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aBStract

Five research teams identi� ed parallel obstacles when concurrently 
attempting to conduct meta-analyses on the air and water quality 
impacts of on-farm 4R nutrient management practices. Across 
projects, system complexity and the lack of relevant data from 
cultivated and grassland agriculture � eld trials impeded the 
application of standard meta-analytical procedures. Because 
challenges were comparable across projects, the 4R Research Fund 
technical leadership tasked the researchers with recommending 
improvements in � eld research design, data collection, and 
reporting to enhance future agri-environmental data syntheses 
and meta-analyses. Here we outline statistical and analytical 
issues unique to meta-analysis and data synthesis in agriculture, 
discuss critical data and reporting gaps in the existing literature, 
and provide speci� c recommendations for researchers, funders, 
and journals. Key obstacles developed when � eld studies did not 
include complete descriptive or response data (per treatment and 
experiment year), measurement uncertainty, estimation error in 
treatment e� ects, or simultaneously measured nutrient losses and 
crop yield. Others did not report crop nutrient uptake or their 
apparent recovery e�  ciencies. To alleviate such challenges for 
subsequent research, we make the following recommendations: 
(i) use common meta-data protocols for consistent units and 
terminology; (ii) clearly de� ne treatments and controls; (iii) 
provide complete, tabular, full-factorial response data for each 
year and location; (iv) collect and report a minimum set of 
auxiliary data; and (v) establish requirements for data curation 
and repositories in funding and publication cycles. Implementing 
these in future nutrient management research will facilitate more 
robust meta-analyses and other data synthesis e� orts.
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core ideas
•	 Data and reporting de� ciencies reduce the e� ectiveness of agri-

environmental meta-analysis.
•	 Standardization and consistency across studies will enhance data 

synthesis and meta-analysis.
•	 Reporting standard sets of data and meta-data will extend the 

value of agricultural � eld research.
•	 Journals and funders have a unique opportunity to support data 

management and curation.

foruM

Population growth and consumer demand require 
that agriculture continue to increase cropping system 
productivity while managing environmental impacts. 

Policymakers, environmental interests, and producer groups 
agree on the need for broader application of practices that 
bene� t water or air quality while maintaining or enhancing 
production. E�  cient farm production and environmental 
management need well-informed and scienti� cally based 
strategies to support decision making on practice selection, 
practice implementation, site selection, and cost-e� ectiveness. 
To provide this critical information, the ever-increasing volume 
of data from agricultural � eld research must be better summa-
rized, assessed, and interpreted.

Although reviews of the literature summarize available 
research, systematic quantitative reviews with synthesis go 
a step further to collate and summarize studies and capture 
all available information in a repeatable manner (Higgins 
and Green, 2011). With su�  cient available data, meta-
analysis uses a variety of statistical methods to quantitatively 
analyze a treatment e� ect across multiple studies (Arnqvist 
and Wooster, 1995; Hedges et al., 1999), estimating overall 
treatment or factor e� ects and their precision. By de� nition, 
meta-analysis does more than systematic review and synthesis, 
allowing for quanti� cation of the impact of an experimental 
treatment relative to a control that is consistently de� ned 
across all studies. Meta-analysis broadens the potential impact 
of primary research studies by placing them as substantial 
contributions within the larger picture of a research topic 
(Gerstner et al., 2017).

When results from individual experiments disagree, or when 
results are inconclusive, the use of meta-analysis can increase 
“replication” by combining multiple studies, thereby giving 
a smaller estimation error in overall treatment comparison 
results. By combining multi-study data with robust statistical 
methods, meta-analysis of agricultural experimental data can 
be used to � nd overall bene� ts of management practices that 
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may otherwise be di�cult to fully understand with individual, 
o�en short-term, research projects, most of which are limited 
to particular climatic and soil conditions. For example, recent 
meta-analyses have improved the scienti�c certainty as well 
as the understanding of the implications of tillage on nitrous 
oxide (N2O) emissions (van Kessel et al., 2013), the impact of 
cover crops on N2O emissions (Basche et al., 2014), and the 
e�ect of nitrogen (N) fertilizer on N2O emissions and the 
interaction e�ect between fertilizer rate, fertilizer type, and 
soil organic carbon (Qian et al., 2010).

In the spring of 2014, the 4R Research Fund supported 
�ve research teams to conduct a posteriori (as opposed to 
predetermined) meta-analyses of the nutrient loss and crop yield 
impacts of on-farm 4R nutrient management (i.e., application 
of the Right fertilizer source at the Right rate, at the Right 
time, and in the Right place) (Bruulsema et al., 2009; IPNI, 
2015). �e databases compiled or expanded in this work 
contain research results from a large number of �eld trials in 
North American cultivated and grassland agricultural systems. 
�ese �ve evaluations covered a comprehensive range of N and 
phosphorus (P) loss pathways and yield impacts, with a strong 
focus on corn-based cropping systems in the midwestern United 
States (Table 1). All project teams performed a systematic review 
and synthesis, and, when data were su�cient, a meta-analysis. 
Researchers also identi�ed key data gaps in peer-reviewed 
research articles, with the goal of targeting future research into 
these practices, regions, and cropping systems.

Comparable challenges encountered in all projects arose 
from incomplete data collection, reporting, and availability 
within the source literature. Speci�c improvements in �eld 
research design, data collection, and data reporting could 
address these issues, further supporting well-informed future 
meta-analyses and syntheses of agricultural research as well as 
making data more accessible for validation and calibration of 
process models.

�e overall goals in the present paper are to use insights 
gained in these analyses; to inform �eld scientists, journal 
editors, and research funders of the descriptive and response 
data gaps; to suggest realistic steps to improve reporting and 
availability of �eld data; and ultimately to better inform 
sound environmental nutrient policy, extension, and on-farm 
decision-making. �is article addresses (i) statistical and 
analytical issues unique to meta-analyses and systematic 
reviews and syntheses of agricultural research data, with 
an emphasis on statistical causal inference; (ii) critical 
data gaps found by the �ve meta-analysis projects; and (iii) 
recommendations for funders, researchers, and journals 
publishing �eld research results.

StatiStical conSiderationS for 
Meta-analySiS in agriculture

�e primary objective of a meta-analysis is to combine 
studies and accumulate evidence, allowing us to infer the causal 
e�ect of the treatment of interest. Statistical methods designed 
for experimental data evaluate the di�erences between units 
with and without the treatment of interest, but causal inference 
predicts the e�ect of that treatment as if it were applied to 
the same experimental units (Gelman and Hill, 2007). As 
a result, causal inference must be conducted under more Ta
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stringent assumptions about the data. �ese more stringent 
assumptions are re�ected in typical meta-analysis methods, 
which assume that studies used similar experimental design 
(most likely with randomization and replication). Furthermore, 
these individual studies included in the meta-analysis are all 
designed (or assume to be so) to investigate the causal e�ect 
of a speci�c treatment, so that they are statistically treated 
as “exchangeable”; they are di�erent but with commonalities 
(Lindley and Novick, 1981). �at is, although data from 
individual studies cannot be treated as exact replicates, they 
also are not unrelated separate entities. Combining these 
data can improve the estimate of the mean treatment e�ect. 
Statistical methods for meta-analysis are designed to handle 
such exchangeable events. Without a consistent design, meta-
analysis of these observational data can lead to paradoxical 
results, a phenomenon widely discussed in statistical literature 
as Simpson’s paradox, Lord’s paradox, and the suppression 
e�ect (Tu et al., 2008).

Depending on the overall goals, treatment e�ect sizes for 
individual studies may be expressed as response ratios, mean 
di�erences, scaled di�erences, and, more rarely, correlations. 
A response ratio is the ratio of the experimental treatment 
mean to the control treatment mean (Hedges et al., 1999). 
Quanti�cation of e�ect sizes for a treatment requires controls 
and treatments to be consistently interpreted and applied 
across relevant studies. However, studies of agricultural 
management practices rarely use a consistent assignment of 
treatment and control groups. Furthermore, studies performed 
in di�erent locations or at di�erent time periods are inevitably 
associated with di�erent conditions that may also in�uence 
the outcome. �e conditions may vary because of environment 
(e.g., weather or soil) or management (e.g., crop variety, 
planting date, or tillage). As a result, agricultural scientists 
usually cannot treat di�erent studies as exchangeable. For 
example, using the MANAGE database (Harmel et al., 2006b, 
2008) to evaluate the e�ect of water and soil conservation 
practices on nutrient loss from agricultural �elds, Qian and 
Harmel (2016) found that �elds with conservation practices 
tend to have higher fertilizer applications than �elds without 
any conservation practices. As a result, nutrient losses between 
�elds with and without conservation practices (the treatment) 
cannot be directly compared to evaluate their e�ectiveness.

Di�erences between studies in methodology or reporting of 
response data add other factors that could systematically a�ect 
results. In nutrient management studies, researchers may use 
di�erent application rates for a nitri�cation inhibitor, measure 
N2O loss at di�erent frequencies or time of day, monitor losses 
for di�erent total time periods, or use di�erent methods for 
measuring N2O or nitrate (NO3) losses. �is further increases 
the value of methods and models that include multiple 
explanatory factors to evaluate variability and treatment e�ects.

Although many statistical analyses reveal a correlation, 
such correlation is not the same as causation. In studying the 
e�ect of agricultural management practices, scientists and 
practitioners are interested in the “causal e�ect.” Consequently, 
additional steps are needed to ensure that the e�ect can be 
truly attributed to the treatment. In statistics, a causal analysis 
is performed either through careful experimental design (e.g., 
a randomized experiment) or through additional steps in 

data analysis when working with “observational” data (i.e., 
data collected without a standardized process of treatment 
assignment across studies and possibly with di�erent objectives 
and study designs) (Rosenbaum, 2002). Because the researcher 
working with observational data has no in�uence on study 
design, factors other than the management practice of interest 
are not “controlled.” With such potential confounding factors, 
additional e�ort is needed to try to account for their statistical 
outcome e�ect. It is very important to include as much of 
this information as possible in the analysis. �is allows the 
variation due to confounding factors to be separated from the 
impacts of management practices (Cochran, 1965).

Although many statistical methods for analyzing 
observational data are available (Gelman and Hill, 2007; 
Rosenbaum, 2002), almost all are based on assumptions 
that cannot all be easily veri�ed. For example, a commonly 
used method for causal inference using observational data, 
the propensity score method (Rubin, 2006), assumes that 
all confounding factors have been included in the data to 
produce the propensity score. Because all confounding factors 
are not likely known before a study, it is not possible to know 
whether this assumption is valid or not. Multiple statistical 
methods estimating the same e�ect (Nummer, 2016; Qian 
and Harmel, 2016), and alternatively speci�ed models within 
one method (Eagle et al., 2017), address this issue as well as 
other statistical assumptions, like normality and homogeneity 
of variances. When these alternative methods result in similar 
e�ect estimates, more con�dence can be placed in the statistical 
outcome and inferences.

Individual study e�ects can be combined across all the 
studies to generate an overall mean e�ect, which represents 
the magnitude of the summarized treatment e�ect (Fig. 1). 
�e standard methods for meta-analysis necessitate weighting 
of individual response ratios or e�ect sizes based on the 
sample size and variance of each study variable. �us, studies 
with more observations and less variability are given greater 
weight in the overall estimate. However, this sort of statistical 
information is o�en not reported for �eld-scale ecological or 
agricultural studies. Although resampling procedures such as 
bootstrapping have been developed to deal with such missing 
information (Adams et al., 1997; Gurevitch and Hedges, 
1999), reporting this variance information in some way or 
another is preferable and would contribute signi�cantly to 
improved understanding of treatment e�ects.

challengeS and iSSueS in SySteMatic 
reviewS, SyntheSeS, and Meta-analySeS

One consistent challenge throughout the �ve independent 
data synthesis projects was the di�culty in applying standard 
meta-analytical approaches to evaluate response e�ects. �is 
was largely due to system complexity and a lack of necessary 
information in the published studies. Put simply, it was di�cult 
to locate su�cient levels of available research data that met the 
selection criteria and reported on yield or nutrient losses in direct 
side-by-side comparisons of speci�c management practices. In 
some cases, research had not been conducted on the topic of 
interest (i.e., source, time, and place of application, in addition 
to or interacting with rates), or relevant results had not been 
published. �erefore, several of the meta-analyses identi�ed a 
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need for more published studies about nutrient loss and yield 
impacts of agricultural management practices. Published 
information was particularly lacking in drainage P studies 
(Christianson et al., 2016) and in Midwestern water quality 
studies testing enhanced-e�ciency N fertilizers (Cook et al., 
2015). Although the lack of direct side-by-side comparisons may 
be partially addressed with alternative modeling methods that 
can use data across multiple locations while correcting for other 
factors (Eagle et al., 2017; Qian and Harmel, 2016), this is only 
possible when data have been collected and reported on speci�c 
fertilizer management practices.

Results from some �eld research could not be used in the 
meta-analyses (or were di�cult to include) because important 
and relevant information was not reported or control treatments 
were not consistently de�ned and applied. Regional di�erences 
in climate, soil, and agricultural practice make some variation 
in experimental methods and objectives inevitable, but 
meta-analysis techniques are well suited to deal with them as 
explanatory variables when data are generated by research that 
applies consistent de�nitions, units, and treatments. However, 
this was not always the case. For example, whereas the standard 
corn grain yield is reported at a moisture content of 15.5%, 
yield was reported in various studies at 0, 10, 14.5, and 15.0% 
moisture. Other researchers failed to specify moisture content. 
In addition, because the incentives and goals of �eld research do 
not necessarily align with those of synthesis and meta-analysis, 
published studies were o�en missing the additional detailed 
information on treatments and other management factors that 
would have been valuable for cross-study comparison.

Other speci�c challenges included:
•	 Many studies reported ANOVA results but not the actual 

measured response data, which does not help in under-
standing the magnitude of e�ects or provide enough 
information for future meta-analysis. Although this report-
ing method shows signi�cance or lack thereof, it does not 
allow comprehensive comparison across multiple studies.

•	 Actual measured results were reported in �gures only (and 
not in tables), so that it was di�cult to extract accurate 
values for modeling or meta-analysis.

•	 Results reported in �gures or tables were o�en summarized 
across di�erent treatments, locations, or years, making it 
impossible to separate data into speci�c observations as-
sociated with key management or environmental factors.

•	 �e majority of �eld research did not report estimation 
error in treatment e�ects (i.e., variability among replicates) 
in the outcome data, making it di�cult to determine the 
precision of reported values and to assign appropriate 
weights to studies in the meta-analysis models.

•	 Most studies did not report any estimate of measurement 
uncertainty (i.e., uncertainty due to an instrument or 
method), even though researchers are increasingly calling 
for and explaining the bene�ts of publishing such values 
corresponding to measured data (Beven, 2006; Harmel et 
al., 2006a, 2009, 2014).

•	 Few studies reported both N and P losses; nor did they 
report di�erent forms or loss pathways for an individual 
nutrient. For example, Eagle et al. (2017) found only one 
study that reported both N2O and NO3 losses, making it 
di�cult to identify management synergies and tradeo�s 
between these two environmentally sensitive loss pathways.

•	 Crop yield response to treatments was not always reported, 
making it di�cult to assess the relationship of losses to 
productivity. Yield (at a speci�ed moisture content) is 
needed to address losses in yield-scaled units, a concept 
that has several merits, especially in environmental markets 
( Johnson et al., 2011; van Groenigen et al., 2010; Venterea 
et al., 2011; Zhou and Butterbach-Bahl, 2014).

•	 �e frequency or interval of measurement and data collection 
for NO3 losses and N2O emissions was not always reported. 
However, both timeframe for measuring losses and frequency 
of measurement can have an impact on losses measured.

•	 �e lack of consistently de�ned controls and treatments was a 
signi�cant barrier to the calculation of treatment e�ects. Greater 
standardization in experimental design would make it easier to 
compare e�ects across locations and cropping systems.

�e consistency of the control is crucial for a meaningful 
meta-analysis. To test alternative fertilizer management 
practices, however, many studies use a locally standard rate 

Fig.	1.	Multiple	studies	investigating	a	treatment	contribute	to	an	overall	effect	size.	Examples	of	weighting	shown	with	box	width	and	
arrow	size	are	illustrative	only	and	are	not	intended	to	be	to	scale.
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(or source, placement, timing) as their “control.” In fertilizer N 
source comparisons, some studies tested a new fertilizer source 
against locally standard sources or used di�erent timing or rates 
with the new source than with the control (Eagle et al., 2017). 
Although this may make sense from an agronomic practice 
point of view, the variability in these standards complicates 
the comparison across studies and environmental conditions. 
For example, Christianson and Harmel (2015b) examined 
85 site-years from 13 studies with N fertilizer applied “out-
of-season” (i.e., >2 mo before planting). However, only four 
and �ve studies, testing at-plant timing and pre-plant timing, 
respectively, reported su�cient data for developing a response 
ratio to compare out-of-season applications with the alternative. 
�erefore, using “out-of-season” N application timing as the 
control meant that only studies that reported out-of-season and 
at least one additional application timing could be used.

In the end, �eld research studies that reported more detailed 
experimental and meta-data had a much higher chance of 
inclusion in the meta-analyses and data syntheses. Although 
some data limitations can be (and were) addressed by contacting 
study authors for original datasets, this can pose an undue burden 
on �eld researchers. Data and meta-data are also less likely to be 
available with the progression of time (Michener et al., 1997). As 
an example of the value of reported data for meta-analysis, Fig. 2 
illustrates the total number of studies that measured and reported 
N2O or NO3 losses in North American corn-system fertilizer 
management studies, separated into di�erent publication time 
periods (Eagle et al., 2017). Data from studies that measured only 
short-term losses or reported concentrations or �uxes without 
cumulative totals could not be used in the meta-analysis, and data 
that were reported as multi-treatment or multi-year averages posed 
other problems. �e meta-analyses with yield-scaled losses could 

use only those observations with both loss and yield data reported 
by year and treatment. Because variability measures were only 
reported in limited studies, the typical meta-analysis procedure 
of weighting by variability could not be performed without losing 
valuable observations.

recoMMendationS for 
agricultural reSearch

Speci�c changes in �eld research design, reporting, and 
data publication would ease many of the common challenges 
experienced and would facilitate future systematic review and 
a posteriori meta-analysis. Recommendations presented here 
focus on agricultural nutrient management research but could 
be extended to other topics that have policy implications, 
especially those a�ecting agri-environmental interactions. 
Similar guidelines are advocated in related �elds such as 
ecology and evolutionary science (Gerstner et al., 2017).

field research with common Protocols 
and Definable Treatments

�orough, standardized meta-data and response data 
collection and reporting make cross-study comparisons more 
reliable. Some recently established large-scale, multi-site 
agricultural research projects have coordinated project-design 
e�orts with a goal of producing end data that can be combined 
and reported across experimental studies. Such e�orts are 
far from trivial, given varying study objectives, funding 
limitations, regional speci�city, and other issues. For example, 
the Long Term Agricultural Research network (Walbridge and 
Shafer, 2011) spent considerable time and e�ort developing 
meta-data protocols that, if maintained for all primary 
research, could be extremely valuable for meta-analysis. 

Fig.	2.	Quality	of	data	available	from	peer-reviewed	studies	of	fertilizer	management	experiments	that	measured	either	N2O	or	
NO

3
	losses	in	corn	field	trials	in	North	America.	Categories	with	darker	shading	have	progressively	more	information	available.	The	

baseline	for	each	timeframe	and	data	quality	category	shows	the	number	of	papers	for	which	data	were	available	within	the	article	or	
supplemental	material.	The	mid-bar	extensions	upward	show	data	gained	after	direct	author	contact	and	subsequent	data	provision.



2446	 Agronomy	 Journa l 	 • 	 Volume	109,	 Issue	6	 • 	 2017

Another USDA �eld research network of 35 experimental 
sites established certain standard treatments and variables, 
with room for treatment di�erences across sites. Standardized 
protocols were applied to soil and crop measurements, 
water measurements for drainage, and greenhouse gas �ux 
measurements (Kladivko et al., 2014), and an online data entry 
interface enforced uniformity and structure (Herzmann et 
al., 2014). Extension of these protocols beyond these large, 
broadly coordinated research projects would increase the wider 
applicability of other �eld research data. Field studies designed 
and conducted with consistent measurement protocols 
facilitate clear comparisons between studies and permit 
e�ective comparisons between treatments—across multiple 
studies—in future meta-analyses.

Consistently de�ned controls and treatments across studies 
allow for meaningful comparisons and can reduce otherwise 
unexplained di�erences in e�ect sizes. Further, when creating 
either empirical or mechanistic models of biogeochemical 
processes, the implications of an individual practice change 
should be examined before the interactions between multiple 
practices (if applicable). For instance, do not change both 
fertilizer rate and tillage type without looking at the individual 
e�ects of each. Although complete factorial designs are a basic 
tenet of experimental design, short cuts take place because 
of inadequate time, plot space, or other resources (Casler, 
2015). Field research that compares whole systems with one 
another (e.g., organic versus conventional) (Dobermann, 2012; 
Seufert et al., 2012) may have multiple explanatory factors 
for the measured outcome, making it di�cult to identify the 
impact of an individual factor (e.g., reducing N fertilizer rate). 
Certainly, given the distinctiveness and individual challenges 
of each �eld experiment, it is not universally possible to apply a 
single experimental design. However, to aid meta-analysis and 
modeling, �eld research teams and collaborations can strategically 
design experiments as much as possible to standardize treatments 
and to change one management factor at a time and then follow 
up with combinations of di�erent factors.

recording and reporting data

Whereas standard criteria on data completeness and quality 
can determine the suitability of data for publication (White 
and van Evert, 2008), meta-analysis can extend the value 
of these data beyond the original experiment, and beyond 
replication, to application in policy and other decision-making. 
Experimental data are appropriately complete when the data 
and supporting information su�ciently allow the experiment 
to be reproduced, either in the �eld or with a simulation model 
(Hunt et al., 2001, 2006). �e quality of a dataset involves 
precision as characterized by common statistical measures 
and the completeness of the data. Although it is not always 
easy for a researcher to anticipate the kind of data that will be 
important for future meta-analyses, storage in a database with a 
common protocol facilitates subsequent use.

For agricultural meta-analysis comparison across studies, 
management practices, and other conditions, the importance of 
potential controlling factors (whether or not they are statistically 
signi�cant in the individual experiments) increases substantially. 
�erefore, noting applicable dates and crop stages, it is important 
to record all management activities that a�ect nutrient loss and 

plant utilization, in addition to general site characteristics such 
as weather and soil data (Table 2). �e highly signi�cant role 
of environmental controls in nutrient cycling makes it essential 
to report response data for each year (with di�erent weather 
patterns) and each location (with di�erent soils and other 
characteristics). Recording as many covariates as possible means 
that all confounding factors can be included as random or �xed 
e�ects, reducing unexplained statistical error and providing 
credibility to subsequent meta-analysis.

For numerical values, data should be reported in tables (either 
in the body of the paper or as supplemental data), not only in 
�gures. Although so�ware programs such as Data�ief can 
help retrieve estimates of graphical data, this requires an extra 
step and may introduce additional uncertainty in the analyses. 
It is also essential that all data collected be clearly de�ned. For 
example, does the study report total P in runo�, or is it total 
dissolved? Is the value truly a total based on a digestion of liquid 
and sediment in the sample, or was sediment �ltered?

�e uncertainty due to an instrument or method as well as 
estimation error for treatment e�ects should also be reported for 
each type of measured data. For example, Harmel et al. (2006a, 
2009) discuss methods to estimate uncertainty in discharge 
and nutrient �ux measurements. �is information is valuable 
for comparing datasets, for model evaluation, and for decision-
making based on the measured data. Although meta-analyses 
in medicine, behavioral science, or even ecology tend to have 
many observations for each treatment (each of which may have 
other associated characteristics), the nature of agricultural �eld 
experiments with replicated treatments may require adaptation 
to typical synthesis methods. For example, the reported mean 
of three replicates for the control is compared with the mean of 
three treatment replicates, each with variability measures, so that 
a measure of variability is associated with the treatment e�ect of 
a “single” experimental subject. �e variability between subjects 
within a study occurs at another level.

Publishing Data

Publicly available original data, either linked to a publication 
or within a central data repository, are vital to creating more 
balanced datasets for meta-analyses and data syntheses. It may 
not always make sense to publish the full-factorial dataset of 
�eld research experiments, as some treatments may not have a 
signi�cant impact, trends are consistent from year to year, or 
a treatment has essentially the same response across locations. 
However, for purposes of meta-analysis, and to understand 
the amount of variability resulting from weather and other 
factors, it is helpful to have outcome data available for each 
treatment comparison, for each year. �ese data could appear 
in supplemental materials online or be published with a unique 
DOI in a central database repository (Brouder and Gomez-
Macpherson, 2014). Journal articles should have URLs or DOIs 
that point to where the primary raw data are located or the best 
way to obtain data from the authors.

However, with few incentives to publish datasets (and o�en 
several disincentives, such as lack of funding or established 
guidelines), mechanisms to facilitate this process are essential. 
Even researchers with the best of intentions will o�en move 
on to the next project without curating or publishing their 
datasets. Researchers with valuable datasets may also be 
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reluctant to provide data to multiple users because of time 
and resource requirements. Traditionally, there has also 
been a reluctance to make datasets available to others, thus 
maintaining control for future publications. Well-organized 
data repositories with e�ective technical support, an ability 
to embargo data for given time frames, and �nancial support 
within the research structure for data management are key to 
solving these issues.

Requirements by Journals or Funders
Guidelines or requirements can be put into place by leading 

agricultural and agri-environmental journals and funding 
agencies to help ensure that �eld research results survive 
beyond the initial publication and can be used for additional 
meta-analyses or other purposes, such as model validation or 
calibration. With growing support for open access publications 
and datasets, journals could require data to be accessible as part 
of the publication, with delayed access to protect authors’ rights 
to use the data. �is is already being practiced by Nature, whose 
policy requires authors to “make materials, data, code, and 
associated protocols” available on request, and PLoS journals, 
who will only consider manuscripts for which “data and related 
meta-data underlying the �ndings” will either be deposited in a 
public repository or provided as part of the article.

Accompanied by �nancial and other resources, data 
management standardization by funding entities and agencies 
may be more e�ective than requirements by journals. Such 
e�orts can prioritize the creation and curation of both meta-
data and primary datasets. For future meta-analyses, providing 
honorariums to �eld researchers that may need to spend a 
signi�cant amount of time searching for archived data may 
enhance participation in the collection of unpublished data. 
Ideally, with proper standards to publish raw data, they can 
remain available and useful for many researchers rather than 
disappearing into a researcher’s archives.

�e increasing use of data repositories, and requirements 
by funders to use them, also expands available research data 
beyond that reported in published journal articles. Investment 
in such e�orts promises high returns, allowing for much better 
synthesis and modeling of �eld research results and possibly 
reduction of unnecessarily repeated experiments by better 
retaining institutional memory. In medicine, data from clinical 
trials for FDA-approved drugs must be posted at a central 
website (ClinicalTrials.gov) within 1 yr of study completion, 
regardless of publication status. Because only about 50% of 
these results are ever published (Riveros et al., 2013), there 
is a signi�cant amount of data being saved from possible loss 
simply by being placed in the repository. In the agricultural 
research setting, for example, this would mean that subsequent 
meta-analysis, data syntheses, and modeling would have access 
to possibly inconclusive experimental results (that when 
combined with others could tell a complete and compelling 
story). Similarly, the data from researchers who were unable to 
publish due to illness, death, or changes in career, and the data 
from PhD students who le� academia before publishing would 
be accessible. Of key importance for this to be successful is 
inclusion of data management in research grant budgets and in 
institutional metrics for promotion and tenure.

concluSionS

Many barriers exist to full data reporting in agriculture, but 
as the culture of data sharing has changed to a more “open-
source” mentality, opportunities have arisen to learn from the 
experience of many investigators and studies. It is important to 
emphasize that we do not advocate for uniformity in primary 
study objectives and design. Each study is unique and should be 
designed to test speci�c hypotheses. Currently lacking, however, 
are both the availability of meta-data that aid subsequent analysis 
and better access to primary data that would allow for extraction 
of relevant meta-analysis statistics. With a few adjustments to 
how agricultural researchers design experiments and report data, 
how journals set standards for publication, and how funding 
agencies direct resources for database sharing and management, 
agricultural and environmental scientists have an opportunity 
to apply their collective wisdom and adapt their research 
methodology to ensure the results are better suited to contribute 
to the development of a more productive and environmentally 
sustainable agricultural system.
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