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PART I LINKED DATA & KNOWLEDGE GRAPH



• A Brief History of Knowledge Graphs (20m)

• Test Driven Ontology Construction (10m)

• An Exercise on Competency Questions 
(30m)

• Generating Authoring Tests from 
Competency Questions (30m)

PART I 
TESTING AND ASSESSING THE SCHEMA OF 
KNOWLEDGE GRAPHS  



A QUICK OVERVIEW OF 
KNOWLEDGE GRAPHS

Let’s not reinvent the wheel ...



Semantic Nets

• Proposed by Quillian (1968) to 

analysis the meaning of words in 

sentences

• Later applied to KR

• Basic notations:

• Nodes: to represent objects, concepts, 

or situations

• Arcs: to represent relationships



An Example Semantic Net



Frames

• A frame [Minsky 1981] represents 

knowledge 

• About a narrow subject 

• That has default (*) knowledge 

• Example:
Mammal

subclass: Animal
warm_blooded: yes

Elephant
subclass: Mammal
* colour: grey
* size:  large

Cari:
instance: Elephant
size: small



Example: Procedures in Frames

age:
range      1..1500
if_needed  ask("What  is the age of ", name of this person) 
if_added   if new value > 1500 then

print("Your ", this slot, " is too high!");



Resource Description Framework

• Modern version of semantic network

• Basic building block: Subject-property-value

• Many syntax, including N3 and JSON-LD

[my-chair colour tan .]

[my-chair rdf:type chair .]

[chair rdfs:subClassOf furniture .]

...



Resource Description Framework

• Limited schema support: not expressive 
enough to cover primary and foreign keys



KL-ONE

• Use FOL-based formal semantics, but limit 
the expressive power

• Formalising Semantic Nets
• Formal semantics for built-in relationships

• Sub-Class-Of

• Instance-of 

• Provide constructors to define concepts

• the use of an automatic deductive 
classifier

• Later, this kind of KR language is called 
Description Logics (underpinnings of 
W3C OWL standard)



TEST DRIVEN ONTOLOGY 
CONSTRUCTION

But where the tests come from?



AN EXERCISE ON COMPETENCY 
QUESTIONS

Is it as simple as it seems?



Online Exercise

• URL: 

http://homepages.abdn.ac.uk/jeff.z.pan/pages/link/

WhatIf/
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http://homepages.abdn.ac.uk/jeff.z.pan/pages/link/WhatIf/



http://homepages.abdn.ac.uk/jeff.z.pan/pages/link/WhatIf/





GENERATING AUTHORING TESTS 
FROM COMPETENCY QUESTIONS

Let’s not reinvent the wheel ...



Competency Question as Requirements

• Questions that people 
expect the constructed 
ontologies to answer

• Useful for novice users:

• in natural languages

• about domain knowledge

• requires little 
understanding of 
ontology technologies

• A typical CQ: Which pizza has some cheese topping? 



CQs in Ontology Authoring

• Existing work focused on 
answering CQs directly

• Applying CQs in ontology 
authoring

• Proposed by M. Uschold, M. 
Gruninger, et al. 

• NeON methodology
• Visualisation based on goal 

modelling
• Formalising CQs into SPARQL 

queries
• Formalising CQs into DL queries
• Natural language CQ 

understanding

• A typical CQ: Which pizza has some cheese topping? 



CQs in Ontology Authoring

• Existing work focused on 
answering CQs directly
• But is the answer 

meaningful?

• The ability to answer CQs 
meaningfully can be 
regarded as a functional 
requirement of the ontology

• What if the answer is an 
empty set

• Possible scenarios
• Pizza does not exist
• Cheese topping does not exist
• Pizzas are not allowed to have 

cheese topping
• The ontology has not been 

populated with any cheesy 
pizza yet

• …

• A typical CQ: Which pizza has some cheese topping? 



Q1: what forms of requirements should we 

consider

Q1’: How are CQs formulated?
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Key Idea 1: Identification of CQ Patterns

• A typical CQ: Which pizza has some cheese topping? 

Feature: Type of question

Element: Class expression CE1

Element: Object property 
expressions OPE

Feature: Binary predicate

Element: Class expression CE2• Hypothesis: CQs usually have 
clear syntactic patterns

• Features and elements can 
be extracted

CE1 OPE CE2



Result 1: A Feature-based Framework for CQ 
Formulation

Feature

Primary Feature Secondary Feature

Question 
Type

Element 
Visibility

Selection

Boolean

Counting

Explicit

Implicit

Predicate 
Arity

Unary

Binary

N-ary

Relation 
Type

Object

Datatype

Modifier

Quantity

Numeric

Domain 
Independent 

Element

Spatial

Temporal

Question 
Polarity
Positive

Negative

• Based on CQs collected from the Software Ontology Project (75 CQs) 
and Manchester OWL Workshops (70 CQs)

• Primary features -> CQ Archetypes
• Secondary features -> CQ Subtypes



Result 2: Archetypes of CQ Patterns

1



Result 2: Subtypes in An Archetype

• An example on archetype 1



Result 3: Formulation of Real-world CQs

• 6 archetypes are shared by the 
2 collections

• They are also the most 
populated archetypes

• Cover 86.2% of total CQs in our 
collections

• Coverage on CQs studied by 
existing works: 55 CQs in total

• All except 1 covered by our 
framework

• Archetype 1 is still the most 
populated

• The only remaining one is “Why 
universities are organised into 
departments?”
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Q2: how to generate authoring tests from 

requirements

Q2’: How can we automatically test whether a 

CQ can be meaningfully answered?
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Key Idea 2: Presuppositions of CQ

• A CQ comes with certain 
presuppositions

• Some conditions the speakers 
assume to be met

• A CQ can be meaningfully 
answered only when its 
presuppositions are satisfied

• Classes Pizza, CheeseTopping
should occur in the ontology

• Property has(Topping) should 
occur in the ontology

• The ontology should allow 
Pizza to have CheeseTopping

• The ontology should also 
allow Pizza to not have 
CheeseTopping

• A typical CQ: Which pizza has some cheese topping? 



CQs in Ontology Authoring

• A typical CQ: Which pizza has some cheese topping? 

• Satisfiability of CQ 
presuppositions can be 
verified by authoring tests
generated based on its 
features and elements

CE1 OPE CE2

• Classes Pizza, CheeseTopping
should occur in the ontology

• [CE1], [CE2] should both occur in the 
class vocabulary

• Property has(Topping) should occur 
in the ontology

• [OPE] should occur in the property 
vocabulry

• The ontology should allow Pizza to 
have CheeseTopping

• should be satisfiable

• The ontology should also allow 
Pizza to not have CheeseTopping

• should be satisfiable



Result 4: Associate Presuppositions with 
Features

Question 
Type

Selection

Boolean

Counting

Occurrence of “Pizza”, “Pork”, 
“contains”

Which pizza contains pork?

Can pizza contain pork?

How many pizza contains pork?

Some pizza can contain pork

Some pizza can contain no pork

• Features in a CQ are associated with the 
presuppositions of the CQ. 

• An example on the question type feature:



Result 5: Formal Authoring Tests

• All testings can be automated



Reasoning Implications (1)

• Services required:

• Concept satisfiability checking

• Subsumption checking  

• Expressive power needed: In general ALCQ

• Pay as you go for EL ontologies  

• All the cardinality related presuppositions are satisfied  

• Testing the satisfiability of CE1   P.E2 can be achieved by 
testing the non-entailment of CE1   P.E2

• Possible optimisations:

• Certain tests may be subsumed by others 



A Competency Question-driven Ontology 
Authoring Pipeline

Requirements

CQs in CNL and of 
certain patterns

Features and 
elements

Authoring Tests Ontology
Ontology 
Authoring

Automatic 
Test-

runner

Test Results

org



Class 
Hierarchy

Verbalise
r

Competency 
Questions

User/System Dialogue 
History

User Input

WhatIf Gadget



Reasoning Implications (2)

• Responsive reasoning services required:

• tractable ontology languages

• faithful approximate reasoning [PanThomas-
AAAI2007, RenPanZhao-AAAI2010, Fokoue-etal-
AAAI2012, PanRenZhao-AIJ2016]



Reasoning Implications (3)

• Incremental reasoning services required:

• book-keeping / non-book-keeping

• forward chaining / backward chairing

• A Combined approach to Incremental Reasoning for 
EL Ontologies [Ren-et.al-RR2016]



Summary and Outlook

• How are real-world CQs formulated?

• Most real-world CQs we have collected can be described with a 
feature-based framework

• How can we automatically test whether a CQ can be 
meaningfully answered?

• Presuppositions of CQs play an important role 

• CQs and authoring tests also helpful for collaborative authoring

• Demand responsive and incremental reasoning 

• Future work

• Implement the pipeline and further evaluations

• Further extend the CQ description framework and presuppositions

• New reasoning algorithms and optimisations  



• An Introduction to Data Quality Problems

• Models and Metrics of Data Quality 
Assessment

• Tools and Standards of Data Quality 
Assessment

• Challenges in Data Quality Assessment

• Some Recent Results

PART II 
ASSESSING THE DATA OF KNOWLEDGE 
GRAPHS  



Examples of Data quality problems  (1) 

• Data inconsistency in EMR

•
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Examples of Data quality problems  (2)

• Inconsistency in data representation in EMR



Examples of Data quality problems  (3) 

• Wrong property value triple in DBpedia

• Universe Jones (film), Duration, “USA”

• Meaningless triple in DBpedia

• 獾(badger), wasCreatedOnDate, 1758^^xsd:date



Examples of Data quality problems  (4) 

• Wrong property value triple in YAGO

43

Economics of Australia



The motivation of data quality assessment (I)

• Data quality assessment is a base of data usage

• Use Electronic Health Record data for risk analysis 
of heart failure
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HUAN-HUAN ZHANG, PENG-CHENG WANG, YING-JIE WANG, TONG RUAN, HAO-FEN WANG. Rish factors of heart failure for
patients classification witu extreme learning machine[C]. International conference on machine learning and cybernetics, 2016.



The motivation of data quality assessment (II)

• Data quality assessment is a precursor of data 
valuation

45

Data Quality

Data 
Valuation

User 
Preference

Market 
Requirement



The motivation of data quality assessment (III)

• Data quality assessment is a guidance for data 
improvement

46

• Redundant data Remove or fuse redundant data 

• Incorrect data detection Correct  data 

• Data incompleteness Data completion

• Different data representation Data normalization



Quality problems in Data Life Cycle

47
ISO/IEC 25024:2015(E)

Example of Data-Life-Cycle

Data Schema Completeness
(Concepts and constraints)

Data Incorrectness Data 
InCompleteness

Data Inconsistency 

Quality in use



Relationship among quality models, quality 
measurement  and others.

48
ISO/IEC 25024:2015(E)

Relationship among quality models, 
quality measurement, quality measure 
element, property to quantify, target 
entity



Data quality definition & assessment model

49
ISO/IEC 25024:2015(E)

Relationship between types of quality measurements

Definition: fitness for In use in special 
application context 



Data quality assessment metrics (1)
• Data Consistency, refers to the validity and integrity of data

representing real-world entities

• Data Deduplication

• Data Accuracy

• Data Completeness

• Data Currency



Data quality assessment metrics (1)
• Data Consistency

• Data Deduplication, aims to identify tuples in one or more 
relations that refer to the same real-world entity

• Data Accuracy

• Data Completeness

• Data Currency



Data quality assessment metrics (1)
• Data Consistency

• Data Deduplication

• Data Accuracy, refers to the closeness of values in a database to
the true values of the entities that the data in the database
represent

• Data Completeness

• Data Currency



Data quality assessment metrics (1)
• Data Consistency

• Data Deduplication

• Data Accuracy

• Data Completeness, concerns whether our database has 
complete information to answer our queries

• Data Currency



Data quality assessment metrics (1)
• Data Consistency

• Data Deduplication

• Data Accuracy

• Data Completeness

• Data Currency, aims to identify the current values of entities
represented by tuples in a database, and to answer queries
with the current values



Data quality assessment metrics (2)
• Zaveri1 surveyed 96 metrics and categorized them into 6

dimensions:
• Accessibility

• Intrinsic

• Trust

• Dataset dynamicity

• Contextual

• Representational

Zaveri, A., Rula, A., Maurino, A., Pietrobon, R., Lehmann, J., Auer, S.: Quality assessment for linked data: A survey. Semantic Web Journal 7 (2016) 63-93



Data quality assessment metrics (2)-- Contextual

56



Data quality assessment tool (1)--Flemming

• Flemming provides a simple web user interface and a
walk through guide that helps a user to assess data
quality of a resource using a set of defined metrics

• Metric weight can be customizable either by user
assignment, though no new metric can be added to
the system.

Flemming, A. Quality characteristics of linked data publishing datasources. MA thesis. Humboldt-Universität zu Berlin, Institut für Informatik, 2011.



Data quality assessment tool (2)--Sieve
• In Sieve, metadata about named graphs is used in order to

assess data quality, where assessment metrics are declaratively
defined by users through an XML configuration

Mendes, P.N., M•uhleisen, H., Bizer, C.: Sieve: linked data quality assessment and fusion. In: Proceedings of the 2012 Joint EDBT/ICDT Workshops, ACM (2012) 116-123

LDIF  Architecture

Sieve Data Quality Assessment Specification 
Example



Data quality assessment tool (3) --
TripleCheckMate

• TripleCheckMate is a crowdsourcing quality assessment tool 
focused on the correctness evaluation of DBpedia.

• The tool is released as open source under the Apache License. 
A successful use case of the tool can be seen in the Dbpedia
Evaluation Campaign where 58 users evaluated a total of 792 
resources (521 distinct) and 2928 distinct triples

Kontokostas, D., Zaveri, A., Auer, S., Lehmann, J.: Triplecheckmate: A tool for crowdsourcing the quality assessment of linked data. Knowledge Engineering

and Semantic Web (2013) 265-272
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Data quality assessment tool (3)--
TripleCheckMate

1. First, a user chooses a resource. 2. she is displayed with all triples belonging to that 
resources and evaluates each triple individually to detect quality problems. 3. If she finds a 
problem, she marks it and associates it with a relevant problem category. 



61

Data quality assessment tool (3)--
TripleCheckMate



Data quality assessment tool (4)-- DaCura
• DaCura is a semi-automated process, framework and 

tools for harvesting, assessing, improving and 
maintaining high-quality linked-data

Feeney K C, O'Sullivan D, Tai W, et al. Improving curated web-data quality with structured harvesting and assessment[J]. International Journal on Semantic

Web and Information Systems (IJSWIS), 2014, 10(2): 35-62.

Schema-based Data 
quality assessment



• ISO/IEC 25010:2011 System and software quality models

• The quality in use model in ISO/IEC 250101 distinguishes three
quality approaches: internal quality, external quality, and
quality in use

63

Data quality assessment standard --
ISO/IEC 25010



• ISO/IEC 25012:2008 Software
engineering -- Software product
Quality Requirements and
Evaluation (SQuaRE) -- Data
quality model

• ISO/IEC 25012:2008 categorizes
quality attributes into fifteen
characteristics considered by
two points of view: inherent
and system dependent.

64

Data quality assessment standard --
ISO/IEC 25012



• ISO/IEC 25024:2015 Measurement of 
data quality

• ISO/IEC 25024:2015 defines data
quality measures for quantitatively
measuring the data quality in terms
of characteristics defined in ISO/IEC
25012. It contains:

• a basic set of data quality measures 
for each characteristic;

• a basic set of target entities to which 
the quality measures are applied 
during the data-life-cycle;

• an explanation of how to apply data 
quality measures;

• a guidance for organizations defining 
their own measures for data quality 
requirements and evaluation.

65

Data quality assessment standard --
ISO/IEC 25024



Challenges in data quality assessment

How to evaluate the quality when

• Data are different

• Usage for the data are different.

• Data volume is tremendous.

• Data is changing

• Large amount of metrics to choose from

L. Cai and Y. Zhu, "The challenges of data quality and data quality assessment in the big data era",Data Sci. J., vol. 14, no. 2, pp. 1-10, 2015.



• An Introduction of Data Quality Problem

• Models and Metrics of Data Quality 
Assessment

• Tools and Standards of Data Quality 
Assessment

• Challenges in Data Quality Assessment

• Some Recent Results

PART II 
TESTING AND ASSESSING THE DATA OF 
KNOWLEDGE GRAPHS  



Some recent results 

• Data quality assessment standard in big data 
Trading (on-going)

• Data quality assessment on internal quality

• Data quality assessment on quality in use

• Data quality assessment on EMR (on-going)



Data quality assessment standard in big 
data trading



Application scenario in data quality 
assessment standard in big data trading

70

quality 
evaluator

Data trading platform

……
Data quality 
assessment
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Data 
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Main framework of assessment standard

71

influences

depends 
on

metrics

Name,  
application 

scenario 
description, 

use case

Reference 
pattern, 

reference 
dataset, data 

dictionary

Internal 
quality

Accuracy
Completeness

Consistency
……

External 
quality

Availability
Timeliness

Accessibility
……

Quality in use

Queriability
Informativity

……

influences

depends 
on

Metric binding

Selected metrics
Dataset

(Sub-
dataset)

…

…

Schema 

Quality assessment
Score function

Data 

Select and 
combine metrics 

Metrics
& so on.

Score Function 



Quality metric framework of assessment 
standard

• Metric framework contains four layers：

• the first layer include: internal quality, external quality and 

quality in use

• quality characteristics is defined in the second 
layer ,included  accuracy, completeness, consistency, etc

• sub-dimensions is defined in the third layer

• specific metrics is defined in the fourth layer 



Definition of the quality characteristics

• Defined quality characteristics ：

• Accuracy, Completeness, Consistency, etc

• referenced from ISO/IEC 25012

• New quality characteristics ：

• Richness, Informativity, Queriability, etc



Definition and computation of quality metrics

(1) metric computation -- no binding to usage 
context

• e.g.  the metrics in  richness: the number of 
tables/concepts

• Definition: the number of tables/concepts in a dataset

• Computation: directly acquire by SQL or SPARQL



(2) metric computation – metric binding 
to usage context

• eg. The metrics in  completeness: the View 

Completeness

• Definition: 

The completeness of the attributes in target tables/concepts, evaluated 

in Design view whether it missing required attributes or not 

• Computation：

NORi is the number of attributes in the Table/Concept i, 

NOIPi is the number of required but none-existent attributes 

in the Table/Concept i



Assessment method in assessment standard

Some metrics 
(correctness)
is difficult to evaluate by 
machine

Data 
sampling

Auto-
detection 

assessment

Human 
evaluation

Evaluated 
scores

aggregation

Huge dataset

Some special data 
errors (outlier) can be 
detected by machine

Aggregate the results of 
evaluated metrics to a 
centesimal score



Assessment process in assessment standard

确定评估
内容

获取领域
上下文

确定评估
度量和评
分标准

数据抽样 数据评估 报告编制

Confirm 
evaluation 

content

Obtain 
domain 
context

Select metrics 
and scoring 

standard

Sample 
data

Evaluate 
data

Export 
evaluation 

report



Some recent results 

• Data quality assessment standard in big data 
transaction

• Data quality assessment on internal quality

• Data quality assessment on quality in use

• Data quality assessment on EMR (on-going)



Data quality model
• Inspired by the software quality model in ISO/IEC 25010, we

also divide the quality of LOD into three factors, namely,
internal quality, external quality, and quality in use

• We further map the quality dimensions of linked data 
mentioned in Zaveri1 into internal and external factors in our 
model

79 Zaveri, A., Rula, A., Maurino, A., Pietrobon, R., Lehmann, J., Auer, S.: Quality assessment for linked data: A survey. Semantic Web Journal 7 (2016) 63-93



Conceptual Representation

80



Metrics Definition — Richness Dimension



Metrics Defined on Overlapped Instances



• Number of Instances (NOI)：Total number of 
instances in KB.      

• NOI = |Ni|

• NOI = |Ni| = 4

Metric: Number of Instances



84Tong Ruan, Xu Dong, Haofen Wang, and Yang Li. Evaluating and Comparing Web-Scale Extracted Knowledge Bases in Chinese and English. JIST2015

Overall Quality Evaluation Process



• Metrics (Correctness) evaluated by human may 
require too much human efforts and suffer 
from individual subjectivity from evaluators

Human Evaluation Process



Metric: Sampling method--Random 
Sampling

• N is size of the data set, ME is the marginal of error

• It is assumed we do not have prior knowledge of the 
correctness ratio, and p is set to 0.5 in default

• User could input Alphas (1-condence level) for an 
estimation problem, and z can be derived from Alpha



Tools — KBMetrics (1)



Tools — KBMetrics (2)



KB Availability License Multi-language InterLinks

DBpedia-EN(2014) SparQL
endpoint, dump

Creative Commons 
Attribution-ShareAlike
License and GNU Free 
Documentation 
License

Localized versions 
of DBpedia are
available in 125 
languages

owl:sameAs

DBpedia-CN(2014)

YAGO2s SparQL
endpoint, dump

Creative Commons 
Attribution 3.0 License

rdfs:label in 
localized languages

--

Zhishi.me SparQL
endpoint

? Chinese owl:sameAs

SSCO -- ? Chinese --

Evaluated Knowledge Bases



DBpedia-EN is richer than DBpedia-CN
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• zhishi.me has the largest number on those metrics, since it collected data from three 
Encyclopedic Web sites

• While the number of instance of SSCO is almost as much as that of zhishi.me, the 
number of fact of SSCO is less than DBpedia-CN, since SSCO filtered out low 
frequency properties

• The size of YAGO-CN in all aspects is very small, because only 5% of YAGO's instances 
contain Chinese label

Zhishi.me has the largest number on data 
size and schema size



Instances in DBpedia-CN are linked to each other 

tighter than those in SSCO and zhishi.me
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The average fact number metric of zhishi.me and SSCO are smaller than that of DBpedia-CN. The reason may 
be that instances from Baidu-Baike and Hudong-Baike contain little facts. 

53% of the instances of zhishi.me have no facts and only 10% instances of SSCO have facts. In general, the 
instances in DBpedia-CN are linked to each other tighter than those in SSCO and zhishi.me.



DBpedia-CN and DBpedia-EN have the 

similar level of correctness statistically via 

hypothesis testing
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Zhishi.me has the largest number of correct facts. 

SSCO has the highest correct ratio
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Zhishi.me has the largest number of correct facts, while SSCO has the highest correct ratio. Since SSCO has very small 
number of facts, we infer that SSCO compares data from different sources and filters out the low frequency properties. 



Error Analysis
—Error type: Lack of Context

• YAGO’s metafact is incomplete

#@ < id_vex9wm_1ul_xr0xdt>
<Paul_Lambert> <playsFor> <Scottish_League_XI>

< id_vex9wm_1ul_xr0xdt> <occursSince> "1990-##-
##"^^xsd:date



Brief Summary on the Experiment Result

• DBpedia Chinese and English are complementary to some extent. We find the 
person domain are more language-specific than place with the help of our 
comparative metrics.

• The correctness ratio of DBpedia Chinese and DBpedia English are almost the 
same statistically.

• Zhishi.me and SSCO have more instances than DBpedia Chinese, since they 
consolidate data from three Encyclopedic Web sites.

• The correctness ratio of YAGO from our assessment is not as high as declared, and 
we give a detail analysis of the reason for the phenomenon.

• The metrics on Overlapped Instances are not only useful in investigating the real 
quality of each KB, but also helpful to trace the characteristic of each KB.

• Multiple data sources may increase richness of data. However, whether it could 
improve the correctness of the KB depends on how we utilize the data sources.



Some recent results 

• Data quality assessment standard in big data 
transaction

• Data quality assessment on internal quality

• Data quality assessment on quality in use

• Data quality assessment on EMR (on-going)
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Ruan T, Li Y, Wang H, et al. From Queriability to Informativity, Assessing “Quality in Use” of DBpedia and YAGO[C]//International Semantic Web 

Conference. Springer International Publishing, 2016: 52-68.

Evaluation on quality in use

Ruan T, Li Y, Wang H, et al. From Queriability to Informativity, Assessing “Quality in Use” of DBpedia and YAGO[C]//International Semantic Web Conference. 

Springer International Publishing, 2016: 52-68.



• Data quality is fitness for use in special application context

• "context of use" refers as usage context or usage scenario, and it 
implies user requirements

• We use question sets to represent user requirements

•

• Queriability measures how easily an end user can construct a correct 
query on a dataset.

• Informativity shows how informative a data set is under a particular 
usage context
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We design two kinds of Queriability metrics: subjective 
and (how easily objective
• Subjective metrics

• Difficulty Rating, after evaluators finish constructing a query, 
they give ratings on how difficulty the process was. The 
rating has five levels: (1) very easy, (2) easy, (3) average, (4) 
difficult, and (5) very difficult.

• Objective metrics
• Query Construction Time (T)
• Query Construction Time On Domain (Ta)
• Query Construction Time On Property Constraint (Tb)
• Number of Attempts (NOA)
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• Subjective metrics

• Informativeness Rating, is the users' rating on the 
informativeness that the results contain. It has five levels: 

(1) very little information  (2) little information                        
(3) some information         (4) a fair amount of information       
(5) lots of information.

• Objective metrics

• Precision

• Recall

• Comprehensive Informativity (CI)
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Comprehensive Informativity (CI)
• Comprehensive Informativity (CI) is a metric which 

integrates different factors that influence the users' 
comprehension of information.

• Influence Factors
• Precision

• Recall

• Accuracy of datasets (α)

• Understandability of datasets (β)

• Fomular

• NCA/NA is recall, NCA/A is precision. The square 
function is used to punish the irrelevant answers
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Evaluated Knowledge Bases
• DBpedia2014 and YAGO2S

• The class in YAGO is much richer than DBpedia

• The number of property and fact are very huge

KBs #class #property #instance #fact

DBpedia 683 451k 4.58 M 68.1 M

YAGO 56k 75 2.89 M 7.8 M



Questions
• Data requirements of users are modeled as question 

sets

• Two sources

• QALD1 (Question Answering over Linked Data)

• WebQuestion2 from the NLP laboratory of Standford

• 13 questions from QALD and 13 from WebQuestion

• Give me all female Russian astronauts.

• Which countries have more than two official languages?...
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Evaluation process

• Each evaluator first chooses a question from the question
list and selects a target KB (YAGO or DBpedia).

• Then sets the domain of the question and inputs
property constraints to construct a corresponding query

• Executable query is generated and run in the KB

• The results are returned to the evaluator, and the
evaluator give subject evaluation
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• When users select domains, they spend much more time on YAGO than on DBpedia

• When considering properties selection, it takes longer on DBpedia than on YAGO

It costs evaluators more time on YAGO 
than on DBpedia to find a satisfactory 
query



DBpedia has a rather low precision

• DBpedia: the polysemy of type words. For example, presidents can be
presidents of countries or presidents of organizations

• DBpedia example: “Give me all presidents of the United States,”, the
results include the Chairman of the Federal Reserve and other types of
presidents

• YAGO Example: the class “wikicategory German actors” means actors
whose nationality, not birthplace, is German
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• DBpedia: Duplicated properties as mentioned before.

• YAGO: it really does not contain abundant properties with enough facts
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DBpedia and YAGO have low recalls



• In summary, the results in DBpedia and YAGO both are not 
satisfied, and YAGO is slightly better than DBpedia
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YAGO has slightly better results than 
DBpedia



Assessment results in general  

• Difficult to construct a query 

• Low precision 

• Low recall
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lessons learned from our assessment 
work—— if datasets are intended to be 
used by human instead of computers 

• Naming convention for classes, objects and
properties are required in the LOD world, similar to
that in software

• Duplicate property names should be avoided since
they will mislead the users

• There should be a tradeoff between the number of
classes and the number of properties.
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Some recent results 

• Data quality assessment standard in big data 
transaction

• Data quality assessment on internal quality

• Data quality assessment on quality in use

• Data quality assessment on EMR (on-going)



Examples of quality problems in EMR (1)

• Electronic Health Record data problems found 
in a hospital in Shanghai

• 1. Non-uniform

• Sex of patients: 男，女，男性，女性

• Age of patients: 85Y，65岁，55

• 2. Inconsistency



Examples of quality problems (2)
• 3. Incomplete

• 4. InCorrect

Doctors input ICD code casually 
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Assessment dimensions on EMR data 

Micro

• Completeness:  

• Correctness: 

• Consistency: 

• Normalization: measures 
normalization of data 
representation
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Macro 
• Breadth: measures a patient’s 

record contains all desired types 
of data

• Density: measures a patient’s 
record contains a specified 
number or frequency of data 
points over time

• Predictive: measures a patient’s 
record contains sufficient 
information to predict a 
phenomenon of interest



Examples of assessment metrics on EMR data

• Completeness of patients’ age

•
#. 𝑝𝑎𝑡𝑖𝑒𝑛𝑡 ℎ𝑎𝑣𝑖𝑛𝑔 𝑛𝑜 𝑎𝑔𝑒

#. 𝑝𝑎𝑡𝑖𝑒𝑛𝑡

• Correctness of patients’ age

•
#. 𝑝𝑎𝑡𝑖𝑒𝑛𝑡 ℎ𝑎𝑣𝑖𝑛𝑔 𝑐𝑜𝑟𝑟𝑒𝑐𝑡 𝑎𝑔𝑒

#. 𝑝𝑎𝑡𝑖𝑒𝑛𝑡 ℎ𝑎𝑣𝑖𝑛𝑔 𝑎𝑔𝑒

• The true age can be calculated according to the patient’s 
ID and In-patient time

• Consistency between patient’s disease code and 
disease name

•
#. 𝑝𝑎𝑡𝑖𝑒𝑛𝑡 ℎ𝑎𝑣𝑖𝑛𝑔 𝑐𝑜𝑛𝑠𝑖𝑠𝑡𝑒𝑛𝑡 𝑑𝑖𝑠𝑒𝑎𝑠𝑒 𝑐𝑜𝑑𝑒 𝑎𝑛𝑑 𝑛𝑎𝑚𝑒

#. 𝑝𝑎𝑡𝑖𝑒𝑛𝑡 ℎ𝑎𝑣𝑖𝑛𝑔 𝑏𝑜𝑡ℎ 𝑑𝑖𝑠𝑒𝑎𝑠𝑒 𝑐𝑜𝑑𝑒 𝑎𝑛𝑑 𝑛𝑎𝑚𝑒

• Normalization of patients’ age

•
#. 𝑝𝑎𝑡𝑖𝑒𝑛𝑡 ℎ𝑎𝑣𝑖𝑛𝑔 𝑣𝑎𝑙𝑖𝑑 𝑟𝑒𝑝𝑟𝑒𝑠𝑒𝑛𝑡𝑎𝑡𝑖𝑜𝑛 𝑜𝑓 𝑎𝑔𝑒

#. 𝑝𝑎𝑡𝑖𝑒𝑛𝑡 ℎ𝑎𝑣𝑖𝑛𝑔 𝑎𝑔𝑒
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Macro Metrics — Breadth

• Some secondary use scenarios require the availability of 
multiple types of data  (disease prediction, risk analysis)

• For example, diagnoses, laboratory results, medications, 
and procedure codes

•
#. 𝑝𝑎𝑡𝑖𝑒𝑛𝑡 ℎ𝑎𝑣𝑖𝑛𝑔 𝑎𝑙𝑙 𝑎𝑏𝑜𝑣𝑒 𝑑𝑎𝑡𝑎 𝑖𝑡𝑒𝑚𝑠

#. 𝑝𝑎𝑡𝑖𝑒𝑛𝑡
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Macro Metrics — Density

• EHR data consumers require not only a breadth of data 
types, but also sufficient numbers and density of data 
points over time

• Suppose, for a patient had laboratory examination n 
times, the examination times are x1, x2, …, xn.

• , is the effective number of laboratory results 
available for each patient, namely, the density of 
laboratory results for each patient
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relative time gaps 
between examination 

average amount of information 
that each laboratory result 
examines



Macro Metrics — Predictive

• The overall goal of much research on EHR is the 
ability to predict an outcome (disease status, risk, 
readmission, mortality)

•
#. 𝑝𝑎𝑡𝑖𝑒𝑛𝑡 𝑤𝑖𝑡ℎ 𝑐𝑜𝑟𝑟𝑒𝑐𝑡 𝑝𝑟𝑒𝑑𝑖𝑐𝑡𝑖𝑜𝑛 𝑜𝑢𝑡𝑐𝑜𝑚𝑒

#. 𝑝𝑎𝑡𝑖𝑒𝑛𝑡
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