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How to improve the legacy value of your dataset
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Highlights

* In New Zealand, agricultural datasets are important
tools for tactical and strategic decision making on
farm, and to inform policy at a regional and national
scale.

A structured system for collation and storage of raw
data which offers data entry in the AgYields National
Database is encouraged to enhance the reliability of
agricultural data and its quality.

» Consistent use of methodology for data collection
and reporting is the biggest challenge ensuring data
quality and utility in AgYields.

» High-quality data enhances the validity of findings,
which enables meaningful and trustworthy
conclusions to be drawn from it.

Keywords: Accuracy, completeness, national database,
quality, yield data

Background

Agriculture datasets are an essential source of
information at a global level to address the challenge to
feed a growing population, from production systems that
are sustainable and adapted to changing environmental
and climate conditions (Runck et al. 2022). They
provide evidence that allows farmers, researchers,
industry organisations, commercial businesses and
statutory authorities and other stakeholders to make
decisions regarding, for example, farm system
management, priority areas for investment in scientific
research, and policies for managing environmental
emissions from agricultural land uses decisions and
drive progress in the agricultural sector (Weersink et al.
2018). The effectiveness of datasets for these purposes
will be maximised when users have full confidence in
the relevance, coverage, quality and accessibility of the
data that they draw on (Carolan et al. 2015).

Datasets are the evidence base for decision making
because data collection and processing aim to reduce
uncertainty to allow users to make more knowledgeable
decisions (Daft and Lengel 1986). To enhance the
reusability of academic and commercial generated
data there is a need for a concise and measurable
set of principles with specific emphasis to improve
the utility of data for individuals (Senft et al. 2022)
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and of computers to automatically find and use data.
The FAIR (Findable, Accessible, Interoperable, and
Reusable) principles were created and supported by a
diverse set of stakeholders that represent universities,
industry, funding agencies, and scientific publishers in
Europe (Wilkinson et al. 2016). The FAIR principles
are complemented by the CARE principles (Collective
benefit, Authority to control, Responsibility, Ethics)
encouraging open data movements to consider both
people and purpose behind the data (Carroll et al.
2020). In New Zealand, the AgYields National
Database (agyields.co.nz) is a web-based repository
which operates under these principles. It serves as a
comprehensive source for data on pasture and crop
growth rates, yields and flowering date. It aims to
pool historic data, and that from current and future
studies, for all agricultural regions of New Zealand.
The database also provides subclasses of important
site and production parameters such as soil type,
harvest method, defoliation types and irrigation. All
data are organized into the New Zealand regions and
then location (i.e. districts or city) and narrow down
to sublocation or site (farm or even paddock level)
through latitude and longitude co-ordinates.

The aim is to offer a resource that can be used to
inform livestock and crop production systems across
New Zealand, and guide future data collection practices
by providing standardise methods to optimize the utility
for stored information in recognized formats. Besides
data collection, ensuring data quality and completeness
is crucial in research to maintain the integrity and
reliability of experimental findings (Malaverri and
Medeiros 2012). This includes developing a data
collection plan that uses validated methods and
equipment to standardize data entry and minimize
errors while gathering as much information as possible.

Data quality is a common concern in a wide range of
areas and refers to the accuracy, reliability, consistency,
and overall fitness for purpose. It encompasses the extent
to which data are free from errors, inconsistencies,
and deficiencies and can be trusted to inform decision
making, conduct analysis, and support various business
processes (Ferris and Rahman 2017). Reliable data
are needed to determine relationships between yields
and weather data, for example, to inform the potential
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Table 1
record in the AgYields database.

Summary of the format in which data are entered into the 47 different fields associated with each yield or growth rate

Data Format Number of fields % Details

Date 5 10 DD/MM/YYYY

Label 13 28 Text option from list or drop-down sub menu
Numeric 16 34 Numerical value entered by the user

Text 13 28 Free text entered by the user

and realistic yields in different locations nationwide.
Incomplete data, resulting from missing values and
accompanied meta-data, impairs data quality and utility
(Gandar and Kerr 1980). Missing data can occur due to
various factors, such as careless data entry, or physical
loss of records. Data completeness is one key measure
of how well a dataset captures relevant information and
its suitability for querying, analysis, and mining (Liu
et al. 2016).

Efforts to enhance the reliability of agricultural data
include, for example, methodologies for data collection
and analysis, development of novel database systems
and software applications (Malaverri and Medeiros
2012) such as the AgYields National Database (Moot
et al. 2021). Since prevention is more effective than
correction, data collection and compilation are the
first quality issues that need to be considered in the
generation of data that are fit for use (Chapman 2005).
For instance, non-reporting data, incomplete coverage
of data, imprecise concepts and standard definitions
are common problems faced during the collection and
compilation of data on land use (FAO 2021).

New Zealand agronomic research is not immune from
these problems. In an analysis of 100 papers reporting
agronomic trials in the Proceedings of the Agronomy
Society of New Zealand, and the New Zealand Journals
of Experimental Agriculture and of Agricultural
Research, Gandar and Kerr (1980) found that 37% of
papers contained no information on climatic conditions
experienced during trials, while a further 24% included
just a comment on climate in the text. Thus, only ~40%
of publications provided any quantitative information
on climate. No analyses of data completeness in New
Zealand agronomic research have been undertaken in
the 44 years since this analysis was conducted.

The aim of the study reported here was to assess the
completeness and accuracy of pasture and crop data
available from unpublished and published datasets held
in the AgYields National Database. The primary focus
was on the reporting methods and standards required
to allow relevant and accurate data to be included
into the database and add value to legacy datasets.
The high-level objective was to provide individuals
and organisations with guidance on the additional

parameters that should be included when publishing a
field-based dataset to maximise its utility now and into
the future.

Material and Methods

Two hundred and ninety-six (296) national submitted
datasets were obtained from the AgYields National
Database and compiled into a two-dimensional data
frame (Supplement Material 1). The data frame
contained a total of 47 cells, which were populated with
entries according to the formats shown in Table 1.

The total number of rows extracted was 29195: 47%
from published datasets and 53% from unpublished
sources (i.e., farmers notes, commercial company
trials, theses). Data frames were then classified into
two groups: Pasture (defined as forage and conserved
feed species) and Crop (harvested for grain or seed)
after the compulsory entry field: “Is it pasture/crop?”,
on the Site attributes entry mode page. The journals and
conference proceedings from which published datasets
were extracted are shown in Figure 1. Completeness
was calculated as the percentage of the required
data entry cells for which a numeric value or text
information was entered (Dong and Peng 2013). For
example, if information was entered for all 33 of the
cells, then completeness was 100%; if only 28 cells
were complete, then completeness was 85%.

Calculation and Analysis

The ISO/IEC 25012 standard defines completeness as
“the degree to which subject data associated with an
entity has values for all projected attributes and related
entity instances in a specific context of use”. The
completeness analysis considered the dynamic features
using periodic data profiling to identify completeness
(Guerra-Garcia et al. 2023). The quantification of
data categorical completeness for Pasture and Crop
datasets used the aggregate Sum function (colSums())
to compute missing data in rows and columns which
were blank (Table 2).

The qualitative evaluation of the reported data
was performed by considering the non-compulsory
entry field: “Description Notes” (Moot et al. 2021,
Supplement 1) and the frequency of appearance of
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A. Pasture

Proc. of the New Zealand Grassland Association ]330
New Zealand Journal of Agricultural Research :I 24.0
New Zealand Journal of Experimental Agricutture :| 20.0
Journal of New Zealand Grasslands :| 8.7

Proc. Agronomy Society of New Zealand 55

&1 Grass and Forage Science :| 2.0
z
ig European Journal of Agronomy ] 1.7
2]
9 New Zealand Journal Experimental Research ] 1.2
Proc. of the Australian Agronomy Conference ] 1:2
Crop & Pasture Science ]0.7
Nutrient Cycling in Agroecosystems ] 0.7
Journal of the Science of Food and Agriculture ] 0.7

Others™ [] 1.5

B.Crop PERCENTAGE DATAPOINTS (1)

New Zealand Journal of Agricultural Research 40.0

New Zealand Journal of Experimental Agriculture 260

Science of Total Environment 13.0
Proc. of New Zealand Grassland Association 9.0
Nutrient Cycling in Agrogcosystems 6.0

Prac. Agronomy Scciety of New Zealand 6.0

PERCENTAGE OF DATAPOINTS (%)

Figure 1 Journals from which published datasets were extracted for Pasture (A) and Crop (B) in the AgYields National Database.
*Others represented 1.5% and refer to Journals: Agriculture, Ecosystems & Environment, Ministry of Agriculture and
Fisheries, Agroforestry Systems, Proc. International Nitrogen Initiative Conference, Agronomy N.Z., Animal Production
Science and Proceedings of the International Grassland Congress.

Table 2 Methodological steps used to compare crop and pasture data frames and quantify data categorical completeness.
Step Procedure Output
1 Crop and Pastures data frames were compared with a com- The overall completeness is reported as percentage (%) of
plete data frame (no missing categorical values = 0% of miss- general completeness (rows and columns).
ing data
2 Within both data frames (Crop and Pasture) the categories Results were reported as percentage of completeness (%).

with the higher gaps were identified (blank cells in rows within
each column)
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key words “assume(d), assumption, estimate(d),
consider(ed)”. This was examined within attributes or
categories which had the highest (or lowest) degree of
accuracy, which is expressed as percentage (accuracy
indicator).

Results and Discussion

Datasets overview

Of the total data available, 96% (27394 data rows)
were from pasture trials with 4% (1801 data rows) from
crop trials (Table 3). This represented a total of 247
different dataset titles for pastures and 51 dataset titles
for crops. The dominance of pasture datasets is because
the database was originally established to assemble
pastoral data. Furthermore, since 2018 research effort
has been directed at pasture species through funding
from the livestock sector (e.g. National Forage Database
/Dairy NZ, the Hill Country Futures Programme and
the current Advancing AgYields to support forage/crop
decision making (by Beef and Lamb NZ).

While this is the first comprehensive database for
forage and crop yield, most data compiled to date
came from three main regions (Table 3). The majority
of datapoints (29%) were from measurements taken
in Bay of Plenty followed by pasture measurements
taken in Northland (~21% of the datapoints) and
forage and crop records from Canterbury (20%). The
percentage of records from these three regions reflect
the previous research focus on collating data from those
regions (Teixeira et al. 2023, Teixeira et al. 2023a) and
the presence of experimental areas on those regions
combined with the volume of experiments conducted
over time (e.g. Lincoln University).

Overall data completeness

Across both the pasture and crop categories, overall
completeness of the data accompanying each DM yield
or growth rate value was 60%. Thus, a considerable
amount of information was missing in each case,
especially considering several data fields are mandatory
(Supplement 1). This process revealed that some of
the articles and unpublished datasets lack critical
information and therefore, simply cannot be inserted
into a database or can only be inserted using proxies.
Most importantly, these results show that articles and
experimental descriptions can be greatly improved. For
instance, within the trial site attributes a mean of 81.5%
of the records lack the altitude parameter.

Data completeness - Pastures

Data for the exact latitude and longitude of sites
were missing for 27 and 31% of the pasture entries
respectively. Information respectively on soil type and
altitude was missing for 66% and 77% (Figure 2). This
contrasts with Gandar and Kerr (1980) who found only

Table 3 Total number of individual data points for DM yield
or growth rate evaluated for completeness by
region and category.

Category

Region

Pasture Crop

Northland 6272 0

Waikato 2040 85

Bay of Plenty 8436 56

Hawkes Bay 1213 276

Whanganui-Manawatu 1400 206

Canterbury 4833 963

Otago 1212 102

Southland 1605 108

Other 383 5

Total 27394 1801

(% total) (96) (4)

13% incompleteness with 87% of papers identifying
the trial soil type. This discrepancy could be due to the
unpublished datasets which do not have an indication
of soil type.

For pastures, entries can be either from resident or
sown pastures. When sowing date was selected, 5%
were assumed because authors did not provide the
exact date. For instance, when authors mention “sown
in September 1977 the assumed date is the 15" of
September of 1977. When year is not mentioned, or
the information provided is too general (for example
sown in spring) a date cannot be entered, or ultimately
the user must infer a hypothetical date. In this case
it is recommended to insert an observation in the
Description notes field.

Of more concern regarding data quality, the method
used for measuring DM yield or growth rate was not
specified for 19% of the entries, and no information
was provided for the defoliation management of trial
plots (cut, grazed etc.) for 48% of entries. Where the
measurement method was given, exclusion cages and
quadrat cuts were used to derive 38% and 21% of the
data respectively.

Unlike measurement technique, there is no drop-down
menu for the trial defoliation management in AgYields.
Users can enter information as free text (Table 1) in the
‘Defoliation Method’ cell. For example, the user can
indicate if the trial was cut mechanically or grazed: if
it was grazed, the species of grazing animal (sheep,
cattle), grazing method (continuous grazing, mob
stocking rotational grazing etc.), and grazing intensity
and frequency (rotation length, pre- and post-graze
mass/height etc.) can be specified. The observation that
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Figure 2

Percentage of datapoints missing site attributes information from pasture species (A) and crop (B) datasets. Pastures are

defined as forage crops and conserved feed. Crops are defined as plants grown for grain or seed harvest.

this information is missing for half of all points to a
major omission in the recording and reporting of trial
details that should be addressed in future.

Data completeness - Crops

Crop datasets were more concise and less complex
because they mostly come from monoculture trials
established on one sowing date whereas pasture
datasets are more complex in terms of species mixtures
and different sowing dates (autumn, spring sown).
Nonetheless, sowing date was stated in 14% of the
datasets included in the analysis (Figure 2 B). The exact
latitude and longitude of sites was poorly described with
40 and 44% of entries lacking the latitude and longitude
respectively. Soil type information was not entered for
50% of all datapoints. For the sown crop entries only
14% of the records had no indication of sowing date.

Data accuracy

From all sowing dates which were informed 97.5+0.75%
had exact date (Table 4). However, from all datasets
combined, 29% of the sown crops and pastures records
had indicated that the species were sown but no exact
date has been provided nor “estimated” dates have been
entered. For instance, the author(s) only reported “sown

CLENNT3

in November”, “sown in early autumn”. In this case,
proxies can be used to estimate the sowing dates.

This process of filling in missing data with an estimate
or predicted value is commonly referred as “data
imputation” (Bennet 2001). The goal is to provide a
more complete dataset for further analysis or modelling
by replacing missing values with realistic estimates or
proxies based on the available information whenever
possible (Yi et al. 2021).

Regarding measurement dates, 10+0.4% of the
harvest dates (End date) were assumed. Different
from sowing dates, the measurement dates must be all
entered (except when annual yield is inserted) so the
degree of accuracy is slightly lower (mean of 90+2.8%)
than the degree of accuracy of the sowing dates.

From all datasets in which irrigation was mentioned
(for example “trial was irrigated”) 63+14.5% of
the records had no exact amount of water applied in
irrigation so an estimated value had been inserted.
Regarding species, <0.5% of pasture species were
assumed while for the crop datasets, as expected, the
species were accurately reported. In AgYields users
have the possibility to select an option “Resident
pasture of unknown composition” when only resident
pasture is mentioned. In terms of species the most
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Table 4 The degree of accuracy for selected variables within Pasture and Crop datasets from AgYields datasets.
Variable Pasture Degree of accuracy *(%) Crop Degree of accuracy *(%)
Sowing date 99 96
Measurement dates 98 82

Irrigation 77 48

common inaccuracy identified was when authors write
“yield of ryegrass” or “clover yield” without specifying
the species (e.g. perennial vs. annual ryegrass; white
or red clover). The AgYields species list to date, has
five options of ryegrasses (perennial, perennial hybrid,
annual, Italian, hybrid) and 28 clover species. Over
the decades the name of forage species might have
changed or will change or still become a synonym. One
example is kikuyu grass, recently named as Chenchrus
clandestinum (Sierra et al. 2023) known previously as
Pennisetum clandestinum (Percival 1980). The changes
in nomenclature can cause some degree of uncertainty.
It is recommended to users to consider as much as
possible the information reported on the original
dataset to ensure that the datum is accurate and matches
the source.

Data collection in New Zealand

According to Hendy et al. (2018) New Zealand is “data
poor” compared with other countries such as USA,
Japan, France, Germany, India, China, and Australia.
This is a limiting factor in the quality of agriculture and
crop modelling results. The authors identified the (i)
need to regularly update digital maps of land use that
are available to all and (ii) to improve the acquisition
of farm-level data which can be used to analyse, for
instance, species suitability and economic performance
of farms. Options for developing more useful data may
include randomised controlled experiments to estimate
key parameters (e.g. yields, growth rates), particularly
on regions working with Landcorp to conduct
experiments. Landcorp, also known by its Maori brand
name Pamu, is a New Zealand government state-
owned enterprise. Its core business is pastoral farming,
including dairy, sheep, beef, and deer farms. The data
collected by a Landcorp (Pamu) is useful to enhance
farm performance, animal welfare, environmental
responsibility, and overall industry progress. However,
Gandar and Kerr (1980) reported that the effectiveness
of agronomic research in New Zealand is relatively low
due to poor targeting of the research to end user needs;
poor design of trials relative to the (often unspecified)
aims or targets (e.g. inadequate treatment levels, short
duration, failure to replicate in different environments);
and incompleteness of associated information provided
in papers especially with respect to environmental
variables.

Since 1991, New Zealand’s seed companies and plant
breeders implemented comprehensive nationwide trials
known as the National Forage Variety Trials (NFVT)
system (Thom et al. 1998). These trials aim to provide
impartial data regarding cultivar performance to the
pastoral industry (Easton et al. 1997). This valuable
dataset was subsequently transferred to DairyNZ, where
it was incorporated into the DairyNZ Forage Value
Index (Chapman et al. 2019). This index plays a vital
role in the evaluation of pasture cultivar performance
aligned with industry-established standards (Lee et
al. 2018, PBRA 2023). The trials consist of replicated
studies conducted across the country to assess both
current and new cultivars (Chapman et al. 2017).
These trials follow a technical protocol, and each trial
undergoes an independent audit on an annual basis.

Assessment of dry matter yield is conducted using a
rotational management approach. There are summaries
available for example for annual, Italian, hybrid and
perennial ryegrasses, for all New Zealand trials: upper
North Island, lower North Island, upper South Island
and lower South Island. Total and seasonal yields
are presented. These summaries have been uploaded
into AgYields (e.g. dataset www.agyields.co.nz/
dataset/447). In this case the temporal (annual/ seasonal
yield and dates) information is well described but some
challenges were encountered entering summaries
referring to location. For instance, which region should
be considered when there is an upper South Island yield
(e.g. Nelson or Marlborough)? How representative are
those summaries in such a large area from a farm level
viewpoint? It would be more accurate if NVFT data
were added into AgYields as individual sites rather than
using regional references.

A systematic and detailed on-farm method to measure
pasture growth rates by cutting samples from movable
cages using a mower was presented by Radcliffe (1974).
This approach was applied in experiments across New
Zealand to understand the seasonal growth patterns in
grass-clover pastures. Similarly for cereals, researchers,
and consultants conduct field surveys to record cereal
yields. The samples are collected from representative
areas within a field by cutting plants at specific growth
stages (e.g. silking, maturity) and measuring biomass
and grain yield (PBRA 2023). These surveys provide
valuable data on crop performance. By combining
harvested area information (ideally following the spatial
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Figure 3 Simplified representation of how sustained efforts (over time, x axis) from data collection to analysis reaches an optimal

level (quality, y axis). Adapted from Voytek (2016).

criteria specified with yield estimates), total production
can be calculated (Statistics New Zealand 2021).
To prevent unfairness and inefficiency, researchers
and farmers must maximise completeness of their
data collection procedures first (Figure 3) to ensure
data quality (Chapman 2005) and prevent missing
data (Lopucki et al. 2022). A series of fact sheets and
video-tutorials have been developed and publicised to
promote among the New Zealand farming groups the
existing techniques, the basics and standard protocols
for data collection (Beef and Lamb New Zealand 2017,
AgYields 2023).

Data completeness, accuracy, and consistency are
valuable metrics for assessing data integrity and quality
(Congetal. 2007). There are many challenges in ongoing
data quality such as: modelling and management, quality
control and assurance, analysis, storage and presentation
(Chapman 2005). The approach used to handle each
one of these issues depends on the application and the
level of data quality required for the intended use. The
analysis of these Pasture and Crop datasets shows which
variables have been well reported and those which are
poorly described and therefore potentially compromise
the data quality. Schafer (1999) stated that a missing rate
of 5% or less is negligible. According to Bennett (2001)
a statistical analysis is likely to be biased when more
than 10% of data are missing. The amount of missing
data is not the single criterion by which one assesses
the missing data problem. The missing data mechanisms
and patterns have greater impact on research results,
for example, than does the proportion of missing data

(Dong and Peng 2013).

The absence of a system to find and preserve raw data,
combined with their current widespread loss, impedes
scientific advancement (Voytek 2016). Therefore, a
database such as AgYields is a useful tool to avoid data
loss and improve data findability and quality.

Conclusions and future implications

The objective of many sectors depending on data inputs
from research is to create a virtual data collection-
process and analysis system. Lessons can be gained by
the agri-food industry in New Zealand from the social
and medical sectors (O’Connor et al. 2022) which rely
heavily on research data to improve decision making.
Crop datasets tend to be more concise and less complex
(mostly monoculture and one sowing date) compared
with the pasture datasets which have species mixtures
and different sowing dates (autumn, spring sown). This
paper has listed the base information using AgYields as
an example of a template required to maximize the value
and future proof data collected. Information about site
altitude, latitude, longitude and water use in irrigation
are moderate-poorly reported. Experiments, and on
farm data collection can be improved by accurately
recording site and date of collection. Referees of
peer reviewed journals are encouraged to ensure base
data are provided to minimize ‘missingness’ during
data collection and reporting. Missing data limits
interpretation, making it difficult to draw meaningful
and trustworthy conclusions.
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