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Introduction

General Principles- T.van Hintum & K.U Sattler

In research the quality of the data used in anyargis one of the key factors for the
success of the project. Garbage in —garbage oig.obviously also hold true for the
Generation Challenge Programme (GCP) and all dgpts.

The GCP aims at unlocking the genetic diversitthemworlds genebanks by using new
technology, based on the increasing knowledgeeofgnome. Passport data play a
crucial role in this attempt. Core collections weetected on the basis of passport data,
and subsequently genotyped with molecular markaesmplasm panels representing
specific niches of diversity or cross sectionsigétsity are created to study
physiological contrasts, performing associationeggierstudies, or creating genotype
panels for DArT. Always the quality of the passpaata is the major factor for success.

Compared to other types of data produced in the,@@&sport data are relatively simple.
We have well established standards for the bagictstre of these data: the Multi Crop
Passport Descriptor (MCPD) list (FAO/IPGRI 2001hig'simple list of passport
descriptors proved to be an easy to use strucbumgata exchange, and is widely used for
this purpose. It obviously has its limitations, awmith the new information technologies
becoming available extension of the list or theligppon of ontologly driven approaches
are being explored and applied. But still, the MCRiID act as an anchor, a common set
of concepts to which all other approaches will ble &0 map.

When discussing data quality, we are not alonea Qaality is an extremely important
factor in any process that uses data. Companiekbsamuch money if the data they use
in their production, logistics or management iomplete or unreliable. Data quality
becomes an important issue in all data-intensiy#iegiions where data do not fulfill the
requirements, e.g. because the data are incomplet@ct or just erroneous. Data quality
problems can have many causes. For example prolgi@msccur during manual data
entry, or be caused by systematic errors in tefimspoesentation (improper data types or
encodings) or inappropriate formatting.

But what exactly do we mean if we refer to ‘datalgy’'? An often used definition is
Jitness for use®“. However, this is very generat does not describe which criteria are
satisfied or not. In the information technologgtature many different dimensions of
data quality were introduced, and several clasgifios of dimensions have been
proposed. However, from 179 dimensions presentéd/dayg Strong (1996) only a few
are typical used. These are

» completeness referring to the portion of real-world objects regented in the data
set or from a more technical point of view the fiae of non-null values,

» correctness describing to which extend data are accurate, @vberrectness
means the nearness of a value to the correct ddiwalues, and



» consistency specifying the fraction of data (records, values)violating given
business rules (e.g. integrity constraints).

Basically, the common idea shared by all defingiof data quality is that data quality is
a multidimensional and also a subjective term.

Beside the definition of the relevant dimensionsieasure data quality, there are a
number of other issues to consider. Fidata quality assessment is important in order to
estimate relevance, significance or generally #iaesof results of analyzing tasks based
on the data. Due to the previously mentioned fan@I@O principle (garbage in —
garbage out) results can be only as good as tiymiit.i Assessment also provides the
indicator for necessary improvements of data qualitd allows to evaluate the cost-
benefit ratio after improvements. The result oeassent is a set of quality scores which
are assigned to the individual dimensions. Thersgcssue is to the define an
appropriate model for making these scores explieitstoring them in a database and
associate the scores to the data. An exulata quality model allows for further
interpretation of quality information as well asiking or source selection. Finally, if the
quality of the data does not fulfill the requirerteeit has to be improved by applying
data cleaning techniques. These include domain-independent techniques asich
normalization and transformation, outlier detectiolentifying and repairing missing
values, duplicate detection but also domain-speagiproaches. Data cleaning runs often
in a feedback loop starting with assessment inrdalelentify and quantify quality
problems followed by the required cleaning stepsafinal assessment.

Looking at passport domain, this can be translated the following issues:

How complete are the data? Are there ways to iseréide number of values — by
using other available fields or additional datarsea? Going back to information
recorded during the collection of the materialusing available collection site
information to add longitudes and latitudes cowddoptions.

Are the data correct? Are there ways to checkefabcession is actually the species it
is recorded to be? Spelicheckers, checklists, Isatthe actual growing and
checking the material are approaches that canm&d=red here.

Are the data consistent? Do the codes exist, degbeies grow where they were
recoded as being collected?

These three dimensions of data quality seem tbdenbst relevant and important ones,
and will be explored in some depth in the text goe reading.

A workshop, organized by Bioversity, and fundedhwy GCP, was held in Rome 3to 5
July 2007, to discuss passport data quality, amdake an inventory of opportunities to
measure and increase the quality of these data.rmanual is the outcome of this
workshop. In it, we do not want to give an in deatiademic analysis of all dimensions
of data quality — if you are interested there enpy of material to read from highly
theoretical (such as Wang and Strong 1996) to higpplied (Chapman 2005, check out
the GBIF website for other manuals !) In steadhis manual we will try to provide the
gene bank curator and the gene bank database mavidgeasy to use ideas,



suggestions and tools to check and improve thetyudltheir passport data. To some
readers some of the items will appear to be opemnsgand can be ignored, others might
be eye openers, or just things that are availalisimply not known to some. We trust
that it will provide an accessible help in improyithe quality of the passport data.

International Obligations - S.Harrer

In 1992 the Convention on Biological Diversity (CB&et up a first comprehensive
international framework for the conservation anstainable use of all biological
diversity. To address more the specific problemagsicultural biodiversity, a second
international binding agreement was negotiated utideauspices of the Food and
Agricultural Organisation (FAO) of the United Nat& The International Treaty on Plant
Genetic Resources for Food and Agriculture (ITPGREs#mne into force in June 2004
and was ratified up to now by 112 countries andBhmpean Union (by July 07). Its
objectives are the conservation and sustainablefysi@nt genetic resources for food
and agriculture (PGRFA) and the fair and equitablaring of benefits derived from their
use, in harmony with the CBD. Through the ITPGRE®&untries agree inter alia to
establish an efficient, effective and transpareunitilateral System to facilitate access to
their PGRFA, and to share the benefits arising ftloenuse of plant genetic resources in a
fair and equitable way. The Multilateral System lgggpto over 60 major crops and
forages.

One central element to facilitate the access t¢’tARFA in the Multilateral System is
the obligation of the Contracting Parties of theGRFA to make “all available passport
data” (article 12.3(c)) accessible by means ofditagues and inventories” (article
13.2(a)) amongst others through the Global InfoiomaBystem (article 17) of the
ITPGRFA. The terms of the material transfer areil&gd by a Standard Material
Transfer Agreement (SMTA) in which the providertioé material commits himself also
to make “all available passport data and, subgeepplicable law, any other associated
available non-confidential descriptive informatigiiticle 5b) of the SMTA) available to
the recipient together with the PGRFA providedthis respect the quality of passport
data becomes crucial.

The Global Information System of the ITPGRFA wid based on existing national (e.g.
institutional information systems, National Invemn¢s), regional (e.g. EURISCO, GRIN)
and international (e.g. SINGER) information systeBesides international standards for
data exchange like the Multicrop Passport Desaspidata quality, i.ecompleteness,
correctness andconsistency, will be one of the most important prerequisiteits
satisfactory implementation and functioning.

Generic Methodologies



Referential Checks- E.Arnaud

A data set checking against referential data sateeéded for most of the Passport data
fields, mainly those related to: taxonomy, botahi@ane, author names, institution codes
and name, country names, coordinates, locatiordplames, collecting environment.
Some of these fields in the Passport data are n@anydzecause they ensure that the
recorded Passport data is meaningful. Consequastihose fields cannot remain empty
and has to be properly filled, a referential chegks necessary. The mandatory field are
often identified with SQL rules imposing to cho@sealue in a reference picklist and
preventing the record validation if the filed is@mor mistyped. Referentials to which
this feature applies at best are the Taxonomywsts Genus, species, accession names
because it reduces a lot the misspelling errors.

Referential checks of data sets will use the attthlbsts or authority data sets that can be
found on thematic web sites, in guidelines for dptality, in reference books, or
embedded as picklists in the database for daty assistance. To follow the principle of
currency and timeliness, the authority source asetlits version should be cited with the
checked data set or with the picklist built frona tuthority list.

The proper authority list has to be chosen foll@wiecommendations, guidelines.
Reference web sites recommend the use of referémtihe Passport data _ multi crop
sites e. g. GBIF, SINGER, EURISCO, GRIN and alsopXpecific sites. The referential
data sets can also be quality data fom other ds¢gb@ompiling the same types of data
and identified as being an authority by domain eigp&everal referential adapt sets are
cited in the following chapters according to thpeyf data set to be checked for the
MCPD along with the methodology on when and homagshose referential data sets.

Checking data sets against referentials allowdyred that the recommended standards
is properly applied but can also highlight varigpusblems: « A wrong codification,
wrong IDs » misspelling « gaps ¢ Erroneous or ingate data.

It also allows identifying new data that is not yetluded in the authority list. In this
case, the a specific temporary code or name may todee found and explained to be
easily retrieve and be substituted by he officraé once it is produced.

Additional information on the level of quality coat or certainty of identificationcan
inform users of the data status and their fithessi$e (Chapman, 2005): « data has been
fully checked against referentials/authority listfata is temporarily attributed waiting

for validation « data has not been checked.

An authority list or referential data sets alloviicking and integrating various
standards. For the MCPD: ¢ An official codificatiang. ISO country codes, ISO
languages codes, ¢ An official ID: e.g. FAO indibn codes, Unique accession
identifier, alternate identifier « An official batacal name: Reference taxonomical
checklists (Taxonomy checker) ¢ Appropriate cooatis or location name: GIS,
Geomancer, Atlases, gazetteer. « Environments: @&ps.



Spelling check T.Metz

Values in free-text fields may be duplicates thedonly by minor variations in
spelling, e.g. capitalization, punctuation, typekjte space. Examples of such free-text
fields are bibliographic references, addressesesarfipersons, places, institutions, etc.

The commonly available string comparison functidhspn only make a binary
distinction, whether text strings are equal or iibiey do not allow fuzzy comparison[2]
of text strings. An easily available and generalbplicable tool[3] that uses the similarity
of text strings to quickly find possible fuzzy digaites in a list of strings is described
here. A more complete description of differentrggrsimilarity metrices can be found
here[4].

Fuzzy duplicates may lead to various data qualtplems: o The number of distinct
entities is inflated, e.g. the number of distiretipients of germplasm as counted from a
contacts database is too large if there are fuapjichtes of recipient names/addresses. o
Multiple records for the same entity lead to da@dundancy and data inconsistency and
to query results that vary according to the spglohthe input. o The number of distinct
states is inflated, e.g. the description of thethalt a collection site contains fuzzy
duplicates that only orthographic variants rathat tlescriptions of different habitats. o
Linkages within the database or to external daebasgy be missing or inconsistent as
there are usually exact matches required. Thisaffagt linkages by taxonomy,
bibliography, place name, etc.

The String Similarity Checker (http://cropwiki.irorg/spellcheck/) is a web-based tool
that allows users to check long lists of stringanfes, addresses, bibliographic
references, etc.) for possible fuzzy duplicatesn@arisons of all strings in the list will
yield groups of similar strings that are above ertdefined similarity threshold.

An additional functionality is available to checkist of strings against a user-supplied
dictionary of stings in order to find possible fyztuplicates. This is useful if users have
a clean dictionary of distinct strings (e.g. nanaekjresses, etc.) and want to check
whether the addition of new strings would createzjuduplicates.

A typical output from a similarity check of a list names is shown below.
ALAN CARPENTER

ALAN J. CARPENTER [0.90]

ALAN L. CARPENTER [0.90]

B. H. SIWI
B.H. SIWI [0.95]

CHRISTOPHER TSEU



CHRISTOPHER TSUE [0.94]

The similarity measure is a value between 0 (cotaplelifferent — not a single character
in common) and 1 (exactly identical — charactechgracter). The measure is based on
the edit distance as well as the length of thegs$ti A more detailed explanation of the
functionalities and the definition of the similgrineasure are available in the user guide
(http://cropwiki.irri.org/spellcheck/userguide.himi

Limitations: Spelling check based on fuzzy strimgnparison only addresses syntactic
similarity (e.g. Philippines vs. Phillippines), hutt semantic similarity (e.g. UAE vs.
United Arab Emirates). If naming systems are basesmall syntactic differences, e.g.
sequential numbering of accessions where the sshaitessible difference is also the true
difference between genuinely different names, ayfistring comparison approach may
yield too many false positives to be useful. Tha tpickly highlights possible fuzzy
duplicates but users need to make an independeisialewhether an observed similarity
between two strings is a fuzzy duplicate or a geaulifference.

[1] http://en.wikipedia.org/wiki/String_functiongprogramming)
[2] http://en.wikipedia.org/wiki/Fuzzy_string_sehig
[3] http://cropwiki.irri.org/spellcheck/

[4] http://lwww.dcs.shef.ac.uk/~sam/stringmetricsiht

Cross checks (tabulation) T.Metz

Databases provide easy-to-use query function&i@l() for tabulating or counting the
unique values of categorical fields. Text booksS@L usually provide only basic
examples where this functionality is used for répgr while implicitly assuming that the
underlying data are complete and correct. The symi@x that is used for reporting can
also be used for checking on data quality. Thefaihg MS Access SQL examples show
different applications of the basic SQL tabulationctionality for data quality checking.
The techniques used in different examples may b#oted for more complex problems.
SELECT soil _texture, count(*) AS cnt

FROM col | ecti on
GROUP BY soil _texture;

This is the basic query that generates a frequeaimyation of the different values that a
categorical variable (soil_texture) can have. Umskef values, missing values, spelling
mistakes, data entry errors, or other anomaliefoamttonsistencies in the domain of a
categorical variable can easily be spotted frontn ufrequency tabulation.

SELECT nedium type_test, count(*) AS cnt

FROM germ nati on
GROUP BY nedi um type_test;

This query generates a frequency tabulation framamabination of two categorical



variables. If particular combinations of valuesnfrthe two categorical variables are not
possible, they can be spotted from such a frequiimyation.

SELECT iif(Iat "t,O"N',"Y") AS | at_pres,
iif(lon ", "N',"Y") AS |on_pres,
count(*) AS cnt

FROM passport
GROUP BY iif(lat
iif(lon

"N TYT),

“NLTYT) S

In this query, continuous variables (latitude, libnde) are recoded into absence or
presence states and then a frequency tabulatithe @ombination of latitude presence
and longitude presence is produced. This is a géapproach to check multiple
variables on their presence/absence patterns mtdhose patterns that are considered a
data completeness or data consistency problem.

SELECT year(col |l ect _date) AS year, count(*) AS cnt

FROM her bari um
CGROUP BY year(coll ect_date);

In this query, a date function is used to convexb@atinuous variable (collect_date) into a
categorical variable (year) and then the new caiegjosariable is tabulated. This may
reveal unexpected pattern, outliers, data entrgretc. There are several other date
functions (e.g. month, week, dayofweek, dayofmottthj can be used in a similar way.
SELECT weekday(test_date) AS weekday, count(*) AS cnt

FROM germ nati on
GROUP BY weekday(test_date);

In this query, a date function is used to convexb@atinuous variable (test_date) into a
categorical variable (weekday) and then the neegratcal variable is tabulated. If
germination tests are not performed during weeké€bdSunday, 7=Saturday), this
tabulation will quickly reveal such records.
SELECT date_test, count(*) AS cnt

FROM germ nati on

GROUP BY date_test
CORDER BY count (*);

This query simply counts the number of tests peréat on each distinct date and then
sorts by this count. Looking at the top of the déistl the bottom of the list may reveal test
dates with unexpected low numbers or high numbfeiessts, which may indicate data
quality problems, as tests are usually conductesihnilar-size batches that are
manageable.
SELECT accession_no, count(*) AS cnt

FROM passport

GROUP BY accessi on_no
HAVI NG count (*) > 1;

This query assumes that accession_no is not dedima@dunique field in table passport
and through that prevented from containing dupdicatiues. If all accession numbers
appear only once, the query will not return anyltss This type of query is generally
useful to tabulate categorical values that areobah expected frequency range.

SELECT (wei ght*1000) MOD 10 AS val lastdigit, count(*) AS cnt
FROM i nvent ory



GROUP BY (wei ght*1000) MOD 10

ORDER BY (wei ght *1000) MOD 10;
In this query a numeric function (modulus) is useéxtract the rightmost decimal digit,
representing grams in this example, and then grguéncy of this new categorical
variable is tabulated. Such a tabulation revedtgmmation about the actual precision of
measurements. E.qg. if the large majority of caseshe digits 0 and 5, then the actual
precision is probably 5 grams and not 1 gram, easithmerical precision of 3 decimal
places may suggest.
SELECT round((avpcgerm/10)*10 AS pcgerntlass, count(*) as cnt

FROM germi nati on
GROUP BY round((avpcgerm/10)*10;

In this query a numeric function (round) is usedategorize a continuous variable, and
then the frequency of this new categorical variabkabulated. Such a tabulation may
reveal deviations from an expected distribution.

SELECT len(trimpretreat)) AS numtreat, count(*) as cnt

FROM germ nati on
GROUP BY len(trimpretreat));

In this query character functions are used to ektree length of a string variable and
then tabulate these length values. Depending oletigth pattern of the string values
involved, certain anomalies may be detected, egxpectedly short or long strings,
unexpected lengths.

Outlier Detection - F.Atieno
Outlier Detection

Most real world datasets include a certain amof@iekoeptional values generally termed
as “outliers”. Outliers are defined as “an obseorafor subset of observations) which
appears to be inconsistent with the remaindereftititaset”. A more relevant definition
is “values that lie very far from the middle of thistribution in either direction”,

referring to the numeric distance.. Causes of ensticould include flawed values
resulting from poor data quality i.e a data entrgata conversion error. Likewise
physical measurements when performed with malfanstg equipment/tools may
produce certain amounts of distorted values. Howegazasionally it is also possible that
an outlier may represent a correct, though excealimformation i.e true but extreme,
data values. As such due diligence should be esextavhen dealing with data values
until definite errors are proven.

Why isolate outliers?

The isolation of outliers is important both for imping the quality of original data and
for reducing the impacts of outlying values in grecess of data analysis. As such the
main reason of isolating outliers is associatedh wéta quality assurance. [] asserts that
unreliable data represents unconformity betweestdie of the dataset and the state of
the real world. Since the exceptional values hagbkdr probability of being incorrect
thus removing or correcting the outliers will impeothe quality of stored data and



subsequently positive impact on the results of datdysis and data mining. Therefore,
outlier detection is a critical part of data anay$Vhile often outliers are removed to
improve accuracy of the estimators, this pracsoeat recommendable because
sometimes outliers can have very useful information

Outlier detection and treatment

Most outlier detection methods use some measulestaince to evaluate how far away
an observation is from the centre of the data.rAétentification of outliers and true
(extreme or normal) values, the researcher muste®&dat to do with problematic
observations. The options are limited to correctdejeting, or leaving unchanged.
However, there are some general rules for whiclongb choose. For example,
impossible values are never left unchanged, butldHze corrected if a correct
value/match can be found, otherwise they shoulddbeted. What should be done with
true extreme values and with values that aresstpect after the diagnostic phase? One
may wish to further examine the influence of suatagoints, individually and as a
group, on analysis results before deciding whetheot to leave the data unchanged.

Most existing methods of outlier detection are bas® manual inspection of datasets.
This entails the use of supervised and unsupervisg#tiods categorized into univariate
methods, which examine each variable individuahd multivariate methods which take
into account associations between variables irsdnee dataset.

Univariate approachitalic text

According to this method, a value is considereduattier, if it is far away from other
values of the same attribute. An example is giveere one or few data points stand out
clearly apart from the rest. Perhaps the most @opudivariate outlier detection
technique for survey data is the quartile methduds Tethod creates an allowable range
for the data using lower and upper quartiles: f&tang outside of the range are outliers.
The method is not only robust, but simple and narametric.

Example 1:

Example 2:

Multivariate approach Italic text

Some definite outliers can be detected only by eéxiag the values of other attributes.
For example, where one or few data points staratlglapart from a bivariate
relationship formed by other points. Such an outien only be detected by a
multivariate method since it is based on a deperybatween two variables. This also
addresses another special problem with datasatsptlerroneous inliers, i.e., data points
generated by error but falling within the expeataadge. Erroneous inliers will often
escape detection. Inliers are mainly discoverdukteuspect if viewed in relation to other
variables.

Multivariate methodologies available include: ussogtter plots or consistency checks.
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Example 1:
Example 2:
Conclusion

Data cleaning often leads to insight into the reaamd severity of error-generating
processes. The researcher can then give methodaldgedback to improve data
gathering and precision of outcomes. It may be sy to amend the study protocol,
regarding design, observer training, data collectamd quality control procedures. In
extreme cases, it may be necessary to restartutig ar do the whole exercise all over
again.

Domain Specific Methodologies
Taxonomic Data- H. Knupffer

Identifiers - S.Gaiji

Institutional Identification -S.Dias

Collecting Data- T.Hazekamp

Collecting_data_data_quality_first_draft-Hazekarop.d
Geo-spatial Data- A.Jarvis

Global Resources and References - S.Gaiji
SINGER
Introduction

The System-wide Information Network for Genetic &eses (SINGER) is the
germplasm information exchange network of the Chhaswe Group on International
Agricultural Research (CGIAR) and its partners.
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Together, the members of SINGER hold more thanaalifllion samples of crop, forage
and tree diversity in their germplasm collectiofisis diversity is vital for food security
and agricultural development; SINGER provides easess to information about this
diversity SINGER is an initiative of the CGIAR Sgsat-wide Genetic Resources
Programme (SGRP). Basic Search Functionality

SINGER web interface provides search functionddaged on all fields available in the
passport descriptors. In addition, users can a&acch seed distribution and cooperators
database.

Web link: http://singer.cgiar.org/

EURISCO
Introduction

The EURISCO web catalogue automatically receivés fitam the National Inventories
(NI). It effectively provides access to all ex SRGR information in Europe and thus
facilitates locating and accessing PGR. EURISChbs&ed at and maintained by the
International Plant Genetic Resources Institut&RP on behalf of the Secretariat of the
European Cooperative Programme for Crop GenetiolRess Networks (ECP/GR).

The central infrastructure of EURISCO has been ldgesl with open source softwares.
This strategic choice is intended to allow EURISRB&ional Focal Points to benefit
from the development of EURISCO for their natiomaplementation. The uploading
mechanism concept is designed to allow an easyctiaizking of the information
provided in national inventories both on essemt&sdcriptors and on a line-per-line
checking. The checking and validation procedursgstthe national partners in their
efforts to improve the accuracy of their informatieith their data providers at national
levels. Basic Search Functionality

Web link: http://eurisco.ecpgr.org/

GBIF
Introduction

The GBIF data portal is a service that providegasd¢o millions of scientific data
records that are being shared via the GBIF netwidikse data are generously made
available through the GBIF network by a wide rang@stitutions and organisations
from around the world. To see the range of dat&igess involved, please see the list of
data providers and datasets. The two types ofaatantly being shared through the
GBIF Network are® Species occurrence records (based on specimerabaan/ations)

- information about the occurrence of species giquaar times and places.Names and
classifications of organisms - information on tlaes (both scientific and common)
used for species and on the classification of tlooganisms into taxonomic hierarchies.
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Basic Search Functionality Searching for occurrefecess to species occurrence
records is at the core of the GBIF Data Portal. flimetions provided by the Occurrence
Search page provide the ability to perform comglearches in order to explore and
locate records of interest.

Many other pages in the portal provide links t@ fhage and set some initial search filter.
For example, the "Explore occurrences" link frospacies' Overview Page opens the
Occurrence Search to find records for that species.

Viewing details for an occurrence record Occurrema®rds can be found using the
Occurrence search (see Searching for occurreriogble tabular view offered by the
Occurrence search, there is a View link shown éorifpht of each record. This link opens
the Occurrence detail view, which in turn offedén& to retrieve the original record
directly from the provider's web site. For moreommhation on searching GBIF:
http://data.gbif.org/tutorial/tutorial Web link: tht//www.gbif.org/

USDA (United States Department of Agriculture)
Introduction

The Agricultural Research Service (ARS) is the UD8partment of Agriculture's chief
scientific research agency. ARS conducts researde\elop and transfer solutions to
agricultural problems of high national priority apbvide information access and
dissemination to:

* ensure high-quality, safe food, and other agrical products ¢ assess the nutritional
needs of Americans ¢ sustain a competitive agucalteconomy ¢ enhance the natural
resource base and the environment, and ¢ proviol@oaaic opportunities for rural
citizens, communities, and society as a whole.

Basic Search Functionality USDA portal supportg fiext search of different data
elements and in particular users can search tteiiolg through their data portal:

1. Accession Area Queries

2. Taxonomic Queries

3. Research Crops and Descriptor/Evaluation

4. Data Queries

5. Search Multiple Databases

Web link: http://www.ars-grin.gov/npgs/searchgrimh
Reference:

1. http://singer.cgiar.org/

2. http://eurisco.ecpgr.org/
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3. http://www.gbif.org/

4. http://www.ars.usda.gov/main/main.htm

Documentation Quality Index - T.van Hintum

Passport_data_quality - Measuring_TvHintum.doc
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