

R

ata availability

Data is freely available within the software

cknowledgments

We acknowledge Vincent Johnson (Science Writing Service
f the Alliance of Bioversity International and CIAT) for English
diting of this manuscript. The nicabean dataset was generated
hrough the Cooperative Agreement AID-OAA-F-14-00035, which
as made possible by the generous support of the American
eople through the US Agency for International Development
USAID). The gosset package was developed as part of the CGIAR
esearch Program (CRP) on Climate Change, Agriculture and Food
ecurity (CCAFS) and the CRP on Roots, Tubers and Bananas
RTB), which were carried out with support from the CGIAR Trust
und and through bilateral funding agreements (details are at
ttps://www.cgiar.org/funders). New analytical approaches were
eveloped during the projects Accelerated Varietal Improvement
nd Seed Systems in Africa (AVISA, INV-009649) and 1000FARMS
INV-031561) supported by the Bill & Melinda Gates Foundation.
he views expressed in this document cannot be taken to reflect
he official opinions of these organizations.

eferences

[1] de Roo N, Andersson JA, Krupnik TJ. ON-FARM TRIALS FOR development
impact? THE organisation OF RESEARCH AND the SCALING OF agricul-
tural technologies. Exp. Agric. 2019;55:163–84. http://dx.doi.org/10.1017/
S0014479717000382.

[2] Coe R. Analyzing data from participatory on-farm trials. In: Bellon MR,
Reeves J, editors. Quantitative analysis of data from participatory methods
in plant breeding. Mexico City, Mexico: International Maize and Wheat
Improvement Center; 2002, p. 18–35.

[3] van Etten J, Beza E, Calderer L, van Duijvendijk K, Fadda C, Fan-
tahun B, Kidane YG, van de Gevel J, Gupta A, Mengistu DK, et al. First
experiences with a novel farmer citizen science approach: crowdsourc-
ing participatory variety selection through on-farm triadic comparisons
of technologies (tricot). Exp. Agric. 2016;55:275–96. http://dx.doi.org/10.
1017/S0014479716000739.

[4] van Etten J, de Sousa K, Aguilar A, Barrios M, Coto A, Dell’Acqua M, Fadda C,
Gebrehawaryat Y, van de Gevel J, Gupta A, et al. Crop variety management
for climate adaptation supported by citizen science. Proc Natl Acad Sci USA
2019;116:4194–9. http://dx.doi.org/10.1073/pnas.1813720116.

[5] Moyo M, Ssali R, Namanda S, Nakitto M, Dery EK, Akansake D, Adjebeng-
Danquah J, van Etten J, de Sousa K, Lindqvist-Kreuze H, et al. Consumer
preference testing of boiled sweetpotato using crowdsourced citizen sci-
ence in Ghana and Uganda. Front Sustain Food Syst 2021;5:6. http://dx.
doi.org/10.3389/fsufs.2021.620363.

[6] Alamu EO, Teeken B, Ayetigbo O, Adesokan M, Kayondo I, Chijioke U,
Madu T, Okoye B, Abolore B, Njoku D, et al. In: Establishing the Linkage
between Eba’s Instrumental and Sensory Descriptive Profiles and Their
Correlation with Consumer Preferences: Implications for Cassava Breeding,
J Sci Food Agric In: Establishing the Linkage between Eba’s Instrumental
and Sensory Descriptive Profiles and Their Correlation with Consumer
Preferences: Implications for Cassava Breeding, 2023.http://dx.doi.org/10.
1002/jsfa.12518,

[7] Brown D, de Bruin S, de Sousa K, Aguilar A, Barrios M, Chaves N, Gómez M,
Hernández JC, Machida L, Madriz B, et al. Rank-based data synthesis of
common bean on-farm trials across four Central American countries. Crop
Sci 2022;62:2246–66. http://dx.doi.org/10.1002/csc2.20817.

[8] Brown D, Van den Bergh I, de Bruin S, Machida L, van Etten J. Data
synthesis for crop variety evaluation. A Rev Agron Sustain Dev 2020;40:25.
http://dx.doi.org/10.1007/s13593-020-00630-7.

[9] Luce RD. Individual choice behavior. Courier Corporation; 1959, p. 153.
[10] Plackett RL. The analysis of permutations. J R Stat Soc Ser C Appl Stat

1975;24:193–202. http://dx.doi.org/10.2307/2346567.
[11] Bradley RA, Terry ME. Rank analysis of incomplete block designs: I the

method of paired comparisons. Biometrika 1952;39:324–45. http://dx.doi.
org/10.2307/2334029.

[12] Turner HL, van Etten J, Firth D, Kosmidis I. Modelling rankings in R: the
Plackettluce package. Comput Stat 2020;2020:1027–57. http://dx.doi.org/
10.1007/s00180-020-00959-3.

[13] Turner H, Firth D. Bradley–Terry models in R: The BradleyTerry2 package.
J Stat Softw 2012;48:1–21. http://dx.doi.org/10.18637/jss.v048.i09.

[14] Strobl C, Wickelmaier F, Zeileis A. Accounting for individual differences
in Bradley–Terry models by means of recursive partitioning. J Educ Behav
Stat 2011;36:135–53. http://dx.doi.org/10.3102/1076998609359791.

[15] R Core Team. R: A language and environment for statistical computing.
version 4.0.2; CRAN R Project: Vienna, Austria. 2020.

[16] Ziliak ST. How large are your G-values? Try gosset’s guinnessometrics
when a little p is not enough. Am Stat 2019;73:281–90. http://dx.doi.org/
10.1080/00031305.2018.1514325.

[17] Akaike H. A new look at the statistical model identification. IEEE
Trans Automat Control 1974;19:716–23. http://dx.doi.org/10.1109/TAC.
1974.1100705.

[18] Lysen S. Permuted inclusion criterion: A variable selection technique.
Publicly accessible Penn Dissertations, 2009, p. 28.

[19] Kendall MG. A new measure of ranking correlation. Biometrika
1938;30:81–93. http://dx.doi.org/10.1093/biomet/30.1-2.81.

[20] Kendall MG, Smith BB. In: The Problem of M Rankings, Ann Math Stat In:
The Problem of M Rankings, 1939;10.275–87,

[21] McFadden D. Conditional logit analysis of qualitative choice behavior. 1973.
[22] Bland JM, Altman DG. Statistical methods for assessing agreement between

two methods of clinical measurement. Lancet 1986;1:307–10. http://dx.doi.
org/10.1016/s0140-6736(86)90837-8.

[23] Loomes G, Sugden R. Regret theory: An alternative theory of rational choice
under uncertainty. Econ J Nepal 1982;92:805. http://dx.doi.org/10.2307/
2232669.

[24] Eskridge KM, Mumm RF. Choosing plant cultivars based on the probability
of outperforming a check. Theor Appl Genet 1992;84-84:494–500. http:
//dx.doi.org/10.1007/BF00229512.

[25] de Sousa K, van Etten J, Solberg SØ. Climatrends: Climate variability indices
for ecological modelling. Comprehensive R Archive Netw. 2020.

[26] de Sousa K, Sparks A, Ashmall W, van Etten J, Solberg S. Chirps: API client
for the CHIRPS precipitation data in R. J Open Sour Softw 2020;5:2419.
http://dx.doi.org/10.21105/joss.02419.

[27] Wickham H. ggplot2: Elegant graphics for data analysis. New York, USA:
Springer-Verlag New York; 2016.

[28] Funk C, Peterson P, Landsfeld M, Pedreros D, Verdin J, Shukla S, Husak G,
Rowland J, Harrison L, Hoell A, et al. The climate hazards infrared
precipitation with stations—a new environmental record for monitoring
extremes. Sci Data 2015;2:150066. http://dx.doi.org/10.1038/sdata.2015.66.

[29] Brown D, de Sousa K, van Etten J. ag5Tools: An R package for down-
loading and extracting agrometeorological data from the AgERA5 database.
SoftwareX 2023;21:101267. http://dx.doi.org/10.1016/j.softx.2022.101267.

[30] Sparks, AH. Nasapower: A NASA POWER global meteorology. Surface Solar
Energy and Climatology Data Client for R. Journal of Open Source Software
2018;3:1035. http://dx.doi.org/10.21105/joss.01035.

[31] Gesesse CA, Nigir B, de Sousa K, Gianfranceschi L, Gallo GR, Poland J,
Kidane YG, Abate Desta E, Fadda C, Pè ME, et al. Genomics-driven breeding
for local adaptation of durum wheat is enhanced by farmers’ traditional
knowledge. Proc Natl Acad Sci USA 2023;120:e2205774119. http://dx.doi.
org/10.1073/pnas.2205774119.

[32] Woldeyohannes AB, Iohannes SD, Miculan M, Caproni L, Ahmed JS,
de Sousa K, et al. Participatory characterization of farmer varieties discloses
teff breeding potential under current and future climates. eLife 2022;11.
http://dx.doi.org/10.7554/eLife.80009.

[33] Rutsaert P, Donovan JA, Mawia H, de Sousa K, van Etten J. Future market
segments for hybrid maize in east Africa. CGIAR; 2023.

[34] Lowndes JSS, Best BD, Scarborough C, Afflerbach JC, Frazier MR, O’Hara CC,
Jiang N, Halpern BS. Our path to better science in less time using open data
science tools. Nat Ecol Evol 2017;1:160. http://dx.doi.org/10.1038/s41559-
017-0160.

[35] de Sousa K, van Etten J, Poland J, Kidane YG, Lakew BF, Mengistu DK,
Jannink J-L, Solberg SØ, Fadda C, Pè ME, et al. Data-driven decentralized
breeding increases prediction accuracy in a challenging crop production
environment. Commun Biol 2021. http://dx.doi.org/10.1038/s42003-021-
02463-w.

[36] Zeileis A, Hothorn T, Hornik K. Model-based recursive partition-
ing. J Comput Graph Stat 2008;17:492–514. http://dx.doi.org/10.1198/
106186008X319331.
6

https://www.cgiar.org/funders
http://dx.doi.org/10.1017/S0014479717000382
http://dx.doi.org/10.1017/S0014479717000382
http://dx.doi.org/10.1017/S0014479717000382
http://refhub.elsevier.com/S2352-7110(23)00098-5/sb2
http://refhub.elsevier.com/S2352-7110(23)00098-5/sb2
http://refhub.elsevier.com/S2352-7110(23)00098-5/sb2
http://refhub.elsevier.com/S2352-7110(23)00098-5/sb2
http://refhub.elsevier.com/S2352-7110(23)00098-5/sb2
http://refhub.elsevier.com/S2352-7110(23)00098-5/sb2
http://refhub.elsevier.com/S2352-7110(23)00098-5/sb2
http://dx.doi.org/10.1017/S0014479716000739
http://dx.doi.org/10.1017/S0014479716000739
http://dx.doi.org/10.1017/S0014479716000739
http://dx.doi.org/10.1073/pnas.1813720116
http://dx.doi.org/10.3389/fsufs.2021.620363
http://dx.doi.org/10.3389/fsufs.2021.620363
http://dx.doi.org/10.3389/fsufs.2021.620363
http://dx.doi.org/10.1002/jsfa.12518
http://dx.doi.org/10.1002/jsfa.12518
http://dx.doi.org/10.1002/jsfa.12518
http://dx.doi.org/10.1002/csc2.20817
http://dx.doi.org/10.1007/s13593-020-00630-7
http://refhub.elsevier.com/S2352-7110(23)00098-5/sb9
http://dx.doi.org/10.2307/2346567
http://dx.doi.org/10.2307/2334029
http://dx.doi.org/10.2307/2334029
http://dx.doi.org/10.2307/2334029
http://dx.doi.org/10.1007/s00180-020-00959-3
http://dx.doi.org/10.1007/s00180-020-00959-3
http://dx.doi.org/10.1007/s00180-020-00959-3
http://dx.doi.org/10.18637/jss.v048.i09
http://dx.doi.org/10.3102/1076998609359791
http://refhub.elsevier.com/S2352-7110(23)00098-5/sb15
http://refhub.elsevier.com/S2352-7110(23)00098-5/sb15
http://refhub.elsevier.com/S2352-7110(23)00098-5/sb15
http://dx.doi.org/10.1080/00031305.2018.1514325
http://dx.doi.org/10.1080/00031305.2018.1514325
http://dx.doi.org/10.1080/00031305.2018.1514325
http://dx.doi.org/10.1109/TAC.1974.1100705
http://dx.doi.org/10.1109/TAC.1974.1100705
http://dx.doi.org/10.1109/TAC.1974.1100705
http://refhub.elsevier.com/S2352-7110(23)00098-5/sb18
http://refhub.elsevier.com/S2352-7110(23)00098-5/sb18
http://refhub.elsevier.com/S2352-7110(23)00098-5/sb18
http://dx.doi.org/10.1093/biomet/30.1-2.81
http://refhub.elsevier.com/S2352-7110(23)00098-5/sb20
http://refhub.elsevier.com/S2352-7110(23)00098-5/sb20
http://refhub.elsevier.com/S2352-7110(23)00098-5/sb20
http://refhub.elsevier.com/S2352-7110(23)00098-5/sb21
http://dx.doi.org/10.1016/s0140-6736(86)90837-8
http://dx.doi.org/10.1016/s0140-6736(86)90837-8
http://dx.doi.org/10.1016/s0140-6736(86)90837-8
http://dx.doi.org/10.2307/2232669
http://dx.doi.org/10.2307/2232669
http://dx.doi.org/10.2307/2232669
http://dx.doi.org/10.1007/BF00229512
http://dx.doi.org/10.1007/BF00229512
http://dx.doi.org/10.1007/BF00229512
http://refhub.elsevier.com/S2352-7110(23)00098-5/sb25
http://refhub.elsevier.com/S2352-7110(23)00098-5/sb25
http://refhub.elsevier.com/S2352-7110(23)00098-5/sb25
http://dx.doi.org/10.21105/joss.02419
http://refhub.elsevier.com/S2352-7110(23)00098-5/sb27
http://refhub.elsevier.com/S2352-7110(23)00098-5/sb27
http://refhub.elsevier.com/S2352-7110(23)00098-5/sb27
http://dx.doi.org/10.1038/sdata.2015.66
http://dx.doi.org/10.1016/j.softx.2022.101267
http://dx.doi.org/10.21105/joss.01035
http://dx.doi.org/10.1073/pnas.2205774119
http://dx.doi.org/10.1073/pnas.2205774119
http://dx.doi.org/10.1073/pnas.2205774119
http://dx.doi.org/10.7554/eLife.80009
http://refhub.elsevier.com/S2352-7110(23)00098-5/sb33
http://refhub.elsevier.com/S2352-7110(23)00098-5/sb33
http://refhub.elsevier.com/S2352-7110(23)00098-5/sb33
http://dx.doi.org/10.1038/s41559-017-0160
http://dx.doi.org/10.1038/s41559-017-0160
http://dx.doi.org/10.1038/s41559-017-0160
http://dx.doi.org/10.1038/s42003-021-02463-w
http://dx.doi.org/10.1038/s42003-021-02463-w
http://dx.doi.org/10.1038/s42003-021-02463-w
http://dx.doi.org/10.1198/106186008X319331
http://dx.doi.org/10.1198/106186008X319331
http://dx.doi.org/10.1198/106186008X319331

	gosset: An R package for analysis and synthesis of ranking data in agricultural experimentation 
	Motivation and significance
	Software description
	Software Architecture
	Software Functionalities
	Data management and preparation
	Modeling
	Visualization and presentation of results

	Illustrative example
	Impact
	Conclusions
	Declaration of Competing Interest
	Data availability
	Acknowledgments
	References


