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Stellingenn behorende bij het proefschrift 

Informatio nn for  Intensive Care Evaluation 
Methodss to assess and improve data quality and data processing 

Dee gewenste eigenschappen van gegevens worden vooral bepaald door het 
beoogdee gebruik van gegevens. (Dit proefschrift) 

Sommigee variabelen, waarvan reeds is bewezen dat ze een grote bron van 
variabiliteitt vormen, zullen desondanks nog regelmatig worden gebruikt in 
scoree systemen voor de ernst van ziekte van intensive care patiënten 

(Dit(Dit  proefschrift) 

Alss gevolg van de continue ontwikkelingen in de medische wetenschap is 
'domeinn volledigheid', gedefinieerd als de mate waarin de inhoud van een 
medischh terminologiesysteem het beoogde domein dekt, nauwelijks 
meetbaarr of kwantificeerbaar. (Ditproefschrift) 

Hoee kleiner het aantal observaties in de dataset die wordt gebruikt voor de 
externee validatie van prognostische modellen, des te willekeuriger is de 
bepalingg van het model dat het beste voorspelt. (Dit proefschrift) 

Goedee gegevenskwaliteit biedt geen garantie voor goed onderzoek, maar 
slechtee gegevenskwaliteit is gegarandeerd een bedreiging voor goed 
onderzoek. . 

Eenn toename in het gebruik van de NICE gegevens door de deelnemende 
intensivee care afdelingen zal het besef van het belang van gegevenskwaliteit 
enn daarmee de feitelijke gegevenskwaliteit in de NICE registratie ten goede 
komen. . 

Kwaliteitsbeheersingg is een continu, spiraalvormig proces, want 
streefdoelenn worden meestal niet in één ronde bereikt; bovendien moet men 
kwaliteitseisenn en streefdoelen periodiek heroverwegen, mede op grond van 
veranderingen. . 

All ee goede wetenschappelijke publicaties hebben een conclusie gemeen: er 
iss verder onderzoek vereist. 

Daniellee Arts 
Amsterdam,, 24 mei 2005 
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Chapterr 1 

Healthh care quality assessment 
Duee to budgetary constraints, insurance regulations and professional ambitions 
qualityy assessment of health care is getting increased attention. Quality 
assessmentt can be defined as the critical appraisal of the measured results of a 
healthh care program in comparison with formulated objectives [1]. In quality 
assessmentt outcome measures are very popular as quality indicators. Outcome 
measuress can for example be patient satisfaction, quality of life, or mortality. A 
comparisonn of the measured quality of care between different time periods or 
betweenn health care centers (benchmarking) can help to gain more insight into 
healthh care performance and to identify possibilities for improvement. 

AA specific field of health care where quality assessment is receiving increased 
attentionn is Intensive Care. 

Thee concept of intensive care originated in the second half of the 20th century. 
Currentlyy intensive care is defined as "a service for patients with potentially 
recoverablee conditions who can benefit from more detailed observation and 
invasivee treatment than can safely be provided in general wards or high 
dependencyy areas" [2]. The technologies to treat and monitor these patients and 
thee requirement of a large number of specially trained personnel make intensive 
caree relatively expensive. Consequently, even though intensive care does reduce 
mortalityy and morbidity for many patients, the effectiveness and efficiency 
remainn topics of interest. Effectiveness can be defined as the measure of 
agreementt between the objective and the result of a health care program for a 
definedd population under average circumstances in general daily practice [3]. 
Efficiencyy of a health care program can be defined as the achievement of the 
objectivess under an optimal use of resources [3]. 

Too enable assessment of the quality of care, data is necessary, e.g. concerning 
thee patient population and the delivered care. Several initiatives have therefore 
ledd to the setting up of medical registries enabling quality assessment in 
intensivee care. 

Dataa collection in medical registries 

Wee define a medical registry as a systematic collection of a clearly defined set 
off  health and demographic data for patients with specific health characteristics, 
heldd in a central database for a predefined purpose (based on Solomon et al.[4]). 
Specificc patient characteristics (e.g. the presence of a disease or whether an 
interventionn has taken place) determine which patients should be registered. 
Medicall  registries can serve different purposes, for instance as a tool to monitor 
andd improve quality of care or as a resource for epidemiological research [5]. 
Exampless of medical registries that have been set up for the assessment of the 
qualityy of intensive care can be found in the USA (IMPACT), the United 
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Generall  introduction 

Kingdomm (ICNARC) and in Austria (ASDI). In the Netherlands, the National 
Intensivee Care Evaluation (NICE) registry was set up to enable the quality 
assessmentt of Dutch intensive care. 

TheThe NICE registry 

Byy the initiative of Dutch Intensive care physicians the NICE foundation was 
foundedd in 1996. The aim of the NICE foundation was to provide insight into 
thee effectiveness and the efficiency of Dutch intensive care. To enable the 
assessmentt of these quality aspects of intensive care, data is needed. The NICE 
foundationn therefore started a registry. The NICE registry contains data from all 
admissionss in Dutch Intensive Care Units (ICUs) that participate in the project. 
Registeredd data includes patient characteristics, diagnoses, physiological data 
andd laboratory data. 

Inn some cases these data are collected automatically by extracting them from the 
electronicc patient data management system (PDMS) [6] into a local registry 
database.. Other ICUs collect the data manually by fillin g in case record forms 
(CRFs)) that are manually entered into a local registry database. Each month the 
dataa from the local databases are transferred to a central registry database. 

Qualit yy of data in medical registries 
Too be useful, data in a medical registry must be of good quality. We do not 
wantt the measured quality indicator to be influenced by the quality of the 
registeredd data. In the context of a medical registry, data quality can be defined 
ass "the totality of features and characteristics of a data set, that bear on its 
abilityy to satisfy the needs that result from the intended use of the data"[7]. 
Importantt characteristics that determine the quality of data are its accuracy (= 
conformityy to the truth), its reliability (= measurements of individuals on 
differentt occasions, or of different observers, produce the same or similar 
resultss [8]) and its completeness (= extent to which all necessary data that could 
havee been registered have actually been registered). However, in practice quite 
frequentlyy wrong patients are registered or data items can be inaccurately 
recordedd or not recorded at all [9-12]. To optimize the quality of medical 
registryy data, participating centers can follow certain procedures designed to 
minimizee inaccurate and incomplete data. For example automatic data checks 
cann be performed on the registered data, or the data collectors can follow a 
speciall  training. 

Qualityy of data can be affected by differences in definitions. A study of Freer et 
al.. [13] pointed out that concepts and definitions are used differently by various 
stafff  groups within one unit. For example people or institutions can vary in their 
definitionn and coding of the diagnosis 'heart failure'. If organizations wish to 
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comparee their performance by means of benchmarking, common data 
definitionss are a prerequisite. Differences can be resolved by drawing sharp and 
clearr definitions. In addition documentation of data can be standardized by 
usingg medical terminological systems. 

Standardizedd data by means of medical terminological systems 
Thee increased use of electronically stored medical data, for example in 
electronicc patient records, has led to the need for structured and standardized 
registrationn of data. For this purpose several medical terminological systems 
havee been developed. A terminological system is a system that interrelates 
conceptss (e.g. medication or diagnoses) of a particular domain (e.g. intensive 
care)) and provides their terms and codes [14]. The relations between the 
conceptss within a terminological system can be hierarchical (e.g. Is-A) or non-
hierarchicall  (e.g. has-location). In addition some terminological systems hold 
(formal)) rules for the composition of new concepts by combining existing 
concepts.. In literature, terms such as "terminology", "thesaurus", "vocabulary", 
"nomenclature""  and "classification" are often confused. De Keizer et al.[14] 
providee a description of a typology of terminological systems, including 
definitionss and relationships between the above mentioned different types of 
terminologicall  systems. 

Severall  authors have specified required characteristics of terminological 
systemss [15-17]. Among the most important characteristics of a terminological 
systemm are the completeness and the correctness of its content, i.e. the concepts, 
theirr terms, and the relations between the concepts. The content of a TS is of 
utmostt importance for its acceptance. A physician needs to be able to be 
completee and sufficiently accurate in depicting the care process, and clinical 
researcherss need to be able to be complete in selecting specific patient groups at 
anyy desired level of aggregation. To realize this all concepts, terms and relations 
belongingg to the domain of the TS should be represented and should be correct. 
Forr example, we want sufficient terms attached to a concept, and we want the 
termss to be only the correct ones. 

Duringg the last decades many terminological systems have been developed with 
differentt domains and different structures ranging from strict hierarchies to 
complexx semantic nets. Examples of these are the International Classification of 
Diseasess (ICD) [18], the Systemized Nomenclature of Medicine (SNOMED) 
[19,, 20], and the North American Nursing Diagnosis Association (NANDA) 
terminologyy [21], Upon request of the Dutch NICE foundation a terminological 
systemm and corresponding software for the domain of intensive care (IC) have 
beenn developed. This terminological system is called Diagnoses for Intensive 
Caree Evaluation, DICE [22]. 
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TheThe DICE terminological system 
Qualityy assessment and the introduction of Patient Data Management Systems 
(PDMS)) increased the need for structured and standardized registration of 
diagnosticc information in Dutch intensive care. Until now there has hardly been 
anyy systematic and structured registration of reasons for ICU admission. This is 
largelyy attributed to the lack of an appropriate terminological system for 
describingg these reasons for admission at the ICU. Therefore the DICE 
terminologicall  system was developed. The DICE terminological system 
comprisess reasons for admission to the Intensive Care Unit (ICU), and some of 
theirr characteristics, such as the anatomical localization, the dysfunction and the 
aetiology.. DICE can be incorporated into a PDMS to 1) adequately describe the 
healthh status of a patient and 2) to enable aggregation of homogenous patient 
groupss for the purpose of analysis and evaluation of intensive care. [22] Since 
thee start of the DICE-project in 1997 DICE has developed to an extensive 
terminologicall  system that currently contains 2373 concepts, of which 1456 are 
diagnosess that form reasons for admission to the ICU. To enable incorporation 
intoo a PDMS software has been developed. The DICE terminological system 
andd accompanying software will soon be implemented at two Dutch intensive 
caree units. Before DICE will be used in real practice its content needs to the 
checkedd for completeness and accuracy. 

Fromm data to qualit y indicators 
Qualityy of health care is assessed by means of quality indicators, that are mostly 
relatedd to the outcome of care. Outcome data can be subjective (e.g. patient 
satisfactionn or quality of life) or objective (e.g. mortality, morbidity or length of 
stay). . 
Qualityy assessment projects within the field of intensive care often use the in-
hospitall  mortality as quality indicator. However, death can result from many 
factorss other than ineffective care. Mortality depends not only on the structure 
(e.g.. equipment and staff) and the process of care (type and timing) but also on 
thee input, e.g. severity of illness of the patient population [23]. Terminological 
systemss such as DICE can help to account for this 'case-mix' by enabling 
aggregationn of homogenous patient groups based on reason for ICU admission. 
Inn addition, several severity-of-illness scoring systems have been developed, 
thatt are frequently being used for case-mix correction in the intensive care 
population. . 

ScoringScoring systems in intensive care 

Scoringg systems provide a quantitative measure of an individual patients' 
severityy of illness, based on characteristics that have been recognized as 
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importantt in increasing the risk of death. Scoring systems may either be 
anatomicall  or physiological [23]. Anatomical scoring systems assess the extent 
off  injury, whereas physiological systems assess the impact of injury on 
function.. Some examples of the latter are the Acute Physiology and Chronic 
Healthh Evaluation (APACHE) [24, 25] and the Simplified Acute Physiology 
Scoree (SAPS) [26] scoring systems, that were specifically developed for the 
generall  ICU population. Physiological scores may change during the ICU stay, 
ass the physiological response varies. This aspect has been recognized in the 
developmentt of the Sequential Organ Failure Assessment (SOFA) score [27]. 
Thee SOFA score provides a daily quantification of the amount of organ failure 
inn intensive care patients. 

Basedd on the severity of illness of an ICU population the expected mortality can 
bee estimated, which can also be used in the correction for case-mix differences. 
Expectedd mortality is estimated by means of prognostic models. 

PrognosticPrognostic models 

Prognosticc models provide an estimate of the mortality in specific patient 
populations,, based on characteristics of the patients. The observed mortality 
dividedd by the expected mortality in a population forms the Standardized 
Mortalityy Ratio (SMR). The SMR is used as a case-mix corrected indicator of 
qualityy of care. Which characteristics to include in a prognostic model and their 
importancee (weight) is mostly determined through logistic regression. Other 
methodss for development of prognostic models include Bayesian networks and 
decisionn trees. The APACHE and the SAPS prognostic models calculate the 
expectedd mortality by means of a logistic regression equation, which includes 
thee severity-of-illness scores. Other well-known prognostic models that have 
beenn developed for the intensive care population are the Mortality Prediction 
Modelss (MPM) [28] and the Logistic Organ Dysfunction System (LODS) [29]. 

Thee development of a prognostic model requires a dataset that includes for a 
groupp of patients their individual characteristics and outcome. Whereas the 
developmentt of a prognostic model is based on one patient population it will be 
appliedd to other populations, e.g. in a different time or in a different region or 
country.. To assess the generalizability of a prognostic model, its performance 
needss to be validated on an external data set, different from the one that was 
usedd to develop the model. Such a measurement may cover several aspects of 
thee performance of a prognostic model. They include the ability to distinguish 
betweenn survivors and non-survivors (discrimination) and the extent to which 
thee predicted mortality rates for groups of patients (calibration) or individuals 
(accuracy)) are in concordance with the observed mortality rates. 
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Objectivess and outline of this thesis 
Thee general objective of the study described in this thesis is to evaluate and to 
assuree the quality of the documentation of data in medical registries such as the 
NICEE registry, and the quality of the processing of data for performance 
measurement.. Regarding the quality of data documentation the following 
objectivess can be distinguished: 

 To identify causes of insufficient data quality and develop a 
frameworkk of procedures for data quality assurance in medical 
registriess (chapter 2). 

 To assess the contribution of training in data definitions and data 
extractionn guidelines to improve quality of data for use in intensive 
caree scoring systems (chapter 3). 

 To analyse the quality of data used to measure severity of illness in 
thee Dutch National Intensive Care Evaluation (NICE) registry, after 
implementationn of quality improving procedures (chapter 4) 

 To evaluate the reliability and the accuracy of SOFA scores and to 
identifyy causes of errors in SOFA scoring (chapter 5) 

 To obtain insight into methods for the evaluation of the quality of 
thee content of terminological systems and to evaluate the content of 
thee DICE terminology system (chapter 6). 

Dataa processing is here refers to the transformation of the documented data into 
standardisedd mortality ratios as indicators for the quality assessment of care, by 
meansmeans of the prognostic models. Quality of data processing is hereby restricted 
too the assessment of the validity of the prognostic models that are used. 
Regardingg the validation of prognostic models the following objective applies: 

 To assess the effect of the size of the validation sample on the 
measuredd performance of prognostic models, and to assess the 
performancee of these models for the ICU population in the NICE 
registryy (chapter 7). 
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Chapterr 2 

Abstract t 
Overr the last years the number of medical registries has increased sharply. The 
valuee of these registries strongly depends on the quality of the data contained in 
thee registry. To optimise data quality, special procedures have to be followed. A 
literaturee review and a case study on data quality formed the basis for the 
developmentt of a framework of procedures for data quality assurance in 
medicall  registries. Procedures in the framework have been divided into 
proceduress for the co-ordinating center of the registry (central) and procedures 
forr the centers where the data are collected (local). These central and local 
proceduress are further subdivided into (a) the prevention of insufficient data 
quality,, (b) the detection of imperfect data and their causes (c) actions to be 
takenn / corrections. The framework can be used when a new registry is set up or 
too identify procedures in existing registries that need to be adjusted in order to 
improvee data quality. 
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Definingg and improving data quality 

Introductio n n 
Severall  developments in healthcare, such as progress in information technology 
andd increasing demands for accountability, have led to an increase in the 
numberr of medical registries over recent years. We define a medical registry as: 
"aa systematic collection of a clearly defined set of health and demographic data 
forfor patients with specific health characteristics, held in a central database for a 
predefinedpredefined purpose" (based on [1]). The specific patient characteristics, such as 
thee presence of a disease or whether an intervention has taken place, determine 
whichh patients should be registered. Medical registries can serve different 
purposes,, for instance as a tool to monitor and improve quality of care or as a 
resourcee for epidemiological research [2]. One example is the NICE (National 
Intensivee Care Evaluation) registry which contains data from patients who have 
beenn admitted to Dutch Intensive Care Units (ICUs) and serves to gain insight 
intoo and to improve the effectiveness and efficiency of Dutch intensive care [3]. 

Too be useful, data in a medical registry need to be of good quality. In practice, 
however,, quite frequently wrong patients are registered or data items can be 
inaccuratelyy recorded or not recorded at all [4-8]. To optimise the quality of 
medicall  registry data the centers that participate in a registry should follow 
certainn procedures that aim to minimise inaccurate and incomplete data. The 
objectivee of this study was to identify causes of insufficient data quality and to 
makee a list of procedures for data quality assurance in medical registries and put 
themm in a framework. By data quality assurance we mean the whole of planned 
andd systematic procedures that take place before, during and after data 
collection,, in order to guarantee the quality of data in a database. Our proposed 
frameworkk with procedures for data quality assurance intends to serve as a 
referencee during the start-up of a registry. Furthermore, comparing current 
proceduress in existing medical registries with the proposed procedures in the 
frameworkk should enable the identification of possible adjustments in the 
organisationn in order to improve data quality. 

Methods s 
Literatur ee review 
Too gain insight into the concept of 'data quality' we searched the literature for 
definitions.. For the development of the data quality framework we searched the 
literaturee for (a) types and causes of data errors and (b) procedures that can 
minimisee the occurrence of data errors in a registry database. An automated 
literaturee search was done using the Medline and Embase databases. The 
followingg text words and MeSH headings were used in this search: "data 
quality",, "registries", "data collection", "validity", "accuracy", "quality 
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control",, and combinations of these. The automated search spanned the years 
fromm 1990 to 2000. To supplement the automated search, a manual search was 
done.. This included papers referenced by other papers, papers and authors 
knownn by reputation, and papers from personal databases and the Internet. To 
searchh the Internet we used the same terms as for the literature search. The 
manuall  search was not restricted to the medical domain or to a specified time 
period.. Papers were considered relevant if they described the analysis of data 
qualityy in a registry database or a trial database in terms of types and 
frequenciess of data errors or causes of insufficient data quality. In addition we 
selectedd papers that described procedures for the control and the assurance of 
dataa quality in registry or trial databases. We considered registry and trial 
databasess as systematic collections of a pre-specified set of data items for all 
peoplee with a specific characteristic of interest (e.g., patients admitted to the 
intensivee care) for a predefined purpose, such as evaluative research. 

Casee study 

Wee analysed the types and causes of data errors that may occur in a registry, by 
performingg a case study at two ICUs that had been collecting data for the NICE 
registryy for at least one year. The NICE dataset contains 96 variables 
representingg characteristics of the patients and the outcome of ICU treatment. It 
includess demographic patient data, admission and discharge data and all 
variabless necessary to calculate severity-of-illness scores and mortality risks 
accordingg to the prognostic models APACHE II & III [9, 10], SAPS II [11], 
MPMo/244 II [12] and LODS [13]. A total of 39 variables are categorical (e.g., 
presencee of chronic renal insufficiency prior to ICU admission), 48 are 
numericall  (e.g., highest systolic blood pressure during the first 24 hours of ICU 
admission),, 7 are dates/times and 2 are character strings. 

Onee of the ICUs in the case study collected their data automatically by 
extractingg the data from their electronic Patient Data Management System 
(PDMS)) [14] into a local registry database. The other ICU collected the data 
manuallyy by fillin g in case record forms (CRFs) which were manually entered 
intoo a local registry database. Each month the data from the local databases 
fromm both ICUs are transferred to the central registry database at the NICE co-
ordinatingg center. These data flows are shown in figure 2.1. 

Forr each ICU we retrieved from the central registry database the records of 20 
randomlyy selected patients that had been admitted in September or October 
1999.. To evaluate the accuracy and the completeness of the data we compared 
thee data from the central registry database, the local database and the CRFs with 
thee gold standard data. The gold standard data were re-abstracted from the paper 
patientt record or the PDMS by one of the authors (D.A.). Registered values 
weree found to be inaccurate if (1) a categorical value was not equal to the gold 
standardd value or (2) a numerical value deviated from the gold standard value 
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moree than acceptable, for example a deviation in systolic blood pressure of 
moree than 10 mmHG below or over the gold standard systolic blood pressure 
wass considered inaccurate (See appendix for complete list of variables and 
criteria).. A data item was found to be incomplete when it was not registered, 
whilee it was available in the paper-based record or the PDMS. 

Byy means of a structured interview with the physicians responsible for the data 
collectionn process we gained insight into the local organisation of the data 
collection.. This information and discussion of discovered data errors helped us 
too identify the causes of insufficient data quality. The causes of insufficient data 
qualityy that we have found though the literature review and the case-study were 
groupedd according to their place in the data collection process. 

Qualit yy assurance framework 
Proceduress for data quality assurance were collected through literature review 
ass described before. According to their characteristics the procedures were 
placedd in a framework which maps with the grouping of data error causes, 
obtainedd by the literature review and the case study. 

Results s 
Dataa qualit y definitions from literatur e 
Accordingg to the International Standards Organisation (ISO) definition, 
'quality'' is "the totality of features and characteristics of an entity that bears on 
itss ability to satisfy stated and implied needs". (ISO 8402-1986, Quality-
Vocabulary)) Similarly, in the context of a medical registry, 'data quality' can be 
definedd as "the totality of features and characteristics of a data set, that bear on 
itss ability to satisfy the needs that result from the intended use of the data". 
Manyy researchers point out that data quality is an issue that needs to be assessed 
fromm the data users' perspective. For example, according to Abate et al. [15] 
dataa is of the required quality 'if it satisfies the requirements stated in a 
particularr specification and the specification reflects the implied needs of the 
user'. . 
Thee review of relevant literature yielded a large number of distinct data quality 
attributess that might determine the usability. Most of the data quality attributes 
inn literature had ambiguous definitions or were not defined at all. In some cases 
multiplee terms were used for one single data quality attribute in different 
articles.. The two most frequently cited data quality attributes were "accuracy" 
andd "completeness" [6, 7, 15-31]. From all data quality attributes found in 
literature,, these two are the most relevant in the context of the case study. Based 
onn the definitions found in literature, we formulated clear, unambiguous 
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definitionss for (1) data accuracy (= the extent to which registered data are in 
conformityy to the truth) and (2) data completeness (= the extent to which all 
necessaryy data that could have been registered have actually been registered). 

Typess and causes of data error s 

LiteratureLiterature review 

Revieww of relevant literature [4, 17-19, 32-38] resulted in a number of types of 
dataa errors. Van der Putten et al. [36] divides data errors into interpretation 
errors,, documentation errors and coding errors. Other authors divide data errors 
intoo systematic (type I) errors and random (type II) errors [17]. Knatterud et al. 
[35]]  additionally mentions bias as a category of data errors, which can cause 
randomm errors as well as systematic errors. Causes of systematic data errors 
includee programming errors [32, 34], unclear definitions for data items [4, 33, 
36]]  or violation of the data collection protocol [34, 35]. Random data errors can 
forr instance be caused by inaccurate data transcription and typing errors [18, 32, 
35,, 39] or illegible handwriting in the patient record [19, 34]. Clarke [32] only 
describess two causes of data errors, inaccurate data transcription and 
programmingg errors in the software used. These two causes of errors are most 
frequentlyy cited in literature. Inaccurate data transcription occurs during the 
actuall  data collection process. Alternatively, programming errors are part of the 
proceduress that precede the actual data collection process. Some other examples 
off  these are the lack of clear definitions for data items and guidelines for data 
collectionn [4, 33, 36], or insufficient training of participants in using the data 
definitionss and guidelines [34, 37]. 

Wee have now identified several possible types and causes of data errors through 
literaturee review. To analyse the types and causes of data errors in real practice 
wee performed a case study at an existing medical registry, the NICE registry. 

Case-studyCase-study of data quality in the NICE registry 

Figuree 2.1 displays the frequencies of inaccurate and incomplete data as they 
occurredd during the different steps in the data collection process. Due to the fact 
thatt some variables were not documented in the PDMS for all patients, 4.0% of 
thee data was not available in the extraction source. After the extraction of the 
dataa from the PDMS another 1.4% of the data were incomplete. This was due to 
thee fact that the extraction software lacked queries for some data items. Of the 
extractedd data, 1.7% was inaccurate due to programming errors in the extraction 
software.. Due to programming errors in the software used for transferring data 
intoo the central registry database another 0.6% of the data were incomplete and 
0.9%)) were inaccurate. For example, one extraction query did not return the 
longestt prothrombin time in the first 24 hours of ICU admission, but in the 
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entiree ICU stay. Finally, the central registry database contained 2.0% inaccurate 
andd 6.0% incomplete data for the hospital with automatic data collection. 
Inn the hospital using manual data collection, after transcription of data from the 
paperr patient record to the CRF 4.8% of the data were inaccurate and 3.3% were 
incomplete.. We identified several causes of these errors, such as inaccurate 
transcriptionn of the data and inaccurate calculations of derived variables such as 
thee daily urinary output and the alveolar arterial oxygenation difference. A 
relativelyy frequent error cause was non-adherence to data definitions. Contrary 
too the definitions, data from outside the first 24 hours of ICU admission were 
frequentlyy registered. The next step in the data collection process is the manual 
entryy of the data from the CRFs into the local registry database. Inaccurate 
typingg was a relatively infrequent cause of data errors (0.6%). During entry of 
dataa in the local database some of the data, that were inaccurate or incomplete 
onn the CRFs, was corrected or completed. Programming errors in the software 
usedd for transferring the data into the central registry database caused another 
3.6%% incomplete data items. Finally, the central registry database contained 
4.6%% inaccurate and 5% incomplete data for the hospital with manual data 
collection. . 

Thee causes of inaccurate data that we found through the literature review and 
thee case study, and the types of data errors they cause are presented in table 2.1. 
Heree the causes are grouped according to the related stage in the registration 
processs and subdivided into causes at central and at local level. Central level 
referss to the co-ordinating center that sets up the registry and where data sets 
fromm all participating centers are transferred into the central registry database. 
Locall  level refers to the sites were the actual data collection takes place. 
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Figuree 2.1 - Results from the case study, types and percentages of newly occurring data 

errors,errors, at the different steps in the data collection process. 

Proposedd framework wit h procedures for  data qualit y improvement 

Manyy different quality assurance procedures have been discussed in literature. 
Whitneyy et al. [38] discuss data quality in longitudinal studies. She makes a 
distinctionn between quality assurance procedures and quality control 
procedures.. Quality assurance consists of those activities undertaken prior to 
dataa collection to ensure that the data are of the highest possible quality at the 
timee they are collected. Examples of quality assurance procedures are a clear 
andd extensive study design, and training of data collectors. Quality control takes 
placee during and after data collection, and is aimed at identifying and correcting 
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sourcess of data errors. Some examples of quality control procedures are 
completenesss checks and site visits. [38] 

Tablee 2.1 - Causes of insufficient data quality in medical registries at the different 
stagesstages in the registry process and the type (systematic (S) or random (R)) of data errors 
theythey cause. 
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Centrall  coordinating center 

-- Unclear /ambiguous data 
definitions s 

-- Unclear data collection 
guidelines s 

-- Poor CRF lay-out 
-- Poor interface design 
-- Data overload 
-- Programming errors 

-- No control over adherence to 
guideliness and data definitions 

-- Insufficient data checks 

-- Insufficient control over local 
correctionn of detected data 
errors s 

-- Lack of a clear plan for quality 
improvement t 

Type e 

S S 

S S 

S/R R 
S/R R 
R R 
S S 

S S 

S/R R 

S/R R 
S/R R 

Locall  sites 

-- Illegible handwriting in data source 
-- Incompleteness of data source 
-- Unsuitable data format in source 
-- Data dictionary not available to data 

collectors s 
-- Lack of motivation 
-- Frequent shift of personnel 
-- Programming errors (data entry 

module// extraction software) 

-- Non-adherence to data definitions 
-- Non-adherence to guidelines 
-- Calculation errors 
-- Typing errors 
-- Insufficient data checks at data entry 
-- Transcription errors 
-- Incomplete transcription 
-- Confusing data corrections on CRF 

-- No correction of detected data errors 

Type e 

R R 
S S 
S S 
S/R R 

R R 
R R 
S S 

S S 

s s 
S/R R 
R R 
S/R R 
R R 
R R 
R R 

S/R R 

Knatterudd et al. [35] describes guidelines for standardisation of quality 
assurancee in clinical trials. According to the authors, quality assurance should 
includee 'prevention', 'detection' and 'action', from the beginning of the data 
collectionn through publication of the study results. Important aspects of 
preventionn are the selection and training of adequate and motivated personnel, 
andd the design of a data collection protocol. Detection of data errors can be 
achievedd through routinely monitoring the data, which means that they are 
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comparedd to the data in another independent data source. Finally, action implies 
thatt data errors are corrected and causes of data errors are resolved. 

Too standardise data collection in a registry, the data items that need to be 
collectedd should be provided with clear data definitions, and standardised 
guideliness for data collection methods have to be designed [18, 19, 32-35, 38]. 
Manyy authors recommend training of persons involved in the registry [5, 18, 
33-35,, 38, 40-42]. Issues in these training sessions are the scope of the registry, 
thee data collection protocol and data definitions. Participants should be trained 
centrallyy to guarantee standardisation of the data collection procedures across 
participatingg centers. 

Fromm two studies [43] it appeared that data quality improves if the CRF 
containss less open-ended questions. To reduce the chance of errors occurring in 
thee data during the data collection several authors recommend collecting the 
dataa in space close to the original data source and in time as soon as the data are 
availablee [19, 40, 44, 45]. Ideally, the data should be entered by the clinician or 
obtainedd directly from the relevant electronic data source, for example a 
laboratoryy system [19]. 

Severall  different methods can be applied in order to detect errors at data entry. 
Forr example the registry data can be entered twice, preferably by two 
independentt persons. Detected inconsistencies, that indicate data-entry errors, 
shouldd be checked and re-entered [19, 38, 41, 44, 46]. Automatic domain or 
consistencyy checks on the data at data entry, data extraction or data transfer, can 
alsoo detect anomalous data [8, 19, 32, 38, 42, 44, 45]. Not all data errors can be 
detectedd through automatic data checks. Data errors that are still within the 
predefinedd range wil l not be uncovered. Therefore, in addition to the automatic 
checkingg of the data, a visual check of the entered data is recommended [8, 44]. 
Analysess of the data, for example simple cross-tabulation, could also help to 
uncoverr anomalies in data patterns [32, 35, 44]. The co-ordinating center of a 
registryy can control data quality through visiting the participating centers and 
performingg data audits. These data audits imply that a sample of the data from 
thee central registry database is being compared to the original source data, for 
examplee in the paper patient record. [34, 35, 38, 42] 

Basedd on causes of insufficient data quality from the case study and on 
experiencess described in literature we made a list of procedures for data quality 
assurance.. These procedures have been placed in a framework (table 2.2). In the 
framework,, quality assurance procedures have been divided into 'central' and 
'local'' procedures. Central and local procedures are further subdivided into 
threee phases: (a) the prevention of insufficient data quality, (b) the detection of 
inaccuratee or incomplete data and their causes and (c) corrections / actions to be 
takenn in order to improve data quality. 
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Tablee 2.2 - Framework of procedures for assurance of data quality in medical registries 

r r 
a a J*. . 

a a 

b b 

1 1 
a a 

a a 

Centrall  coordinating center 

Att  the onset of the registry 
-- compose minimum set of necessary 
dataa items 

-- define data & data characteristics in 
dataa dictionary 

-- draft a data collection protocol 
-- define pitfalls in data collection 
-- compose data checks 
-- create user friendly case record forms 
-- create quality assurance plan 

Inn case of new participatin g sites 
-- perform site visit 
-- train new participants 

Continuously y 
-- motivate participants 
-- communicate with local sites 

Inn case of changes (e.g., in data set) 
-- adjust forms, software, data dictionary, 
protocol,, training material, etc. 

-- communicate with local sites 

Durin gg import of data into central database 
-- perform automatic data checks 

Periodicallyy &  in case of new participant s 
-- perform site visits 
-- data quality audit 
(registryy data <> source data) 
-- review local data collection procedures 

Periodically y 
-- check inter- and intra-observer variability 
-- perform analyses on the data 

Afterr  data import and data checks 
-- provide local sites with data quality reports 
-- control local correction of data errors 

Afterr  data audit or  variabilit y test 
-- give feedback of results and 
recommendations s 

-- resolve causes of data errors 

Locall  sites 

Att  the onset of participatio n in a registry 
-- assign a contact person 
-- check developed software for data entry 
andd for extraction 

-- check reliability and completeness of 
extractionn sources 

-- standardise correction of data items 
Continuously y 

-- train (new) data collectors 
-- motivate data collectors 
-- make data definitions available 
-- place date & initials on completed forms 
-- keep completed case record forms 
-- data collection close to the source and 
ass soon as possible 

-- use thee registry data for local purposes 
Inn case of changes (e.g., in data set) 

-- adjust data dictionary, forms, software, 
etc. . 

-- communicate with data collectors 

Continuously y 
-- visually inspect completed forms 
-- perform automatic data checks 
-- check completeness of registration 

Afterr  receiving quality reports 
-- check detected errors 
-- correct inaccurate data & fill  in 
incompletee data 

-- resolve causes of data errors 
Afterr  receiving feedback 

-- implement recommended changes 
-- communicate with personnel 

Thiss grouping for the data quality assurance procedures resembles the causes of 
dataa errors in table 2.2. Preventive procedures are aimed at the causes of 
inaccuratee data that are the result of deficiencies in the set up or the organisation 
off  the registry. Detection of inaccurate data takes place during the local data 
collectionn process and during the transfer of data into the central database. 
Finallyy detected data inaccuracies and their causes should lead to actions that 
improvee data quality. 
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Discussion n 
Thee definitions of data quality that we found clearly give "the data requirements 
thatt proceed from the intended use" a pivotal position. Thus, the intended use of 
registryy data determines the necessary properties of the data. For example, in a 
registryy that is used to calculate incidence rates of diseases, it is essential that all 
existingg patient cases are included in the registry. In other cases (e.g., registries 
usedd for case-control studies) it is essential that characteristics of registered 
patientss such as diagnoses are correctly recorded, while the exact number of 
includedd patients is of minor importance [17]. 

Definitionss of data quality and data quality attributes in literature are frequently 
unclear,, ambiguous or unavailable. Before designing a plan for quality 
assurancee of registry data, a clear description of what attributes constitute data 
qualityy is necessary. Additionally, standard definitions of data quality and data 
qualityy attributes are necessary to be able to compare data quality between 
registriess or within a registry at different points in time. 

Investigatingg the causes of data errors is a prerequisite for the reduction of 
errors.. The literature search that we performed to gain this information was not 
fullyy conducted according to the methodology of a systematic review. 
Neverthelesss we believe to have captured most of the relevant articles. In 
additionn to the literature search we performed a case study. We analysed the 
typess and causes of data errors in the NICE registry at the different steps in the 
dataa collection process, from the patient record to the central registry database. 
Wee did not question the quality of data documented in the patient record, either 
electronicc or paper based. Nevertheless, there is ample evidence in literature 
thatt the patient record is generally not completely free of data errors [47-49]. 
Forr our case study however the paper based patient record or the PDMS was the 
mostt reliable source available. The case study showed for some variables, such 
ass 'admission source' and TCU discharge reason', missing values for each 
patientt in the PDMS, because these variables were not configured in the PDMS. 
Thiss was a relatively large source of systematically missing data for the hospital 
withh automatic data collection. The paper-based records too missed some of the 
dataa that were obligatory in the registry. This however was a minor cause of 
randomlyrandomly missing data in the registry, because the physicians did fil l in most of 
thesee data on the CRF. 

Fromm our case study it appeared that in case of automatic data collection, data 
errorss are mostly systematic and caused by programming errors. The 
disadvantagee of these programming errors is that they can cause a large number 
off  data errors. On the other hand, once the programming error is detected, this 
errorr cause can easily be resolved. In case of manual data collection data errors 
appearedd to be mostly random. Most data errors occurred during recording of 
thee data on the CRFs, due to inaccurate transcription or non-adherence to data 
definitions.. The fact that in this case most data errors occur during transcription 
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off  data to the CRF corresponds to the results of others [39]. The percentages 
inaccuratee and incomplete data in case of manual data collection are comparable 
too those that resulted from other studies [7, 39, 42]. The literature search yielded 
noo articles presenting results of data quality analysis for automatically extracted 
data,, to compare with the results of our case study. 

Itt is unrealistic to aim for a registry database that is completely free of errors. 
Somee errors wil l remain undetected and uncorrected regardless of quality 
assurance,, editing, and auditing. Implementation of procedures for data quality 
assurancee can merely lead to an improvement of data quality. As appeared from 
thee literature review, the assurance of data quality can entail many different 
procedures.. Procedures were selected for our framework, when they are 
practicallyy feasible and when they seem likely to prevent, detect or correct 
frequentlyy occurring errors. This implies that the procedures in the framework 
cann be expected to be effective in improving data quality. 

Proceduress in the framework are divided into 'central' and 'local' procedures. 
Thiss division of procedures was applied because most registries consist of 
severall  participating local centers that collect the data and send it to the central 
co-ordinatingg center that sets up and maintains the registry. Prud'homme et al. 
[42]]  similarly described quality assurance procedures separately for all parties 
involvedd in a trial, such as the clinical centers, the coding center, and the data 
co-ordinationn center. Central and local procedures in our framework are further 
subdividedd into the prevention of insufficient data quality, detection of (causes 
of)) insufficient data quality and actions to be taken. Knatterud et al. [35] and 
Wyattt [19] made similar divisions. The framework of procedures for data 
qualityy assurance fits on the table with causes of data errors. If for example the 
locall  causes of data errors lay mainly in the data collection phase than quality 
assurancee procedures from the local detection section in the framework should 
bee implemented. 

Forr the development of the framework we took two methods of data collection 
intoo consideration, manual and automatic data collection. We did not consider 
thee use of alternative data entry methods such as the OCR/OMR scanning of 
registryy data. Since manual and automatic data collection are the two most 
commonlyy used methods, the framework should be applicable for reviewing the 
organisationn in most medical registries. 

Thee developed quality assurance framework for medical registries will also be 
usefull  for reviewing procedures and improving data quality in clinical trials. 
Goodd Clinical Practice guidelines for clinical trials state that procedures for 
qualityy assurance have to be implemented at every step in the data collection 
processs [50], To assure the quality of data in clinical trials, the framework 
describedd in this article could be a suitable addition to the Good Clinical 
Practicee guidelines. 
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Wee believe that the framework proposed in this paper can be a helpful tool for 
settingg up a high quality medical registry. Our experiences with the NICE 
registryy and with 3 other national and international registries support this 
opinion.. In existing registries it can be a useful tool for identifying adjustments 
inn the data collection process. Further research, such as pre- and post-
measurementss of data quality, should be conducted in order to show if 
implementationn of the framework in a registry really does reduce the 
percentagess of data errors. 
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Abstract t 
Onee of the procedures in the data quality assurance framework described in 
chapterr two is the training of data collectors in data definitions and data 
extractionn guidelines. We aimed to assess the contribution of these trainings to 
improvingg quality of data for use in intensive care scoring system such as 
APACHEE II and SAPS II in the Dutch National Intensive Care Evaluation 
(NICE)) registry. 
AA training group of 31 Intensive Care physicians from Dutch hospitals newly 
participatingg in the NICE registry extracted the data from 3 sample patient 
recordss before and after attending a central training program. The 5-hours 
trainingg program provided participants with guidelines for data extraction and 
strictt data definitions. A control group of 10 Intensive Care physicians who 
weree trained according the train-de-trainer principle at least six months before 
thiss study, extracted the data twice, without specific training in between. 
Inn the training group the mean percentage accurate data increased significantly 
afterr training for all NICE variables (+7% (95% CI 5, 10)), for APACHE II 
variabless (+6% (95% CI 4, 9)) and for SAPS II variables (+4% (95% CI 1, 6)). 
Thee percentage data error due to non-adherence to data definitions decreased by 
3.5%% after training. Deviations from gold standard SAPS II scores and predicted 
mortalitiess decreased significantly after training. Data accuracy in the control 
groupp did not change between the two data extractions and was equal to post-
trainingg data accuracy in the training group. 
Wee concluded that training in data definitions and data extraction guidelines is 
ann effective way to improve quality of intensive care scoring data. 
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Introductio n n 
Too enable quality assessment of intensive care a number of regional and (inter) 
nationall  intensive care registries have been developed, including the British 
Intensivee Care National Audit & Research Centre (ICNARC) and the IMPACT 
projectt from the American Society of Critical Care Medicine (SCCM). 

Thesee registries enable evaluation of the effectiveness and the efficiency of the 
caree process. In 1996 the National Intensive Care Evaluation (NICE) registry 
wass set up in the Netherlands for the same reason. A minimum data set is 
extractedd from the patient record for every patient admitted to each of 21 
intensivee care units currently participating in the NICE registry. Scoring 
systemss such as Acute Physiology and Chronic Health Evaluation (APACHE) 
III  [1] and Simplified Acute Physiology Score (SAPS) II [2] calculate a score for 
eachh patient based on the most abnormal data from the first 24 hours following 
intensivee care admission to quantify severity of illness and corresponding 
probabilityy of in-hospital mortality. As an indicator for quality assessment of 
intensivee care, the observed mortality in the intensive care population is 
comparedd to the calculated case-mix corrected mortality in that population. 

Thee use of such an IC registry for quality assessment strongly depends on the 
qualityy of registry data. Several studies have shown inter- and intra-observer 
variabilityy in calculation of severity-of-illness scores [3-10]. Fery-Lemonnier et 
ahah [3] discussed some of the problems causing inaccurate APACHE II data 
collection,, including ambiguous definitions and complex calculations. Chen et 
ahah [4] also mentioned lack of clear instructions concerning the timing of 
APACHEE II data collection as a source of variability. 

Inn order to improve data quality, the NICE registry has implemented a 
frameworkk of quality assurance procedures [11]. As a part of this framework the 
NICEE foundation has defined all variables. The NICE data definitions are put 
downn in a data dictionary. At least two physicians per ICU are obliged to attend 
aa central training session organized by the NICE board during which the data 
definitionss are discussed. Physicians who have attended the central training 
sessionn train their local staff according to the train-de-trainer principle. The 
objectivee of our study was to investigate whether this total training concept 
improvess data quality and increases the validity of the severity-of-illness 
scoringg in the Dutch NICE registry. 
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Methods s 
Samplee data 

Twoo Intensive Care physicians experienced in severity scoring and formerly 
involvedd in composing the NICE data definitions selected three sample patient 
cases.. These cases were modified to include some potential pitfalls in data 
extraction,, such as abnormal physiological values just prior to or 24 hours after 
thee admission to the intensive care unit. The NICE dataset consists of 88 
variabless (37 categorical variables, 43 numerical variables, 6 date/time 
variables,, and 2 strings). To reduce errors in identifying the worst value, NICE 
askss for the lowest and the highest values recorded in the first 24 hrs and a 
centrall  computer algorithm selects the worst value. The standardized data 
definitionss used in the NICE registry are in agreement with widely accepted 
dataa definitions used in the severity-of-illness scoring models such as APACHE 
III  and SAPS II [1, 2, 12-14]. According to these definitions, the two physicians 
reachedd consensus on values for all data items for the three sample patient 
cases.. These values were considered the gold standard. 

Trainin gg group 

Betweenn February 1999 and May 2001 four central NICE training sessions took 
place,, attended by a total of 31 participants. Training session participants were 
physicianss from intensive care units that intended to participate in the NICE 
registry.. Each training session took approximately five hours. All training 
participantss received a copy of the NICE data dictionary. During the sessions 
thee definitions of all variables and the data extraction guidelines were discussed 
andd practiced with some patient cases. These central trainings were given by 
memberss of the NICE board who had been involved in the composition of the 
NICEE data definitions and were highly experienced with severity-of-illness 
scoringg systems. All training participants received photocopies of the records 
fromm the three selected sample patient cases. They were asked to extract the 
NICEE data from these cases' records to specially designed paper forms one 
weekk before attending the training session and within one month afterwards. 

Contro ll  group 

Too assess the effect on data quality of extracting data for the same patient case 
twicee (without training) photocopies of the records from the same three sample 
patientt cases were issued to a control group. The control group consisted of 10 
randomlyy selected physicians and registrars working in one of the intensive care 
unitss that had been routinely extracting NICE data for several years. The control 
groupp had been locally instructed on data definitions and guidelines at least six 
monthss prior to this study, according to the train-the-trainer principle by one of 
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thee intensive care staff who had previously attended a central NICE training 
session.. A copy of the NICE data dictionary was available to all control group 
members.. The control group was asked to extract data from the sample patient 
casess twice at an interval of 4-6 weeks without training in between. 
Afterr the first extraction both the training group and the control group were 
informedd about the study design implying that there would be a second data 
extractionn one month after the first. Participants in the training group as well as 
inn the control group did not receive their results of the first data extraction 
beforee they had completed the second. 

Analysiss of data qualit y 
Forr both groups the recorded data were included only if a physician or registrar 
hadd extracted the data twice (before and after training or for the first and the 
secondd data extraction). 

Wee analysed the accuracy of recorded data for three different data subsets; 
(a)) all variables in the NICE registry (n=88) 
(b)) APACHE II variables (n=35) 
(c)) SAPS II variables (n=26) 

Dataa accuracy for all three subsets was determined by comparing the extracted 
dataa to the gold standard data. The criteria used for analysing accuracy of 
APACHEE II and SAPS II variables were different from those used for all NICE 
variables. . 

CriteriaCriteria for all NICE variables: 

Whenn assessing data quality for all NICE variables, categorical values, strings, 
datess and times were judged inaccurate when they were 1) incomplete (left 
blankk when according to the gold standard it was available) or 2) not equal to 
thee gold standard value. Numerical values were considered inaccurate when 
theyy 1) were incomplete or 2) deviated from the gold standard value more than 
acceptable.. For example, a deviation in systolic blood pressure of more than 10 
mmm Hg below or over the gold standard systolic blood pressure was considered 
inaccurate.. The detailed criteria are available from the authors. 

CriteriaCriteria for APACHE II variables and SAPS II variables: 

APACHEE II and SAPS II data were judged inaccurate if they caused a deviation 
fromm the gold standard score for that particular APACHE II or SAPS II 
variable.. For instance: a recorded mean blood pressure of 130 mmHg instead of 
thee gold standard value of 127 would be considered inaccurate because the first 
resultss in three APACHE II points for blood pressure and the latter in only two 
APACHEE II points. 
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Statistics s 
Valuess are presented as percentage accurate data and as absolute deviations 
fromm gold standard APACHE II and SAPS II scores and predicted mortalities. 
Thee percentage accurate data per participant, per case was calculated by 
dividingg the number of correctly recorded data items by the total number of data 
itemss that should have been recorded. A 95% confidence interval (95% CI) was 
calculatedd for all medians. For the training group and for the control group 
differencess in percentages accurate data or in deviations from gold standard 
scoress between the first and the second scoring were tested with the Wilcoxon 
signedd rank sum test. A p-value of less than 0.05 was considered significant. 
Wee analysed the type of data errors and compared their frequency of occurrence 
betweenn the two data extractions by the training group. All data analyses were 
performedd with SPSS software version 10.0. 

Results s 

Groupp characteristics 
Off  all 31 training participants 22 extracted the NICE data for one or more of the 
threee sample patient cases before as well as after training. A total of 55 sample 
casess were evaluated. 

Eightt of the 10 physicians and registrars in the control group returned the 
completedd data collection forms for all three sample cases for the first and the 
secondd data extraction. This resulted in 24 cases. Training and control group 
characteristicss are described in table 3.1. Participants of the training group had 
moree experience with APACHE II (82%) than with SAPS II (41%). Participants 
whoo did not extract all three cases before as well as after training did not differ 
inn data accuracy compared to those who fully extracted all three cases. 

Tablee 3.1 - Group characteristics. 

Participantss included in study 

Participantt types 

Genderr m/f 

Completedd patient cases (total) 

Priorr experience in: APACHE II 

SAPSS II 

Trainin gg group 

22 2 

ICC physicians (22) 

18/4 4 

60 0 

18(82%) ) 

9(41%) ) 

Controll  group 

8 8 

ICC physicians (6) 
ICC registrars (2) 

6/2 2 

24 4 

8(100%) ) 

8(100%) ) 
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Percentagee complete and accurate data items 

Tablee 3.2 shows the percentage accurate data. Results of the Wilcoxon signed 
rankk sum test indicate that for all three data subsets, the percentage accurate 
dataa increased after training (p < 0.01) in the training group. The percentage 
accuratee data for all NICE variables was 79% before and 86% after training. 
Thee control group showed no difference between the two sessions for all three 
dataa subsets. In the control group the percentages accurate data in the first and 
thee second scoring were 86% and 85% respectively. 

Tablee 3.3 displays data items with an accuracy percentage below 75%. 
Physiologicall  data and laboratory data showed a relatively large number of 
inaccuratee values. 'Body temperature' was one of the physiologic variables with 
aa high error rate. Prior to training as well as after training the 'mean blood 
pressure'' was frequently left blank and the 'mean alveolar-arterial oxygen 
difference'' (A-aD02) was frequently incorrect. These two variables have to be 
calculatedd based on other physiological variables. The APACHE II diagnosis 
wass often erroneously extracted. 

Tablee 3.2 - Median percentage (95% CI) complete and accurately recorded data items, 
forfor all NICE variables, APA CHE II variables and SAPS II variables. 

Trainin gg group 
(n=600 cases) 

Controll  group 
(n=244 cases) 

Before e 

After r 

Difference e 

11 st extraction 

2ndd extraction 

Difference e 

Al ll  variables 
(n=88) ) 

799 (74, 84) 

86(82,91) ) 

7(2,, 11)* 

86(80,91) ) 

85(75,91) ) 

33 (-10, 9) 

APACHEE II 
variabless (n=35) 

822 (77, 88) 

89(87,91) ) 

66 (2, 9) * 

86(81,90) ) 

866 (77, 92) 

11 (-6, 7) 

SAPSS II 
variabless (n=26) 

899 (86, 92) 

93(91,96) ) 

4 (0 ,5 )* * 

944 (90, 94) 

933 (82, 95) 

11 (-10, 5) 

pp < 0.05 

Tablee 3.3 - NICE data items with percentage accuracy below 75% before training in the 
trainingtraining group (for all NICE variables). N = 60 cases. 

bodyy temperature 

alveolar-arteriall  oxygen difference e 

meann arterial blood pressure 

APACHEE 11 diagnosis 

respiratoryy rate 

admissionn type 

urinee output, 8 hours 

glasgoww Coma Scale 

alll  data items 

% % accurate e 
beforee trainin g 

18 8 
23 3 
42 2 
48 8 
52 2 
62 2 
70 0 
73 3 
79 9 

%%  accurate 
afterr  trainin g 

40 0 
47 7 
53 3 
54 4 
68 8 
68 8 
87 7 
85 5 
86 6 
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Typess of data error s 

Dataa errors were categorized into three types: 1) incomplete data, 2) non-
adherencee to data definitions such as the selection of values outside the first 24 
hourss of intensive care admission, inaccurate calculation and ignoring specific 
guideliness and 3) other not directly explainable errors such as writing errors, 
transposedd minimal and maximal values or values that were not in the source 
data.. The percentages of the data error types are displayed in table 3.4. All types 
off  data errors showed a decrease after training. Non-adherence to data 
definitionss showed the largest decrease after training. Incomplete data mostly 
concernedd respiratory rate and mean blood pressure. Inaccurate data from 
outsidee the first 24 hours of intensive care admission affected all kinds of 
physiologicc and laboratory data. Calculation errors mostly concerned urine 
productionn and alveolar-arterial oxygen difference. Blood gas values should be 
selectedd from the sample that results in the highest alveolar-arterial oxygen 
difference.. Incorrect selection of blood gas samples resulted in inaccurate 
valuess for all five blood gas variables (Partial arterial oxygen pressure, partial 
arteriall  carbon dioxide pressure, fractional inspired oxygen, alveolar-arterial 
oxygenn difference, and pH), causing a relatively high increase in the percentage 
inaccuratee data. Other variables for which training participants frequently 
ignoredd data definitions were admission type, diagnoses, Glasgow Coma Scale 
scoress and body temperature. Measurements of body temperature from the 
rectum,, blood, esophagus, or ear are considered to be core temperatures. 
Accordingg to the definition one degree should be added to temperatures 
measuredd at the patients groin; this was often forgotten. Other not directly 
explainablee errors were randomly distributed among all variables. In most of 
thesee cases the documented data value did not correspond to the true lowest or 
highestt value. 

Tablee 3.4 - Types of data extraction errors and their frequency of occurrence in the 
trainingtraining group before and after training (for all NICE variables). Values are 
percentages.percentages. N = 60 cases. 

Dataa error  type 

Incomplete e 

Non-adherencee to data definitions 
Valuess out of first 24 hours 
Calculationn error 
Other r 

Other,, not directly explainable 

Totall  inaccurate data 

Before e 
trainin g g 

7.4 4 

11.4 4 
3.8 8 
2.8 8 
4.8 8 

2.1 1 

21.2 2 

After r 
trainin g g 

4.5 5 

7.9 9 
1.3 3 
2.3 3 
4.3 3 

1.3 3 

13.9 9 

Difference e 

2.9* * 

3.5* * 
2.5* * 
0.5 5 
0.55 * 

0.8 8 

7.33 * 

*p<*p< 0.05 
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Severity-of-illnesss scores and predicted mortalities 
Resultss of the Wilcoxon signed rank sum test indicate that after training SAPS 
III  scores and mortality probabilities in the training group showed less absolute 
deviationn from gold standard scores and predicted mortalities (p = 0.002 in both 
cases)) (table 3.5). APACHE II scores and mortality probabilities showed no 
improvementt after training. In the control group deviations from SAPS II and 
APACHEE II gold standard scores and mortality probabilities were equally large 
inn both data extractions. 

Tablee 3.5 - Median absolute deviation (95% CI) from the gold standard severity-of-
illnessillness scores and mortality probabilities for both the training group and the control 
group. group. 

Trainin g g 
group p 
(n=60 0 
cases) ) 

Control l 
group p 
(n=24 4 
cases) ) 

Before e 

After r 

Difference e 

11 st extraction 

2ndd extraction 

Difference e 

SAPSS II 
score e 

7.5(5,10) ) 

44 (3, 6) 

-22 (-4, 0) * 

5(3,8) ) 

5.55 (2, 9) 

0.55 (0, 3) 

SAPSS II 
mortalit yy prob. 

0.17(0.11,0.23) ) 

0.09(0.06,0.12) ) 

-0.055 (-0.09, 0) * 

0.111 (0.07,0.19) 

0.12(0.04,0.19) ) 

0.0088 (0, 0.07) 

APACHEE II 
score e 

4(2,5) ) 

2.55 (2, 4) 

o ( - i , i ) ) 

33 (2, 5) 

2(1,3) ) 

-11 (-3, 1) 

APACHEE II 
mortalit yy prob. 

0.14(0.11,0.21) ) 

0.12(0.07,0.17) ) 

00 (-0.01, 0.10) 

0.111 (0.07,0.17) 

0.10(0.04,0.17) ) 

-0.0022 (-0.06, 0.04) 

V<0.05 5 

Discussion n 
Basedd on the results of the present study we may conclude the training in data 
definitionss and data collection guidelines improves data quality in general. 
Beforee training many variables were incorrect and incomplete, probably due to 
thee fact that participants were unacquainted with most of the data definitions. 
Afterr training completeness and adherence to data definitions increased 
significantly. . 

Itt could be argued that the decrease in errors after training was not the result of 
training,, but simply the result of extracting the same data twice within two 
months.. Therefore, a control group was included who also extracted the data of 
thee same three cases twice with an interval of 4-6 weeks, but without any 
trainingg (or other intervention) in between. In this group no difference was 
observedd in data accuracy between the first and second data extraction. 

Itt could be argued that the decrease in errors after training was not the result of 
training,, but simply the result of extracting the same data twice within two 
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months.. Therefore, a control group was included who also extracted the data of 
thee same three cases twice with an interval of 4-6 weeks, but without any 
trainingg (or other intervention) in between. The fact that data quality did not 
changee between the first and second data extraction in the control group, 
suggestss that simply doing the same cases twice did not influence data quality in 
thee training group. However, it can not be ruled out that data quality in the 
controll  group was already optimal at the first data extraction, making it 
impossiblee to improve further (ceiling effect). Data accuracy in the control 
groupp was equal to data accuracy after training in the training group. From this 
wee might conclude that the central and the local trainings (in the control group) 
aree equally effective and the effect of training remains for a longer period. 
Furtherr studies are necessary to determine how long these effects will last. 
Alternatively,, the difference in baseline data quality was a reflection of different 
characteristicss of both groups. For example, the number of participants in both 
groupss was not equal and the control group consisted of physicians from one 
hospital,, whereas the participants in the training came from different sites. 

Inn this study we found that after training 14% of all data items were still 
incompletee or inaccurate. Recently, we examined the quality of data contained 
inn the NICE registry and found a considerable lower error rate (6%) [15].The 
differentt findings in these two studies may have various reasons. First, in the 
presentt study the cases were specially selected for evaluation of data quality and 
containedd many artificially incorporated pitfalls in data extraction. Second, in 
contrastt with real data extraction for the NICE registry, no automatic data-
checkss were run on the extracted data. And third, in reality data are extracted by 
thee treating physician. For this study the physicians had to extract data from 
copiess of patient records they were not familiar with, from patients they had 
neverr seen. 

Thee NICE registry is primarily used to calculate severity-of-illness scores and 
predictedd mortality based on these scores. The validity of SAPS II scores and 
mortalityy probabilities improved after training whereas validity of APACHE II 
scoress and mortality probabilities did not. This difference was most likely 
explainedd by the fact that before training only a few participants were 
experiencedd in SAPS II data collection and almost all participants were familiar 
withh APACHE II data collection. The deviations from gold standard scores and 
probabilitiess found in this study are even after training still considerable and 
mayy not support their use in clinical practice. However, the reliability of 
severity-of-illnesss scores was found to be sufficient by two other studies [7,15], 
Thesee different findings can be explained by differences in the study designs, 
suchh as the incorporation of artificial pitfalls in our study. 

Fourr APACHE II variables, the temperature, the alveolar-arterial oxygen 
differencee (A-aD02), the mean arterial blood pressure and the APACHE II 
diagnosticc category showed a high percentage of incorrect data before as well as 
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afterr training. These variables are similarly reported by other researchers as 
havingg low accuracy and reliability rates [3, 4, 7]. In a study of Chen et al. [4] 
variabless involving calculations, such as the alveolar oxygen difference, were 
foundd to have the lowest agreement. Several studies suggest that the ambiguous 
definitionss for some of the APACHE II medical terms are an important cause of 
thee wide interobserver variations [3, 4, 5]. Physicians, researchers and decision 
makerss should be aware of and take into account the variability of the severity-
of-illnesss scores and mortality probabilities. To increase data accuracy and 
reducee variability on an international level there should be an international 
agreementt on unambiguous definitions for all variables used in APACHE II and 
SAPSS II models. 

AA study by Polderman et al. [10] showed that training in data extraction reduced 
thee inter-observer variability in APACHE II scoring in a single university 
hospitall  setting. It is possible that the positive effect of training in their study 
wass over-estimated as their training program focused on the errors observed in 
thee first data extraction episode, before training. The content of our NICE 
trainingg program was determined before we started our study and was not 
affectedd by the results from the first data extraction. 

Manyy intensive care units collect severity-of-illness scores. Data transcription 
fromm a patient record to a case record form is the most commonly used method 
forr collection of these scores. Therefore we believe that the positive effect of 
trainingg found in this study wil l also be found in other intensive care registries 
andd clinical trials. Although it is probably not possible to have an IC registry 
completelyy free of errors, this study shows that a centrally organized training in 
dataa definitions which is further diffused by the train-de-trainer principle is an 
importantt basis for good data quality. 
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Abstract t 
Too be useful, for example for assessment of quality of care, data in medical 
registriess must be of good quality. The aim of this study is to analyse the quality 
off  data used to measure severity of illness in the Dutch National Intensive Care 
Evaluationn (NICE) registry, after implementation of quality improving 
procedures. . 
Dataa from a random sample of admission to nine Dutch ICUs were re-abstracted 
fromm the paper patient record or the Patient Data Management System and 
comparedd to the data contained in the registry. The re-abstracted data were 
consideredd to be the gold standard. 
Thee mean percentages inaccurate and incomplete data, per hospital, over all 
variables,, were 6.1%  4.4 (SD) and 2.7%  4.4 (SD) respectively. The mean 
differencee in severity-of-illness scores between registry data and re-abstracted 
dataa was 0.4 points for APACHE II and 0.2 points for SAPS II. The mean 
differencee in predicted mortality according to APACHE II and SAPS II between 
registryy data and re-abstracted data was 0.36% and 0.04% respectively. 
Wee concluded that the current data quality of the NICE registry is good and 
justifiess evaluative research. These positive results might be explained by the 
implementationn of several quality assurance procedures in the NICE registry, 
suchh as training and automatic data checks. 
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Introductio n n 
Severityy models are increasingly used to compare patient outcomes between 
intensivee care units (ICU). Quality assessment of ICU's can be performed by 
comparingg observed mortality in the ICU population with the estimated overall 
riskk of hospital mortality in that population. To ascribe differences in mortality 
ratioss (observed mortality / predicted mortality) between ICU's to true 
differencess in the quality of intensive care practice, we must be certain that they 
cannott be explained by insufficient accuracy and consistency of the data used 
forr calculation of the predicted mortality. Inaccurate registration and variability 
off  the data can have a number of causes. Fery-Lemonnier et al. [1] discussed 
somee of the problems causing inaccurate APACHE II data collection, including 
complexx calculation methods and lack of unambiguous definitions. In addition 
Chenn et al. [2] mentioned lack of clear instructions concerning the timing of 
APACHEE II data collection as a source of error. To optimise the quality of 
medicall  registry data the centers that participate in a registry should follow 
certainn procedures that aim to minimise the occurrence of erroneous and 
missingg data [2-15]. Common errors in data collection should be avoided by 
providingg unequivocal data definitions, clear procedures for data collection and 
trainingg of the data collectors [1-8,15-17]. Furthermore, database quality can be 
improvedd by automatically verifying whether data are complete and within the 
definedd range of values, and by applying consistency checks. 

Thee Dutch National Intensive Care Evaluation (NICE) registry [18] was set up 
inn 1996 to gain insight into and to improve the effectiveness of Dutch intensive 
caree medicine. The NICE registry contains 96 data items for each patient that 
hass been admitted to one of the participating ICU's. Based on data from the first 
244 hours of ICU admission a scoring system, APACHE II [19] APACHE III 
[20],, SAPS II [21], MPMo/24 II [22], or LODS [23] assigns a score to each 
patientt to quantify his severity of illness. This score can be turned into a 
probabilityy of hospital mortality by a logistic regression equation. NICE has 
adoptedd a framework of measures to obtain reliable data with clear data 
definitions,, local and central procedures to collect data, automatic evaluation of 
completenesss and quality of the data, and obligatory training of data-collectors 
off  every participating center. This study was undertaken to determine the 
reproducibilityy of critical care data after institution of a framework of measures 
aimedd at improving quality of the data. 
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Material ss and methods 
Thee NICE dataset contains 96 variables representing characteristics of the 
patientss and the outcome of ICU treatment. It includes demographic patient 
data,, admission and discharge data and all variables necessary to calculate 
mortalityy risks according to the prognostic models APACHE II, APACHE III , 
SAPSS II , MPMo/24 II, and LODS. 
Dataa collection in the NICE registry takes place manually or automatically. 
Manuall  data collection implies that the data are manually entered into a local 
registryy database, possibly preceded by fillin g in a specially designed case 
recordd form. In case of automatic data collection the registry data is 
automaticallyy extracted from the electronic patient record or Patient Data 
Managementt System (PDMS) [24] and placed in the local registry database. 
Eachh month the data from the local databases is transferred to the central 
registryy database at the NICE co-ordinating center. To assure quality of the data 
inn the NICE registry several quality assurance measures have been 
implemented.. The NICE registry has developed a data dictionary, containing 
clearr definitions of all NICE data items. Some of these definitions are 
mentionedd on the case record forms or on the data entry screens. All participants 
off  the NICE registry are obliged to attend a training in collecting the data 
accurate,, according to the stated data definitions. In the NICE registry both the 
lowestt and the highest values for physiological and laboratory data over the first 
244 hours of ICU admission are registered. The worst values, required for 
prognosticc scoring models, are selected automatically when the prognostic 
scoress are calculated. Both locally and centrally the data are automatically 
checkedd for range and consistency. Detected data errors are reported back to the 
locall  centers, so they can correct the data. The NICE co-ordinating center 
continuouslyy maintains intense communication with local participating centers. 

Too measure current data quality we visited ICUs from all 9 hospitals that had 
beenn collecting data for the NICE registry for at least one year. For each of 
thesee ICUs we randomly selected 20 patients that had been admitted in August 
orr September 1999. The data were re-abstracted from the paper patient record or 
thee PDMS by one of the authors (D.A.). To evaluate the accuracy (= the extent 
too which registry data are consistent with the original source data) and the 
completenesss (= the extent to which all necessary data that have been registered 
inn the original source are available in the registry) of all NICE data items 
(N=96)) the re-abstracted data were compared to the data contained in the 
registry.. The re-abstracted data were considered to be the gold standard. 
Percentagess inaccurate and missing data items were calculated for all data items 
clusteredd into four groups: admission & discharge data, diagnostic data, 
physiologicc and laboratory data and Glasgow Coma Scale scores. Registered 
dataa items were found to be inaccurate if (1) a categorical value was not equal 
too the gold standard value, (2) a numerical value deviated from the gold 
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standardd value more than acceptable, for example a deviation in systolic blood 
pressuree of more than 10 mmHG below or over the gold standard systolic blood 
pressuree was considered inaccurate (See the appendix for a complete list of the 
criteria)) or (3) a value caused a deviation from the gold standard APACHE II 
scoree or SAPS II score. A data item was found to be missing when it was not 
registered,, while it was available according to the paper-based patient record or 
thee PDMS. We specifically analysed the quality of the variables used to 
calculatee APACHE II and SAPS II scores. Here APACHE II and SAPS II data 
itemss were considered inaccurate, only if they caused a deviation from the gold 
standardd score. In addition we calculated kappa coefficients to determine the for 
chancee adjusted agreement in assignment of APACHE II and SAPS II scores. 
Wee also investigated the influence of the observed data errors on prognostic 
scoringg by calculating the differences between mean APACHE II and SAPS II 
scoress and mortality risks based on the registry data and based on the re-
abstractedabstracted data. A paired non-parametric Wilcoxon signed ranks test was 
performedd to assess whether or not the mean differences were different from 
zero.. A p-value < 0.05 was considered statistically significant. 

Results s 
AA total of 146 patient records from all ICUs were reviewed in this evaluation. 
Percentagess inaccurate and missing data items per ICU and per group of data 
itemss are displayed in figure 4.1. Of all 9 ICUs the mean percentages inaccurate 
andd missing data items were 6.1%  4.4 (SD) and 2.7%  4.4 (SD) respectively. 
Thee highest percentages inaccurate data items concerned physiologic data, such 
ass systolic blood pressure, and laboratory data, such as white blood cell count. 
Percentagess inaccurate admission and discharge data, diagnostic data and 
Glasgoww Coma Scores were low. 

ICUU A2 had a relatively high percentage inaccurate data items (15.8%»). In the 
ICUss where data was collected automatically (ICUs Al and A2) inaccurate data 
weree mostly due to programming errors in the extraction software. Both ICUs 
All  and A2 had relatively high percentages of missing data items (6.0% and 
13.3%% respectively). This was caused by the fact that the extraction software 
lackedd extraction queries for some data items or that specific variables were not 
registeredd in the PDMS, which caused the missing of these specific data items 
forr all patients admitted to that ICU. Comparison of the data in the electronic 
patientt record of hospital A2 to the data in the paper based patient record 
showedd that the data in the electronic record, the extraction source for the NICE 
data,, was incomplete. As a result of the incompleteness of the extraction source, 
manyy values in the NICE registry appeared not to be the real extreme values 
overr the first 24 hours of ICU admission. Glasgow Coma Scores at admission 
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andd after 24 hours were not registered in the electronic patient record for all 
patientss admitted at ICU A2. Whereas the lowest GCS scores over the first 24 
hourss of ICU admission, used for calculation of APACHE II and SAPS II 
scores,, were registered. 

AA utomotic 
datadata collection 

M22 M3 M4 M5 

ManualManual data collection 

•• Admission & discharge data BDiagnoses 
^Physiologicc & laboratory data DGlasgow Coma Scale 

Figuree 4.1 - Percentages inaccurate and incomplete data per ICU, over all data items. 
TheThe bars represent percentages inaccurate or incomplete data per group of data items, 

forfor each ICU. ICUs are divided into ICUs that automatically collect the data (A 1 and 
A2)A2) and ICUs that manually collect the data (M1-M7). 

Inn ICUs where data were collected manually (ICUs Ml till M7) most errors 
weree made during collection of the data on the case record forms. Only a very 
smalll fraction of the data errors was made during the manual entering of the 
dataa into the database. Most of the erroneous physiologic and laboratory data 
concernedd data acquired before or after the first 24 hours of ICU admission. 
Anotherr relatively large source of error was the selection of the blood gas 
samplee for registration of blood gas values (Pa02, PaC02, FI02, pH) and 
calculationn of the alveolar-arterial oxygen difference (A-aD02). The sample 
usedd should be the one that results in the highest A-aD02 . An incorrectly 
selectedd blood gas sample may result in multiple inaccurately registered values. 
Finallyy calculation of minimal urine production over 8 hours and total urine 
productionn over 24 hours resulted in a relatively large number of errors. 
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Tablee 4.1 displays for all APACHE II and SAPS II data items the agreement 
betweenn registry data and re-abstracted data. In this case, data were considered 
inaccurate,, if they caused a deviation from the gold standard score and mortality 
risk.risk. The agreement was very high (>90%) in most cases. The data item 
'Mechanicall ventilation during the first 24 hours of ICU admission' showed 
relativelyy low agreement, probably due to frequent misinterpretation of the data 
definition.. Table 4.2 also displays a kappa (K) coefficient for each data item. 
Mostt variables show very good agreement (0.81 < K < 1.00). Kappa for white 
bloodd cell (WBC) count was good (K = 0.77) for APACHE II and moderate (K 
==  0.43) for SAPS II scoring. These relatively low kappa coefficients were to a 
largee extend caused by a programming error in the extraction software of 
hospitall A2 (see figure 4.1). This error caused the value of zero to be recorded 
inn the registry when the WBC was not measured. In the assignment of 
APACHEE II and SAPS II scores this value was considered to be extremely low 
andd therefore unjustly generated the maximum number of score points. 

Tablee 4.1 - Percentage agreement between registry data and re-abstracted data in the 
assignmentassignment of APACHE II and SAPS I J scores. Kappa coefficients per variable. 

APACHEE II 
variables s 

Chron.. Diagnoses c 

WBCC counta 

Meann blood pressure 

A-aD022 / pao2 

Heartt rate 

pH H 

Hematocrit t 

Respiratoryy rate 

Temperature e 

Potassium m 

GCSS scores b 

FI02 2 

Sodium m 

Acutee renal failure 

Creatinine e 

Age e 

Admissionn type 

Agreement t 
% % 

91.1 1 
91.1 1 

91.1 1 
93.8 8 

94.5 5 

95.2 2 

95.2 2 

95.2 2 

95.9 9 

97.3 3 

97.3 3 

97.3 3 

98.6 6 

98.6 6 

99.3 3 

99.3 3 

99.3 3 

Kappa a 

0.74 4 

0.77 7 

0.84 4 

0.85 5 

0.91 1 

0.85 5 

0.91 1 
0.94 4 

0.94 4 

0.94 4 

0.80 0 

0.95 5 

0.86 6 

0.83 3 

0.98 8 

0.99 9 

0.98 8 

SAPSS II 
variables s 

Mechanicall ventilation 

Pa02/FI02 2 

WBCC counta 

Bicarbonate e 

Systolicc blood pressure 

Potassium m 

Heartt rate 

GCSS scores 

Urea a 

Temperature e 

Age e 

Admissionn type 

Sodium m 

Bilirubin n 

Urinaryy output 

Chron.. Diagnoses d 

Agreement t 
% % 

84.9 9 
90.4 4 

92.5 5 

95.2 2 

95.9 9 

97.3 3 

97.3 3 

98.0 0 

98.6 6 

98.6 6 

99.3 3 

99.3 3 

100 0 

100 0 

100 0 

100 0 

Kappa a 

0.68 8 
0.84 4 

0.43 3 

0.88 8 

0.93 3 

0.82 2 

0.97 7 

0.85 5 

0.96 6 

0.89 9 

0.99 9 

0.99 9 

1 1 

1 1 

1 1 

1 1 

aa WBC = white blood cell, b GCS = Glasgow Coma Scale, c Cirrhosis, cardiovascular 
insufficiency,, respiratory insufficiency, chronic dialysis, immunological insufficiency, d 

Haematologicall malignancy, neoplasm, AIDS 
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Tablee 4.2 displays the differences in mean APACHE II and SAPS II scores and 
predictedd mortality based on the registry data and on the re-abstracted data. 
Overalll agreement regarding the APACHE II and the SAPS II scores and 
mortalityy probabilities was very good. The detected data errors had no impact 
onn the scores and the calculation of case-mix corrected mortality risks. Figures 
4.22 and 4.3 show for the APACHE II model and for the SAPS II model that the 
inn general individual predicted probabilities of in-hospital death based on the 
registryy data do not differ significantly from those based on the re-abstracted 
(goldd standard) data. Figure 4.3 displays a few outliers for the SAPS II model. 

Tablee 4.2 - Comparison of mean scores and probabilities based on the registry data and 
basedbased on the re-abstracted (gold standard) data, results of the Wilcoxon signed ranks 
test. test. 

Registry y Gold d 
standard d 

Difference e Wilcox x 

MeanMean MeanMean
Mean Mean 

(min-max) (min-max) 
p-value p-value 

SAPSS II  score 29.6 1 

SAPSS II  probabilit y 16.6% 0 

APACHEE II  score 14.2+5.6 

APACHEE II  probabilit y 13.8% 5 

29.99 4 -0.4 (0-16) 0.331 

16.6%% 3 0.04% (0-35.3) 0.907 

14.44 6 -0.17 (0-8) 0.275 

14.1%% 3 -0.4% (0-20.9) 0.197 
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Figuree 4.2 - Predicted mortality according to APACHE II based on registered data 
plottedplotted against predicted mortality based on re-abstracted data, for individual patients. 
TheThe line represents perfect agreement. 
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Figuree 4.3 - Predicted mortality according to SAPS II based on registered data plotted 
againstagainst predicted mortality based on re-abstracted data, for individual patients. The 
lineline represents perfect agreement. 

Discussion n 
Thee value of medical registries, for example in the assessment of quality of 
care,, strongly depends on the quality of the data included in the registry. To be 
ablee to make reliable inferences, these data need to be accurate and complete. 
Thee NICE registry has implemented many procedures aiming to improve the 
qualityy of data. The results of the present study show that the data contained in 
thee NICE database are indeed of good quality and suggest that current data 
qualityy assurance procedures are effective. 

Thee primary goal of the NICE registry is the evaluation of quality of intensive 
caree by determining case-mix-adjusted mortality. For this, prognostic models 
suchh as APACHE II and SAPS II are used to calculate predicted mortality. Very 
highh agreement was found between registry data and re-abstracted data for 
APACHEE II and SAPS II scores and for predicted mortality based on these 
models.. High agreement was also found for the individual items that are used in 
thesee models with the exception of the SAPS II item "mechanical ventilation" 
whichh had a relatively low agreement rate of 84.9%. 

Thee criteria used for evaluation of the quality of APACHE II and SAPS II data 
impliedd that a data value was considered inaccurate, only if it would result in a 
differentt score than the gold standard score. Since APACHE II and SAPS II use 
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differentt threshold values in the assignment of scores, the number of inaccurate 
valuess for data items used by both models, such as GCS scores, WBC count and 
heartt rate, can be different. 
Ourr results differ somewhat from earlier reports in the literature. GCS scoring is 
aa well-known source of erroneous data, especially in the case of sedated patients 
[2,, 16, 17, 25]. The very low number of erroneous GCS scores in our study can 
bee explained by the explicit definitions for this item, including what to do in 
casee of sedated patients, that are given on every case record form as well as on 
thee electronic data entry module. Also, during the obligatory training of every 
participatingg center, much attention is given to this subject. Definitions on the 
casee record form are also given for other "difficult" items, such as diagnoses of 
chronicc illness, oliguria, highest A-aD02 and definitions of surgical vs. medical 
admissions.. Another source of errors reported in the literature is the use of 
physiologicc data from before or after the first 24 hours in the ICU [2, 15, 16]. 
Too avoid this type of error, specific attention is given to this point during 
trainingg sessions. Holt et al. [16] reported that 38% of errors occurred in 
choosingg the most abnormal from highest and lowest values. In the NICE 
registry,, both the highest and lowest values are recorded, the worst value is 
automaticallyy selected by a computer algorithm. Lastly, errors can be avoided 
byy letting physicians register all data necessary for calculations, rather than the 
calculatedd values such as A-aD02 themselves. 

Wee did evaluate the accuracy of all database items, not only the data used for 
calculatingg the APACHE II and SAPS II models. Whereas in most ICU's the 
numberr of errors was very low, some important outliers could be identified. 
Bothh ICU's that collect their data automatically from a PDMS had a relatively 
highh percentage missing data items due to the fact that the extraction software 
lackedd extraction queries for some items and because some items were not 
registeredd in the PDMS. For example one ICU had 66% missing GCS items, 
duee to the fact that the software only contained extraction queries for the most 
abnormall GCS scores but not for the GCS at admission and at 24 hours after 
admission.. Both ICUs have resolved the errors in their extraction software, 
whichh caused the missing data items, and are now able to provide the data 
accuratee and complete. This clearly shows the importance of data quality 
evaluationn during site visits to detect systematic errors in local data collection 
procedures. . 

Inn conclusion, this study shows that overall data quality of medical registries 
cann be very good. The NICE registry data are of very good quality in view of 
thee intended use, severity-of-illness scoring. Very high agreement was found 
betweenn registry data and re-abstracted data for APACHE II and SAPS II scores 
andd for predicted mortality based on these models. 
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Abstract t 
Thee Sequential Organ Failure Assessment (SOFA) score was developed to 
quantifyy the severity of patients' illness, based on the degree of organ 
dysfunction.. This study aimed to evaluate the accuracy and the reliability of 
SOFAA scoring. 

Twentyy intensive care physicians each scored 15 patient cases. The intraclass 
correlationn coefficient was 0.889 for the total SOFA score. The weighted kappa 
valuess were moderate (0.552) for the central nervous system, good (0.634) for 
thee respiratory system and almost perfect (>0.8) for the other organ systems. To 
assesss accuracy the physicians' scores were compared to a gold standard based 
onn consensus of two experts. The total SOFA score was correct in 53% (n =158) 
off the cases. The mean of the absolute deviations of the recorded total SOFA 
scoress from the gold standard total SOFA scores was 0.82. Common causes of 
errorss were inattention, calculation errors and misinterpretation of scoring rules. 

Thee results of this study indicate that the reliability and the accuracy of SOFA 
scoringg among physicians are good. We do advise to implement additional 
measuress to further improve reliability and accuracy of SOFA scoring. 
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Introductio n n 
Overr the past years many scoring models have been developed to describe the 
severityy of illness of intensive care patients, or to predict the outcome of 
intensivee care. As an example of the first the "Sepsis-related Organ Failure 
Assessment"" score, later called the "Sequential Organ Failure Assessment" 
(SOFA)) score, was introduced in 1994 [1]. The aim was to quantify the severity 
off the patients' illness based on the degree of organ dysfunction, serially over 
time.. While severity of illness scoring systems such as the Acute Physiology 
andd Chronic Health Evaluation II (APACHE II) [2] and the Simplified Acute 
Physiologyy Score II (SAPS II) [3] are based on the first 24 hours of ICU 
admission,, the SOFA scoring system takes into account the time course of a 
patient'ss condition during the entire ICU stay. This enables physicians to follow 
thee evolving disease process. The SOFA score is composed of scores from six 
organn systems, each graded from 0 to 4 points according to the degree of 
dysfunction.. The assignment of scores for each organ system is based on one or 
moree variables. For example the SOFA score for renal function is derived from 
thee serum creatinine level and the urine output. Previous studies have shown 
thatt the SOFA score is suitable to evaluate organ dysfunction [4,5]. 

Vincentt et al. [1] stated that one of the criteria for a system that defines the 
degreee of organ dysfunction is that it should be "based on a limited number of 
simplee but objective variables that are easily and routinely measured in every 
institution".. With a total of 12 variables the SOFA score contains less 
parameterss than most other ICU severity of illness scoring systems, such as 
APACHEE II and SAPS II. 

Thee use of electronic data storage and automatic calculation of scores such as 
thee APACHE II and the SOFA scores in ICUs is increasing. Nevertheless there 
aree still many ICUs that do not have the opportunity to electronically extract all 
dataa necessary for the SOFA score. In these ICUs severity of illness scores are 
assignedd manually by the treating physicians, based on the data in the patient 
record.. During this manual assignment of scores physicians can make mistakes, 
forr example due to misinterpretation of scoring rules. 

Reliabilityy and accuracy of a scoring system need to be evaluated to be able to 
determinee whether the scoring system can be implemented in clinical practice 
[6].. Reliability means that "measurements of individuals on different occasions, 
orr of different observers, produce the same or similar results"[6]. Accuracy can 
bee defined as the extent to which registered data are in conformity to the truth 
[7].. The increasing interest in the use of SOFA scoring has inspired us to 
evaluatee the reliability and the accuracy of SOFA scores that are manually 
assignedd by ICU physicians. Additionally we will identify which causes are 
responsiblee for errors in SOFA scoring. 
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Methods s 
Sourcee material 

Thirtyy patients that had been admitted to the ICU of a Dutch university hospital 
betweenn January 1st, 2000 and January 1st, 2002 were randomly selected. To be 
suree that the selected cases represented the broad range of possible ICU patients 
wee categorized the ICU population and randomly selected cases from each of 
thee categories. The ICU population was divided into four groups; 1) severely ill 
patientss at ICU admission (APACHE II score > 20), 2) moderately ill patients at 
ICUU admission (APACHE II score between 10 and 20), 3) mildly ill patients at 
ICUU admission (APACHE II score < 10) and 4) patients with neurological 
failuree at ICU admission (referring specialty 'Neurology'). The last category of 
patientss was created to include patients with abnormal Glasgow Coma Scale 
scores.. From each of the four categories we randomly selected five patients. The 
remainingg 10 patients were randomly selected from the entire sample. For each 
off the 30 patients we randomly selected one day of their ICU stay. Twenty 
physicianss were provided with copies of the paper records of 15 out of the 30 
patientt cases. Each patient case was thus scored by exactly 10 physicians. 

Thee paper records consisted of ICU charts and reports written by the treating 
physicians.. Reports were included from the first day of ICU admission to the 
dayy for which the SOFA score had to be calculated. The charts, containing 
medication,, laboratory and monitoring data, were included for the day for which 
thee SOFA had to be calculated and for the previous three days. All physicians 
participatingg in this study were experienced in APACHE II scoring. For this 
study,, the physicians received a training of 30 minutes, during which the SOFA 
dataa definitions and scoring rules were explained. In addition, every physician 
receivedd a paper based version of the data dictionary'. Additionally, the data 
dictionaryy included conversion tables 1) to convert the units of measurement for 
thee administered doses of adrenergic agents to (ig/kg/minute and 2) to determine 
thee correct fraction of inspired oxygen (FI02) for patients who were not 
mechanicallyy ventilated. 

Speciall forms were developed for documentation of the SOFA scores (figure 
5.1).. On this form physicians had to record the separate scores (0-4) for each of 
thee six systems, and the total SOFA score. In addition the physicians 
documentedd the actual values of the variables on which they had based the 
selectionn of a particular score. In case of yes/no variables the value was only 
recordedd if it was 'yes'. If no value was recorded for these variables it was 
consideredd to be 'no'. In case a patient was sedated at the concerning day, one 
hadd to use the Glasgow Coma Score (GCS) that was measured immediately 
beforee the start of sedation. 

11 SOFA data dictionary on www.stichting-nice.org/DD3/servlet/sofa?lang=en 
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Sequentiall Organ Failure Assessment 

Name: : 
ëendee r: 
Datee of bt 

PttfartX X 
Mak k 

rth:: 11-12-1923 

ICUU admission date: 19-1-2003 
SOFAA date: 21-1-2003 
50FAA day-numbe r: 3 

Wit:: vul exacte waarden in voor de variabelen 
Respirator y y 

Coagulatio n n 

Hepati c c 

Cireulotor y y 

Neurologica l l 

Penal l 

Lowestt Pa02/Fi02 iJcPa) 

Respii ratory support (yss/no) 

Lowestt WBC(loVl) 

Highestt Bilirubin (HIHOI/I) 

Lowestt Mean Arterial Pressure (mraHg) 

Highestt dopamin dose (^kgVuiin) 

Highestt epinephrine dose (^gAg/min) 

Highestt norepinephrine dose QigAgAafeO 

Dobutaminee (yes/no) 

Lowestt total &CS score 

Highestt creatinine level f^oi/i) 

Totall urine output («1/24 u) 

0 0 
>> 53.33 

>150 0 
210 210 

<20 0 
10 10 

>=70 0 

15 5 
IS IS 

<< 110 

2000 2000 

1 1 
40-53.33 3 

101-- 150 

20-- 32 

<70 0 
40 40 

13-14 4 

110-170 0 
12S 12S 

2 2 
26.67-40 0 

5 1 -- 100 

33-- 101 

<=55 OR 

Ves s 

10-12 2 

171-299 9 

3 3 
13.33-26.677 AND 

2020 3 
Yes s 

X X 
21-50 0 

102-204 4 

>55 O.R 

<== 0.1 OR 
00 00 

<=<= 0.1 

6 - 9 9 

300 -4400 OF 

201-500 0 

4 4 
<< 13.33 AND 

Yes s 

<21 1 

>204 4 

>> 15 OR 

>> 0.1 OR 

>> 0.1 

<< 6 

>4400 OF 

<200 0 

Tota ll  SOFA score : 

Scor e e 

.... J... 

.... 0. 

.... 0. 

.... JL 

.-#.. . 

...1... ...1... 

.... 7.. 

Figuree 5.1 —Example of a completed SOFA scoring form, as it was used in this study. 

Goldd standard 
Alll 30 patient cases were scored by two of the authors (DA and EdJ). 
Differencess were discussed until consensus was reached. This resulted in a gold 
standardd for 1) the actual values for all 12 individual variables, 2) the SOFA 
scoress per individual organ system and 3) the total SOFA scores. 

Statisticall  methods 
ReliabilityReliability the total SOFA score 

Wee treated the total SOFA score, which ranges from 0 to 24, as a continuous 
variable.. Reliability for the total SOFA score was estimated by calculating the 
intraclasss correlation coefficient (ICC) using the one-way random effects model 
[8-10].. The ICC is the proportion of the total variance that is attributable to true 
differencess between variables. Because in real practice a SOFA score of a 
particularr patient will be measured by only one physician we calculated the ICC 
forr single ratings (single measure ICC). In reliability studies an ICC of 0.7 is 
commonlyy used as a threshold of "sufficient reliability" [11]. 

61 1 



Chapterr 5 

ReliabilityReliability of the SOFA score per organ system 

Wee treated the six SOFA scores for the individual organ systems as categorical 
variables.. Reliability of these scores was calculated using weighted Kappa (K) 
[12].. According to Cicchetti [13] weights were calculated as 

wheree i andy are scores, which in case of SOFA can range from 0 to 4. 

Too get an overall weighted kappa for multiple observers we averaged the 
pairwisee weighted kappa's. Kappa ratings lie between -1 and 1. Kappa will be 1 
whenn the agreement between raters is perfect, 0 if the agreement is not better 
thann chance, and negative if the agreement is worse than chance. To interpret 
thee Kappa ratings we used benchmarks suggested by Landis and Koch (> 0.8 
almostt perfect; 0.6 - 0.8 good, 0.4 - 0.6 moderate; 0.2 - 0.4 fair; 0 - 0.2 slight; < 
Opoor)) [14]. 

AccuracyAccuracy of SOFA scoring 

Thee values for each individual variable, the SOFA scores per organ system and 
thee total SOFA scores that were recorded by the physicians were compared to 
thee gold standard. For each variable we calculated the number and the 
percentagee of recorded values that were equal to the gold standard. All values, 
exceptt those for the Pa02/Fi02 ratio and for the urine output were considered 
accuratee if they were exactly equal to the gold standard. The Pa02/Fi02 ratio 
andd the urine output were accurate if they deviated less that 0.5 kPa or 100 
ml/24hrss respectively. Additionally, we calculated the number and percentage 
off recorded scores per organ system that were equal to the gold standard scores. 

Accuracyy of the total SOFA scores was evaluated by computing the mean 
absolutee deviation from the gold standard scores and by plotting the scores 
assignedd by the physicians to the gold standard scores. 

Identificatio nn of common sources of error 
Too identify of the causes of errors in SOFA scoring the physicians documented 
thee data values which they used to determine the SOFA score, e.g. the lowest 
whitee blood cell count (figure 5.1). In case a physician had assigned a score that 
wass not equal to the gold standard score we compared these data values to the 
goldd standard data values. If a data value, which the physician had used and 
documentedd on the scoring form, was not equal to the gold standard data value 
wee returned to the original source data in the patient record. In the original 
sourcee data we located the data value that was used, and tried to explain what 
hadd caused the physician to use this incorrect data value. For each of the 
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identifiedd causes of errors in SOFA scoring we counted the frequency by which 
itt occurred in this study. 

Results s 
Patientt  characteristics 

Characteristicss of the patient cases selected for this study are displayed in table 
5.1.. The mean gold standard total SOFA score was 6.0 (  4,0), with a minimum 
off 1 and a maximum of 17. The distribution of scores per organ system, 
accordingg to the gold standard is displayed in table 5.2. 

Tablee 5.1 - Characteristics of the patient cases (n=30) used in this study 

Characteristic c Studyy population 

Meann SOFA score (  SD) (gold standard) 6.0 (  4.0) 
Meann age (  SD) 54.1 (  19.7) 
%% male 70 % 
%% intubated on day of scoring 83.3 % 
%% sedated on day of scoring 36.7 % 
Meann length of stay on day of 1.7 (  1, 0.5, 8.5) 
scoringg (  SD, min, max) 

Tablee 5.2 -Frequencies of gold standard scores per organ system among the thirty 
patientpatient cases. 

Organn system 

Respiration n 
Coagulation n 
Hepatic c 
Circulatory y 
Neurological l 
Renal l 

Scoree 0 
4 4 
18 8 
27 7 
12 2 
20 0 
24 4 

Scoree 1 
2 2 
4 4 
2 2 
5 5 
3 3 
2 2 

SOFAA score 
Scoree 2 

13 3 
5 5 
0 0 
3 3 
0 0 
0 0 

Scoree 3 
9 9 
3 3 
0 0 
6 6 
4 4 
1 1 

Scoree 4 
2 2 
0 0 
1 1 
4 4 
3 3 
3 3 

Reliabilit yy of SOFA scoring 

Thee intraclass correlation coefficient was 0.889 for the total SOFA score, which 
meanss that 11.1% of the variance between the scores was attributable to 
differencess in scoring between the observers. 

Thee kappa statistics for the SOFA scores per organ system are displayed in table 
5.3.. The kappa values indicate that reliability of the SOFA scores is moderate 
forr the central nervous system and good for the respiratory system. The kappa 
valuess indicate almost perfect reliability for coagulation, the liver, the 
cardiovascularr system and the renal system. 
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Tablee 5.3 - Measured reliability (weighted kappa) of scores for the individual organ 
systems. systems. 

Organn system meann weighted kappa 

Respiration n 

Coagulation n 

Hepatic c 

Circulatory y 

Neurological l 

Renal l 

0.634 4 

0.934 4 

0.953 3 

0.885 5 

0.552 2 

0.851 1 

Good d 

Almostt perfect 

Almostt perfect 

Almostt perfect 

Moderate e 

Almostt perfect 

Accuracyy of SOFA scoring 
Tablee 5.4 displays for each separate variable the frequency of recorded values 
thatt were in accordance with the gold standard values. Percentages of accurate 
valuess are based on the total number of values that were actually filled in, which 
inn some cases was less that 300. Accuracy was moderate for the Pa02/Fi02 
ratio,, the GCS score and the urine output, and excellent for all other variables. 
Thee accuracy of assigning scores for the individual organ systems ranged from 
73.3%% for the central nervous system to 99.3% for the liver. 

Tablee 5.4 - Accuracy of SOFA scoring; Number (%) of times that the recorded value 
forfor an individual variable was filled in (3rd column) and number (%) of times that the 
recordedrecorded value for an individual variable (4lh column) or the recorded score for an 
organorgan system (5'h column) was correct according to the gold standard. 

Comparisonn to Gold standard 

Raww data values Scores s 

Organn system Variabl e e Completee (%) Accurate (%) Accurate (%) 

Respiration n 

Coagulation n 
Hepatic c 
Circulatory y 

Neurological l 
Renal l 

Pa02/FI022 a-b 

Mech.. ventilation 
Platelets s 
Bilirubin n 
WAV WAV 
Dopamine e 
Epinephrine e 
Norepinephrine e 
Dobutaminee (y/n) 
GCS'GCS'1 1 

Creatinine e 
Urinee output 

2822 (96%) 
2355 (78%) 
2944 (98%) 
2899 (96%) 
2699 (90%) 
2900 (97%) 
2911 (97%) 
2844 (95%) 
300(100%) ) 
3000 (100%) 
2922 (97%) 
2244 (75%) 

192(68%) ) 
219(93%) ) 
2766 (94%) 
2800 (97%) 
2233 (83%) 
2544 (88%) 
2888 (99%) 
2644 (93%) 
2944 (98%) 
214(71%) ) 
2744 (94%) 
156(70%) ) 

2322 (77%) 

2922 (97%) 
2988 (99%) 

2822 (94%) 

2200 (73%) 

2855 (95%) 

"Pa022 = arterial oxygen pressure, FI02 
Pressure,, ^GCS = Glasgow Coma Scale 

fractionn of inspired oxygen, 'MAP = Mean Arterial 
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Thee total SOFA score was accurate in 53% (n =158) of the cases. The mean of 
thee absolute deviations of the recorded total SOFA scores from the gold 
standardd total SOFA scores was 0.82. The recorded scores deviated one point in 
29%% (n = 87) and two points in 10% (n = 29) of the cases. In 9% (n = 26) of the 
casess the recorded total SOFA score deviated three or more points from the gold 
standardd score. 

Figuree 5.2 displays for each gold standard total SOFA score the scores assigned 
byy the physicians. There appears to be some underestimation of SOFA score at 
higherr levels of illness. This was mostly caused by errors in the GCS scores in 
thesee cases. 

c c 
a. a. 
E E 
o o 

O O 

Goldd st. SOFA sco res 0 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 1£ 

(Numberr of patient cases) (1) (2) (5) (7) (2) (3) (2) (3) (1) (1) (1) (1) (1) 

Figuree 5.2 - For each gold standard score (x-axis) the scores assigned by the 
physiciansphysicians (y-axis). The frequency (%) by which scores were assigned by the physicians 
correlatescorrelates with the size of the bulbs. The number of patient cases having a particular 
goldgold standard score is displayed between brackets on the x-axis. The dotted line 
indicatesindicates perfect agreement between physicians and gold standard. 

Commonn sources of error 
Thee causes of incorrect SOFA scoring and the frequencies by which they 
appearedd in this study are displayed in table 5.5. In 24 cases the physician used 
thee correct values from the source data, but did not select the correct score. 
Whenn selecting the score for renal function, one physician frequently (7 times) 
usedd the urine output per hour instead of per 24 hours. The largest diversity of 
errorr causes was found for the respiratory score. We divided these error causes 
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intoo source data related and scoring related. Causes for errors related to scoring 
mostlyy considered interpretation difficulties with the scoring rule, which 
combiness the Pa02/FI02 ratio and the question whether the patient was 
mechanicallyy ventilated or not. One physician used the value of Pa02 instead of 
Pa02/FI022 to select the respiratory scores for all 15 patient cases. 

Table5.Table5. 5 - Causes of errors in SOFA scoring and their frequency of occurrence. 

Causess of incorrect scoring frequency 
Causess occurring with different organ system scores 

Usingg the correct data, but selecting the wrong score 25 
Nott using the actual lowest value 21 
Usingg data from the wrong day ] 1 
Failingg to convert values to the correct unit 10 
Failingg to consult all available source material 7 
Selectingg a value from the wrong variable (e.g. value from adjacent 
columnn in source material) 

Causess specific for  the respiratory system score 
Misinterpretationn of scoring rule for respiratory system 16 
Usingg Pa02" instead of Pa02/F102°* 15 
Usingg venous oxygen pressure values 8 
Usingg wrong FI02'' value for patients not mechanically ventilated 3 
Roundingg error Pa02/FI02ö* 1 

Causess specific for  the circulator y system score 
Failingg to take into account the administration of dobutamine 4 

Causess specific for  the renal system score 
Errorr in calculation urine output per 24 hours 4 

Causess specific for  the central nervous system score 
Failingg to ignore (remaining) effects of sedation 48 
Incorrectt GCS', cause unknown 10 
Incorrectt summation of separate GCSf values 2 

Totall  191 

Pa02"" = arterial oxygen pressure, FI02'' = fraction of inspired oxygen, GCS' = Glasgow Coma 
Scale e 

Discussionn and conclusion 
Itt has been recognized that the usefulness of a severity of illness scoring system 
dependss on the degree to which the scores reflect the true state of a patient 
condition.. In addition, the usefulness of a scoring system depends on the 
reliabilityy and accuracy of the recording of its components. One of the aims of 
thee SOFA score was to develop a simple scoring model to quantify the severity 
off organ dysfunction/failure. The simplicity of the SOFA score and the 
objectivityy of the parameters used should make it an easy task to repeatedly 
measuree the degree of organ dysfunction/failure on a daily basis. This study 
evaluatedd the reliability and accuracy of manual SOFA scoring by ICU 
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physicians.. The results of this study indicate that the reliability and the accuracy 
off SOFA scoring among physicians are good. 

Weightedd kappa values for all, except one, organ systems were good. Weighted 
kappaa for the central nervous system was relatively low, but still indicated 
moderatee agreement. This was largely due to the fact that physicians failed to 
ignoree the (remaining) effects of sedation when determining the score for 
neurologicall functioning. In addition, the physicians who participated in this 
studyy did not see the actual patients, which makes it hard to make a good 
assessmentt of a patient's GCS score. Previous studies have also demonstrated 
loww accuracy and reliability of GCS scoring [15-17]. Nevertheless, the GCS has 
beenn proven to be a valuable tool in patient assessment [18,19]. 

Off the 12 variables used for the SOFA score the platelets count, the bilirubin 
level,, the administered dose of epinephrine, the administration of dobutamine 
andd the creatinine level showed very high accuracy. Lower accuracy was 
measuredd for the Pa02/FI02 ratio, the GCS score and the urine output. The less 
accuratee variables appear to be those that require judgement on the part of the 
abstractorr (GCS score), and those that require calculations (Pa02/FI02 ratio 
andd urine output). Many errors were made during the calculation of the 
Pa02/FI022 ratio due to incorrect selection of Pa02 or FI02 values. When 
interpretingg the accuracy measured in this study one needs to keep in mind that 
thee criteria for accuracy, as they were applied here, are strict. In all cases the 
frequenciess of incorrect scores for the individual organ systems were lower than 
thee frequencies of inaccurate values for the separate variables. This indicates 
thatt errors in the individual variables have a small effect on the accuracy of the 
scoress per organ system. 

Itt frequently occurred that an incorrect score was assigned to an organ system, 
whilee the raw data values were correct. A number of physicians appeared to 
havee some problems in interpreting the scoring rules for respiration. In other 
casess no other cause than inattentiveness could be determined for the incorrect 
score e 
Deviationss from the gold standard total SOFA scores appeared not to be very 
large.. The total SOFA scores deviated more that 1 point in 19% (n=55) of the 
cases.. The mean of the absolute deviations from the gold standard total SOFA 
scoress was less than one. However, while large deviations from the gold 
standardd total SOFA score occurred rarely their effect might be substantial, e.g. 
whenn being used in the process of selecting patients for clinical trials. 

Thee physicians that cooperated in this study all came from one hospital, which 
mightt be a shortcoming of this study. However, since physicians had different 
levelss of experience we do not expect that this weakness influenced the study 
results.. Another limitation of this study might be that the setting in which the 
physicianss assigned SOFA scores was fictitious. Consequently, the physicians 
didd not know the actual patients and had to assign SOFA scores based only on 
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thee paper patient records. This might have caused an underestimation of the 
reliabilityy and accuracy of SOFA scoring in regular practice. On the other hand, 
thee fact that all physicians were familiar with APACHE II scoring might have 
hadd a positive effect on our results. In our study, only physicians participated. 
Consideringg the fact that the task of severity-of-illness scoring is increasingly 
performedd by research nurses, it would be interesting to perform a study to 
comparee quality of data collected by nurses with data collected by physicians. 

Previouss studies showed that training sessions have a positive effect on the 
accuracyy and the reliability of APACHE II scoring and on the accuracy of the 
separatee variables that arc used for APACHE II scoring [20,21]. In this study 
eachh participant received a short training in SOFA scoring before calculating 
thee SOFA scores for the patient cases. We believe that the accuracy of SOFA 
scoringg in this study could have been higher if during the training more 
attentionn had been paid to the SOFA scores for the respiratory system and for 
thee central nervous system. We advise centers that collect SOFA scores to 
providee trainings for their staff in order to keep them from making errors in 
SOFAA scoring as much as possible. In addition clear guidelines for SOFA 
scoringg need to be documented and spread among the people that assign the 
scores.. The original articles do provide guidelines for most of the variables and 
forr what to do in case of missing source data [1,22]. However, the SOFA 
scoringg system as it was originally presented lacks a description of what exactly 
iss considered to be 'respiratory support', and a guideline for GCS scoring in 
casee of sedation. 

Inn this study the SOFA scores were calculated manually. Some of the error 
causess that were identified in this study, such as selecting the wrong score while 
usingg the correct raw data values, would not have occurred if SOFA scores were 
calculatedd automatically, using electronically stored data. On the other hand, 
usingg electronic patient records to automatically derive severity of illness scores 
introducee new problems such as higher scores due to higher sample frequency 
andd measurement errors [23], and some variables such as GCS are subjective 
andd therefore not simple to computerize. In conclusion this study has shown that 
SOFAA scoring is sufficiently reliable. Variables that need calculation or strict 
adherencee to data definitions are relatively often scored incorrectly. As long as 
betterr ways to assess organ dysfunction are not available, accuracy of SOFA 
scoringg may be further improved by measures such as extensive training in data 
definitionss and scoring rules, by making some scoring rules more explicit and 
byy using automated calculation of SOFA scores. 
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Abstract t 
Thee importance of terminological systems (TSs) to support standardized and 
structuredd documentation of medical data is commonly recognized. The 
usabilityy of TSs strongly depends on the coverage and correctness of their 
content.. The objective of this study was to create a literature overview of 
aspectss related to the content of TSs and of methods for the evaluation of the 
contentt of TSs. The extent to which these methods overlap or complement each 
otherr is investigated. 
Wee reviewed Medline indexed literature and composed definitions for aspects 
off the evaluation of the content of TSs. Of all methods described in literature 
threee were selected: (1) Concept matching in which two samples of concepts 
representingg respectively (a) documentation of reasons for admission in daily 
caree practice and (b) aggregation of patient groups for research, are looked up 
inn the TS in order to assess its coverage; (2) Formal algorithmic evaluation in 
whichh reasoning on the formally represented content (Description Logics) is 
usedd to detect inconsistencies; and (3) Expert review in which a random sample 
off concepts are checked for incorrect and incomplete terms and relations. These 
evaluationn methods were applied in a case study on the locally developed TS 
DICEE (Diagnoses for Intensive Care Evaluation). 
Nonee of the methods applied in the case study covered all the aspects of the 
contentt of a TS. The results of concept matching differed for the two use cases 
(63%% vs. 52% perfect matches). This difference was larger when all (occurring) 
conceptss within the representative sample were considered (74% vs. 51% 
perfectt matches). Expert review revealed many more errors and incompleteness 
thann formal algorithmic evaluation. 
Wee conclude that to get good insight into the content of a TS, using a 
combinationn of evaluation methods is preferable. Different sources of 
representativee samples, reflecting the uses of TSs, lead to different results for 
conceptt matching. Expert review appears to be very valuable, but time 
consuming.. Formal algorithmic evaluation has the potential to decrease the 
workloadd of human reviewers but detects only logical inconsistencies. Further 
researchh is required to exploit the potentials of formal algorithmic evaluation. 
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Introductio n n 
Severall developments in health care, such as accountability of care and 
increasedd use of electronic patient records, have led to an increased need for 
accurate,, detailed and structured registration of medical data. Many 
terminologicall systems (TSs) have been and are still being developed to 
supportt this. A TS interrelates concepts of a particular domain and provides 
theirr terms and codes [1]. The relations between the concepts within a TS can 
bee hierarchical (e.g., Is-A) or non-hierarchical (e.g., has-location). In addition 
somee TSs hold (formal) rules for the composition of new concepts by 
combiningg existing concepts. Examples of medical TSs are the International 
Classificationn of Diseases (ICD) [2], the Systemized Nomenclature of 
Medicinee (SNOMED) [3, 4], and the North American Nursing Diagnosis 
Associationn (NANDA) terminology [5]. By the direction of the Dutch National 
Intensivee Care Evaluation foundation (NICE)2 our department is engaged in a 
continuouss effort to develop a TS and corresponding software for the domain 
off intensive care (IC). This system is called Diagnoses for Intensive Care 
Evaluation,, DICE [6]. 

Forr the study described here we distinguish two types of use cases for 
terminologicall systems. On the one hand TSs are used by medical staff to 
documentt medical data, such as patient characteristics or treatment, in the 
medicall record. On the other hand TSs are used to select homogeneous patient 
groups,, for research or management purposes. A medical researcher or 
managerr selects from the TS those concepts that define a homogeneous patient 
group.. After selecting the appropriate concepts the researcher/manager can 
identifyy patients that fulfill the criteria, by searching their electronic records. 

Severall authors have specified required characteristics of a TS [7-9]. In 2000 a 
listt of standard requirements for TS was developed and approved by the 
Internationall Organization for Standardization (ISO) [10]. In this study we will 
focuss on requirements related to the content of a TS, i.e. the concepts, their 
terms,, and the relations between the concepts. The content of a TS is of utmost 
importancee for its acceptance. A physician needs to be able to be complete and 
sufficientlyy accurate in depicting the care process, and clinical researchers need 
too be able to be complete in selecting specific patient groups at any desired 
levell of aggregation. To realize this all concepts, terms and relations belonging 
too the domain of the TS should be represented and should be correct. For 
example,, we want sufficient terms attached to a concept, and we want the terms 
too be only the correct ones. 

22 The Dutch National Intensive Care Evaluation (NICE) foundation: www.stichting-
nice.nl l 
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AA number of methods to evaluate the content of a TS have been described in 
literature.. A literature study was performed to gain insight into the several 
typess of evaluation methods. The diversity of the terminology used in this 
contextt has incited us to compose definitions for the most prominent 
expressionss that are used in this article. In addition, we present three common 
evaluationn methods that focus on (but not restrict to) the coverage and the 
correctnesss of a TS' content. These three methods have been applied in a case 
studyy on the TS DICE [6]. The aim of the case study was to analyze the extent 
too which the results of the three methods overlap or complement each other. 
Forr this we compared the results produced by each method. 

Literatur ee study 
Ass mentioned in the introduction, in this study we focus on the evaluation of 
thee content of a TS. To gain insight into methods for evaluation of the content 
off TS that have been applied by others we performed a review of relevant 
Medlinee indexed journal articles by using (combinations of) the following 
keywords:: evaluation, validation, assessment, audit, terminological system, 
terminology,, ontology, classification, thesaurus, nomenclature. In addition 
articless were retrieved from reference lists and personal databases. An article 
wass considered relevant if it described the evaluation of the quality of the 
contentt of a TS which was developed for a medical domain. Articles were 
selectedd from the past 10 years. 

Definition s s 

Ourr literature study uncovered some inconsistencies in the terminology that is 
usedd in this field. We therefore provide this article with some definitions that 
havee been applied in this study. 

Firstt of all we have restricted ourselves to the evaluation of TSs' content. By 
ourr definition, the content of a TS includes concepts, the terms attached to 
thesee concepts and the relations between these concepts. 'Concepts' can be 
definedd as 'units of thought formed by the characteristics of objects'. Objects 
mightt be concrete things such as the heart valve of patient X or abstract things 
suchh as the pain of patient Y. 'Terms' are used to designate a concept. The 
'relations'' between concepts can be hierarchical (e.g., Is-A) or non-
hierarchical.. [1] 

AA term that frequently appears in literature considering the evaluation of TS is 
'domainn completeness'. 'Domain completeness' can be defined as the extent to 
whichh the content of a TS covers the intended domain. Domain completeness 
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accordingg to this definition would be hard to measure or to quantify, because 
thee continuous changes in medical knowledge make it impossible to define 
exactlyy what comprises a particular medical domain. By lacking of this gold 
standard,, it is impossible to determine to what extent a TS is complete in 
coveringg the intended medical domain. Instead, we could take a subset of 
conceptss or terms representative for the intended domain and see to what extent 
thiss subset is incorporated in a particular TS. This way we will measure the 
'content'content coverage'. 

Tablee 6.1 gives the definitions of'content coverage' and of the 'coverage' and 
thee 'correctness' of the separate elements (i.e. concepts, terms and relations) 
thatt comprise the content of TS. The definitions of 'concept coverage' and 
'termm coverage' might look straightforward; however the measured coverage 
cann be highly influenced by choices made in the evaluation process. For 
examplee one can choose whether or not to consider the occurrence of specific 
conceptss or terms in real practice. Missing a frequently occurring concept or 
termm might be more severe than missing those which are hardly ever used. We 
thereforee define 'occurring coverage' and 'unique coverage'. For example in 
figurefigure 6.1 we see that the 'occurring coverage' is 80% (4/5), whereas the 
'uniquee coverage' is 75% (3/4). 

Somee TSs enable the composition of new concepts by combining two or more 
existingg concepts. We call this feature "post-coordination". In case a TS 
enabless post-coordination of concepts it is also important to consider whether 
orr not post-coordinated concepts are taken into account when determining the 
coveragee of the concepts. Many concepts might not be present in a TS as a pre-
coordinatedd concept, but can be composed by combining two or more concepts. 
Iff only pre-coordinated concepts are considered in the evaluation, then the 
measuredd concept coverage will be lower than when post-coordinated concepts 
aree also taken into account. 

Inn this study we also focus on the correctness of the content of TSs. Correctness 
cann only be measured for concepts, terms and relations that are covered by the 
TS.. Definitions of correctness are provided in table 6.1. 
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Tablee 6.1 — Definitions for coverage and correctness of (the elements of the content of 
aa terminological system. 

Contentt  coverage: The extent to which the content (e.g., concepts or terms) within a 
subset,, representative for the domain of interest, can be represented by the content of the 
terminologicall system. 

Conceptt  coverage: The extent to which the concepts within a subset, representative 
forr the domain of interest, can be represented by the concepts within the 
terminologicall system. _ ^ _ ^ _ 

Occurrin gg concept coverage: Concept coverage using a subset in which each 
conceptt may occur more than once, indicating the occurrence of that concept 
inn practice. 
Uniquee concept coverage: Concept coverage using a subset in which each 
conceptt occurs at most once. 
Post-coordinatedd concept coverage: The extent to which the concepts within 
aa representative subset can be represented by the concepts (either pre-existing 
orr created with use of composition rules) within the terminological system. 

Termm coverage: The extent to which the terms within a representative subset exist in 
thee terminological systems' content, provided that the terms relate to concepts that are 
presentt in the terminological system. 

Occurrin gg term coverage: Term coverage using a subset in which each term 
mayy occur more than once, indicating the occurrence of that term in practice. 
Uniquee term coverage: Concept coverage using a subset in which each term 
occurss at most once. 

Relationn coverage: The extent to which actual relations between concepts are 
representedd in the TS' content, provided that they can be represented considering the 
semanticc model of the TS. 

Conceptt  correctness: The extent to which the concepts that exist in the TS are non-
redundant,, non-vague and non-ambiguous. 
Termm correctness: The extent to which the terms that are attached to concepts in the TS 
aree free of textuall errors and attached to the right concepts. 

Relationn correctness: The extent to which the relations that exist in the TS are consistent 
andd in accordance with the factual relations between concepts. 

Conceptss in 
systemm X: 

Conceptt A 
Conceptt B 
Conceptt C 
Conceptt D 
Conceptt E 
Conceptt F 

terminological l Conceptss in representative 
sample: : 

Conceptt D j 
11 Concept D j—Occurring 
:: Concept F j 
11 Concept K —:—Unique 
11 Concept A j 

Presentt in 
terminological l 
systemm X? 

Yes s 
Yes s 
Yes Yes 
No o 
Yes Yes 

Figuree 6.1 - Example of a terminological system (left) and a representative sample 
containingcontaining concepts that are being matched to the terminological system to evaluate 
conceptconcept coverage (right). 

78 8 



Methodss for evaluation of terminological systems 

Evaluationn methods 
Tablee 6.2 contains a list of aspects of TSs that have been evaluated by others. 
Thesee aspects have been categorized according to the aspects of the coverage 
andd correctness of TSs' content, that were defined in table 6.1. Most of the 
evaluationn studies described in literature focus on the coverage of either the 
conceptss or the terms in a TS. 

Thee coverage of concepts or terms is often evaluated through 'concept 
matching'' or 'term matching' [7, 11-13, 17-19, 22]. Matching implies that a 
representativee sample of concepts or terms is extracted from the domain in 
whichwhich the TS is being used, for example the diagnoses of patients at the 
oncologyy department. The representative sample can be randomly or non-
randomlyy chosen. The concepts from the sample are then matched with those of 
aa TS. The extent to which concepts or terms in the sample can be matched with 
conceptss in the TS is mostly presented by means of matching categories. For 
examplee Chute et al. [12] have applied a scoring scale for the matching of 
conceptss from 0 to 2, where 0 = no match, 1 = fair match, 2 = complete match. 
AA different categorization of matches was used by Warnekar et al. [29]. 
Accordingg to this categorization matches could be exact matches, lexical or 
semanticall matches, or no-matches. Wasserman et al. [30] distinguished, apart 
fromm the exact matches, synonyms and no-matches that required the addition to 
thee hierarchy of a new 'leaf, a new 'leaf with multiple stems' or a 'graft to an 
existingg branch'. The content coverage can be represented, for example, by 
calculatingg the percentage of perfect matches. To be representative, the source 
off the sample of concepts or terms should reflect the intended use of the TS. 
Forr example if a TS will be used by nurses for documentation of nursing 
information,, then the sample of concepts could be well extracted from existing 
nursingg documentation in medical records [11, 17]. While in most cases the 
matchingg process is performed by humans, Penz et al. [32] applied two 
automatedd mapping tools. Penz et al. were not able to assess their overall value, 
duee to high frequencies of spelling errors and jargon in their sample. In a study 
off Brown et al. [31] one of the automated mapping tools, the SmartAccess 
Vocabularyy Server (SAVS), has proven to be reliable. Besides the 'matching 
method'' other methods have been applied to evaluate the concept coverage or 
termm coverage. In a study of Bodenreider et al. [14] the system being evaluated 
hadd already been in use for some time. The measure of coverage of concepts in 
thee system was based on the number of concepts that had to be added to the 
systemm by the users due to underrepresentation in the TS. In addition, they 
evaluatedd the coverage of hierarchical and other relations within the UMLS. 
Theyy designed an algorithm to automatically extract the UMLS concepts that 
aree related to procedures in a particular domain. Starting with a few concepts 
relatedd to the domain, the algorithm selected recursively all their subordinate 
concepts. . 
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Thiss navigation was based on the relations between concepts. Lacking of 
relationss resulted in silence: A concept might seem not to exist in the UMLS 
onlyy because it is not related to another concept. The amount of relations 
missingg was estimated by comparing the concepts in the subset retrieved by the 
algorithmm to the concepts that are needed for the representation of the 
proceduress within the domain of interest. 

Whereass Bodenreider used the relations between concepts to evaluate the 
contentt coverage, these relations are more often used for the evaluation of the 
correctnesss of the content. Many TSs nowadays consist of more than just a 
simplee list of terms; hierarchical and non-hierarchical relations exist between 
thee concepts. By looking at the relations between concepts, inconsistent, 
ambiguouss or redundant concepts may be revealed. For example, if two 
individuall concepts share the same meaning, they are actually redundant 
concepts.. If 'polyneuropathy' and 'polyneuritis' were each defined as separate 
conceptss one could find that they share the same relations to other concepts, and 
thatt they actually refer to the same disease. In this case one of the concepts 
'polyneuropathy'' and 'polyneuritis' is redundant. In case of a hierarchical 
structuringstructuring of the concepts, a concept might be inconsistently classified if it has 
relationss which are in conflict with the relations of its superordinate concept. 
Forr example, inconsistency might occur if a superordinate disease is defined to 
bee caused by a bacterium, whereas the subordinate disease is defined to be 
causedd by a virus. The inconsistency here becomes apparent if 'virus' and 
'bacterium'' were explicitly made mutually exclusive. Cimino used this kind of 
methodss to detect ambiguities, redundancy and inconsistent hierarchical 
relationss within the UMLS [15]. In addition, Bodenreider et al. [14] stated that 
hierarchicall relations between concepts can be used for the evaluation of the 
categorizationn of concepts. Their evaluation was based on the idea that concepts 
inheritt properties from their superordinate concept and thus a concept is 
supposedd to belong at least to the same category or categories as its 
superordinatee concept. Evaluation based on relations between concepts has the 
potentiall to be automated or semi-automated. For example a computer 
algorithmm could detect concepts that share the exact same definitions or 
conceptss that were assigned to a number of semantic types, of which two are 
mutuallymutually exclusive. 

Too enable automated evaluation, the TS content (especially the relations 
betweenn concepts) should be represented in a formal way. Examples of formal 
representationss can be found in the SNOMED-CT [34] and the GALEN 
terminologiess [35]. SNOMED-CT and GALEN both use a Description Logic to 
representt their knowledge. In a study of Cornet et al. [24] migration of content 
representationn from frame-based to Description-Logic-based has proven to be 
valuablee in determining redundancies in concept definitions and in forcing the 
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knowledgee modeler to be aware of ambiguities. Schulz and Hahn [20] have 
expressedd UMLS knowledge in Description Logic. They provide evidence that 
embeddingg the knowledge into a formal reasoning framework is effective to 
identifyy inconsistencies. Bodenreider et al. [23] applied another approach to the 
automatedd detection of inconsistencies, by using the lexical knowledge 
containedd in a terminological system. They assume that all terms are composed 
off a modifier, such as ''primary' or 'secondary', and a context, a noun phrase 
suchh as 'adrenocortical insufficiency*. This would result in the terms ''primary 
adrenocorticaladrenocortical insufficiency* and 'secondary adrenocortical insufficiency*. 
Theyy hypothesize that terms of the form modifier,-context and modifiers-
contextt are co-hyponyms of the term 'context'. For example, 'primary 
adrenocorticaladrenocortical insufficiency'' and 'secondary adrenocortical insufficiency* are 
hyponymss of 'adrenocortical insufficiency*. They base their evaluation on the 
factt that in a consistent terminology the terms modifierrcontext and modifier-
contextt should be 1) both present and 2) in hierarchical relation with the term 
'context'.. The conclusion of this study was that this method alone is not 
sufficientt for ensuring the consistency of a TS. 

AA completely different method to evaluate the correctness of relations between 
conceptss was applied by Campbell et al. who evaluated the clinical utility of 
pairss of hierarchically related concepts within three medical terminological 
systemss (SNOMED, READ and UMLS) [7]. Six clinicians-informatics 
specialistss manually reviewed random samples of hierarchical pairs. They used 
aa five point Likert scale (1 = extremely dissatisfied with pairing, 3 = neutral, 5 = 
extremelyy satisfied with pairing) to rate the clinical utility of each pair. Review 
byy domain experts was also applied in a study by Hardiker [26]. 

Inn summary, we distinguish four evaluation strategies for the content of TSs; 1) 
conceptss matching, 2) evaluation based on relations between concepts, 3) 
evaluationn by domain experts and 4) evaluation based on lexical knowledge. 

Basedd on this literature review on methods for evaluation of TS we selected 
threee methods for the case study, which will be described below. The three 
methodss reflected the first three of the above mentioned evaluation strategies. 
Thee methods were chosen because previous studies deem them promising and 
becausee they were applicable to our case study with the DICE TS. 

Casee study 
Background d 
AA study of de Keizer et al. in 1998 has shown that none of the contemporary 
TSss met the criteria of a TS for Dutch intensive care [6]. This has been the 
motivationn to develop a new TS, Diagnoses for Intensive Care Evaluation 
(DICE).. The TS DICE comprises reasons for admission to the Intensive Care 
Unitt (ICU), and some of their characteristics, such as the anatomical 
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localization,, the dysfunction and the etiology. The DICE TS contains 2.373 
concepts,, of which 1.456 are diagnoses that form reasons for admission to the 
ICU.. Other concepts include for example anatomical locations and causes of 
disease.. There are 50 relation types. Thirteen of these, for example 
"hasanatomicallocalization",, may be used for any of the diagnoses. The other 
377 relation types are attributes which are specific for certain diagnoses, for 
examplee the chronicity (e.g., acute, chronic) of organ dysfunction. Currently a 
totall of 10.425 relations between concepts have been defined. DICE can be 
incorporatedd into Patient Data Management Systems to facilitate documentation 
byy physicians, and it is intended to be used for patient selection and aggregation 
forr medical research and management overviews. Two domain experts, i.e. 
intensivee care physicians, and two medical informaticians started seven years 
agoo with a rather simple hierarchy of reasons for ICU admission achieved from 
thee ICNARC Coding Method [36]. Due to the complexity of concepts in the 
domain,, the need for a separation of concepts and terms, and the need for a 
structuree to enable aggregation of homogeneous patient groups we chose to 
specifyy the concepts and their characteristics more formally. The DICE content 
wass therefore converged to a frame-based structure. In the development process 
off DICE we are currently at the stage where we need to evaluate to what extent 
thee current content of DICE meets the requirements, in terms of coverage and 
correctness,, for the intended use of the system. 

Methodss of the case-study 
Inn the case study we will apply three methods, concept matching, formal 
algorithmicc evaluation and expert review, to evaluate the coverage and the 
correctnesss of the DICE content and to analyze the extent to which these 
methodss overlap or complement each other. We will compare the overall 
coveragee and correctness measured by the three methods. For methods 2 and 3 
thee individual missing or incorrect concepts, terms and relations revealed by 
eachh method are compared. The methods used are described below. 

MethodMethod 1: Concept matching 

Inn this study concept matching was carried out twice, with different 
representativee samples of concepts that were matched to the TS. The samples 
differedd in the sources from which they were retrieved. The two sources 
reflectedd the two distinct purposes of the system, i.e. (1 A) the documentation of 
andd communication about patients' reason(s) for admission and (IB) the 
selectionn of homogeneous (with respect to diagnosis) patient groups for clinical 
researchh and management. Concepts from these two representative samples 
weree matched to the content of DICE. Concepts found in DICE could be (1) a 
perfectt match, (2) related (e.g., mitral valve instead of tricuspid valve), (3) too 
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narroww in meaning (e.g., subarachnoidal heamorrhage instead of intracranial 
heamorrhage),, (4) too general in meaning (e.g., polyneuropathy instead of 
infectiouss polyneuropathy) or (5) a concept could not be coded at all. We 
appliedd this categorization because in case of a suboptimal match it enabled us 
too be specific about why a match was not a 'perfect match'. The distribution of 
thee concepts among the matching categories was calculated when using all 
diagnosess occurring in the sets and when using only the unique diagnoses. 
DICEE offers the users the opportunity to compose new (post-coordinated) 
conceptss out of two or more consisting (pre-coordinated) concepts. In this study 
thee diagnoses within DICE that were matched to the diagnoses within the 
sampless could also be post-coordinated diagnoses. 

MethodMethod J A: Evaluation for documentation of reasons for admission 

DICEE was used at the intensive care department of the Academic Medical 
Centerr in Amsterdam during March 2001. Attending intensive care physicians 
usedd the system in real practice to code actual patients' reasons for admission. 
Thee reasons for admission that the physicians wanted to record in a patient's 
medicall record comprised the representative sample of concepts. A physician 
assignedd each concept within the sample to a matching category to express the 
extentt to which it was represented in DICE. In case of a non-perfect match the 
physiciann entered the actual diagnosis in free text. This enabled checking the 
correctt assignment of concepts to the matching categories. 

MethodMethod IB: Evaluation for aggregation of patient groups 

Wee collected all diagnoses that formed (a part of) the in- and exclusion criteria 
off clinical studies that appeared in two important intensive care journals 
(Intensivee Care Medicine and Critical Care Medicine) between January lsl 2001 
andd July 1st 2001. These diagnoses comprised the representative sample of 
conceptss that was matched to the TS DICE. The concepts within the sample 
weree assigned to one of the matching categories by two of the authors (DA and 
EJ),, by means of consensus. 

MethodMethod 2: Formal algorithmic evaluation 

Ass an increasing number of medical terminological systems is based on formal 
representation,, it is important to understand the potential of readily available 
reasoningg algorithms exploiting the formal representation. Such algorithms can 
bee instrumental for evaluation of the content of terminological systems. One 
examplee of deploying such algorithms is the constraint checking engine based 
onn Protégé Axiom Language (PAL), which has been applied to the Gene 
Ontologyy [37]. Whereas in this example a frame-based representation is used, 
wee have used the Description Logic (DL) formalism [38]. The publicly 
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availablee reasoner RACER [39]was used to perform satisfiability testing, which 
providess a means for detecting mutually conflicting concept definitions. As the 
contentt of DICE has a frame-based representation, it was migrated to a DL-
basedd representation, according to the process described in [40]. In this 
migrationn process, assumptions are made on the semantics of definitions, such 
ass for example disjointness of sibling concepts. 

Forr this evaluation we randomly extracted a sample of 80 pre-coordinated 
diagnosess in DICE. The reasoning process revealed concepts that had 
inconsistentt definitions, which indicated the presence of incorrect (hierarchical 
orr non-hierarchical) relations. For example, if the superordinate concept 
infectiousinfectious polyneuropathy (see table 6.3) was defined to be caused by a virus 
andd the subordinate leprosy polyneuropathy was defined to be caused by the 
MycobacteriumMycobacterium leprae, while it was known that mycobacterium leprae is not a 
virus,, then the subordinate concept would be identified as inconsistent. The 
inconsistencyy here could have been caused by the fact that the etiology of the 
superordinatee concept should also include bacterium in stead of virus alone, or 
byy the fact that leprosy polyneuropathy should not have been classified as a 
subordinatee concept of infectious polyneuropathy. 

Tablee 6.3 -A fictitious example of (inconsistent) concept definitions in a DL-based 
terminologicalterminological system. 

Infectious_polyneuropathy y 

Leprosy_polyneuropathy y 

Mycobacterii um_Leprae 

!== Polyneuropathy n 3 hascause Virus n V hascause Virus 

!== Infectiousjsolyneuropathy n 

33 hascause MycobacteriumLeprae n 

VV hascause Mycobacterium_Leprae 

!== Bacterium 

Disjointt (Virus, Bacterium) 

MethodMethod 3: Expert review 
Wee printed on paper forms the terms and (hierarchical and non-hierarchical) 
relationss belonging to each of the 80 randomly selected concepts that were also 
usedd in the formal algorithmic evaluation (figure 6.2). Six domain experts, all 
experiencedd intensive care physicians, manually reviewed the terms and 
relationss belonging to the concepts. If they found a missing or incorrect term or 
relationn they wrote this on the paper forms. One of the authors (DA) collected 
andd analyzed the comments of the domain experts. 
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Infectiouss polyneuropathy (concept number  895) 

Termss Comments from reviewer; 
Dutchh term: Infectieuze polyneuropathy 
Englishh term Infectious polyneuropathy 

Hierarchyy Comments from reviewer 
Polyneuropathy y 

Infectiouss polyneuropathy 
Leprosyy neuropathy 

Conceptt description 

System m 
involved d 

Nervouss system 
Defined d 

X X 

Specifyy by choosing one of these 
conceptss or one of the sub-concepts 

Choosee one Choosee one or more 

Anatomical l 
location n 

Peripheral l 
nervouss system 

X X 

Abnormality y Infection n X X 

(Aetiology y 

i i 

Virus s 
Bacterium m 

X X 
X X 

Figuree 6.2 - Example of a paper form for expert review. 

Resultss of the case-study 

ConceptConcept matching 

Duringg the study to evaluate the coverage of DICE for documentation of 
reasonss for admission (1A) 10 ICU physicians registered a total of 164 
diagnoses,, of which 107 were unique. For the concept matching to evaluate the 
coveragee of DICE for aggregation of patient groups (IB) we retrieved 218 
diagnoses,, of which 187 were unique. The overlap of the two samples consisted 
off 8 unique diagnoses. The distribution of concepts among the matching 
categoriess is displayed in figure 6.3. 

Conceptt matching for documentation of diagnoses in daily care practice (1A) 
resultedd in 63% (n=67) perfect matches when only uniquely occurring 
diagnosess were considered (unique concept coverage) and 74% (n=121) perfect 
matchess when each single occurrence of a diagnosis in the sample was 
consideredd (occurring concept coverage). Concept matching for aggregation of 
patientt groups (IB) resulted in lower frequencies of perfect matches (52% 
(n=97)) unique, 51% (n=l 11) occurring ). 
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80%% -, 

Perfectt match Related Too specific Too general No match 

 Documentation (1A), Unique (N=107)  Documentation (1A), Occurring (N=164 

HAggregationn (1B), Unique (N=187) DAggregation (1B), Occurring (N=218) 

Figuree 6.3 - Distribution of concepts among the matching categories. The matching 
categoriescategories represent the extent to which concepts in the TS DICE matched concepts 
withinwithin representative samples for (1A) documentation of diagnoses in daily care 
practicepractice and (IB) aggregation of patient groups for clinical research and management, 
includingincluding post-coordination, split-up into unique and occurring concept matching. 

Thee frequency of 'too general' matches was higher for the concept matching for 
aggregationn of patient groups for clinical research and management (IB) (25% 
unique,, 24% occurring) than for documentation of diagnoses (1A) (14% unique, 
10%% occurring). The structure of DICE enables the composition of new 
diagnosess by specifying their non-hierarchical relations (post-coordination). 
'Tooo general' matches indicated that one or more non-hierarchical relations, 
thatt are necessary to enable the post-coordination of that specific diagnosis, 
weree missing. 

DICEE enables users to search for a diagnosis based on its characteristics (non-
hierarchicall relations). For example a user might search DICE for a diagnosis 
thatt is an infection that is located in the lungs and retrieve the diagnosis 
Pneumonia.Pneumonia. In one case the physicians appeared to be unable to find a diagnosis 
basedd on its characteristics. This indicated that the characteristics that the 
physiciann attached to this diagnosis were not consistent with those in DICE. The 
conceptt was available in DICE, but some characteristics were missing. The 
matchingg category assigned by the physician to this diagnosis was incorrect, i.e. 
'noo match' whereas it actually had to be 'too general'. The correct category, 
'tooo general', was used in the analysis of the results. 
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FormalFormal algorithmic evaluation and expert review 

Thee formal algorithmic evaluation of the 80 concepts randomly selected from 
DICEE revealed 28 concepts with inconsistent definitions. Ten inconsistencies 
weree due to erroneous assumptions made during the migration of DICE from 
thee frame-based to the DL-based representation. The remaining 18 inconsistent 
conceptss were caused by 32 errors consisting of 10 missing relations, 10 
incorrectt relations and 12 relations that were specified as 'defining' instead of 
'qualifying'' relations. An example of the latter is 'pericarditis', which was 
definedd as always being an infection (defining relation), whereas in fact this is 
nott always the case, i.e. 'pericarditis' can be an infection (qualifying relation). 
Pericarditiss is only an infection in case the inflammation was caused by a 
bacteriumm or a virus. 

Forr the 80 selected concepts the six domain experts found 397 missing 
relations,, 123 incorrect relations, 70 relations that were specified as 'defining' 
inn stead of 'qualifying' relations, 5 missing terms, 15 incorrect terms and 2 
diagnosess that should be deleted from the TS content. Of the total of 612 unique 
discrepanciess 173 (28%) were found by two or more domain experts and 83 
(14%)) were found by three or more domain experts. Twenty-four errors were 
foundd both with the formal algorithmic evaluation and by the expert review. 
Tablee 6.4 displays the numbers of the different types of errors and omissions 
weree discovered by each of the three methods applied in this study. 

Tablee 6.4 -Numbers of missing or incorrect concepts, terms or relations discovered by 
thethe three methods. 

Qualit yy aspects of TS' 
content t 

Coverage e 

Correctness s 

Concepts s 

Terms s 

Relations s 

Concepts s 

Terms s 

Relations s 

Totall number of errors 

Concept t 

1A A 
(1644 concepts) 

24 4 
9 9 
19 9 

--

52 2 

match h 

(218 8 

ing g 

I B B 
concepts) ) 
49 9 
4 4 
58 8 

--

I l l l 

Formal l 
algorithmi c c 
evaluation n 

(800 concepts) 

10 0 

22 2 
32 2 

Expert t 
review w 

(800 concepts) 
5 5 
5 5 

392 2 

2 2 
15 5 
193 3 
612 2 

Discussion n 
Overr the past 15 years much has been written about the content of TSs. 
Requirementss for the content of TSs and evaluations of the quality of the 
contentt of TSs have been described. This paper provides an overview of what 
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aspectss determine the quality of a TS' content and how these aspects can be 
evaluated.. The aspects most often evaluated were the coverage of terms and of 
conceptss [7, 11-14, 16, 17, 22, 25, 26, 29-32]. Lately the coverage and the 
correctnesss of relations between concepts have received increasing attention, 
especiallyy by Bodenreider et al. [14, 21-23, 28] andHardiker [19, 26, 27]. 

Thee case study described in this paper provides a comparison of three methods 
thatt can be applied to evaluate the coverage and/or the correctness of the 
contentt of TSs. The first method consisted of two 'concept matching' studies 
whichh only differed in the origin of the representative samples of concepts to be 
matched.. The overlap of the two samples was relatively small. The matching 
categoriess assigned by the physicians for evaluation of DICE for documentation 
off diagnoses (1A) were checked by the same two people that assigned the 
categoriess for the evaluation of DICE for aggregation of patient groups (IB). 
Thiss makes the assigned matching categories comparable between the two 
studies.. Only once the assigned matching category was found to be incorrect. 
Thiss indicates that the method, 'concept matching' by physicians, produces 
reliablee results. 

Differencess in the results of the two 'concept matching' studies especially 
concernedd the percentage of perfect matches and the percentage of concepts that 
weree found to be too general in meaning. Hales et al. [41] have asserted that the 
qualityy of a TS is defined relative to its intended use, which is a major barrier to 
thee evaluation of TSs. The intended use of a TS specifically plays an important 
rolee in the evaluation of its content. The results of this study endorse the 
assertionss of Hales et al. The quality of the content of DICE did appear to be 
relativee to the purpose of the system and it appeared that in case of DICE we 
cannott rely on a single measure (1A or IB) to get a complete overview on the 
coveragee of the DICE content. 

Whenn interpreting the results of the 'concept matching' evaluation as applied 
heree one needs to keep in mind that it concerns only a sample of concepts. What 
wee measure by concept matching is the 'concept coverage' which is merely an 
approximationn of the completeness of all concepts that belong to the domain of 
interestt ('domain completeness'). In view of the methods for retrieval of the 
representativee samples of concepts (or terms) there is a chance that the sample 
doess not contain concepts that only rarely occur in practice. However, the 
questionn of whether rarely occurring concepts are represented in a TS might not 
bee as important as whether concepts that frequently occur are represented. The 
frequenciess of occurrence of concepts in practice can be taken into account by 
usingg each single occurrence of a concept within the representative sample for 
(occurring)) concept matching. The increase in concept coverage when 
measuringg the occurring instead of the unique concept coverage (figure 6.4) 
indicatess that, in the case of DICE, the concepts that were not represented were 
mostlyy the not frequently occurring concepts. 
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Theree appeared to be large differences between the numbers of errors or 
omissionss found by the formal algorithmic evaluation and those found by the 
domainn experts. The physicians identified many more errors and omissions than 
thee formal algorithmic evaluation. The difference stems from the fact that the 
formall algorithmic evaluation only revealed logically incorrect definitions, 
whereass the physicians also identified wrong terms and the logically correct, but 
clinicallyy incorrect definitions. For example, if the definition of encephalopathy 
statedd that it always involves a state of coma, then the formal algorithmic 
evaluationn would render this correct. The physician however would not agree 
withh this definition. Instead (s)he would rather say that a patient suffering 
encephalopathyencephalopathy could be in a state of coma. 

Thee formal algorithmic evaluation, as it was performed here, has some other 
drawbacks.. The migration of DICE from a frame-based to a DL-based 
representationn required a number of assumptions that had to be made. In our 
casee these assumptions made some concepts appear inconsistent, whereas they 
actuallyy were not. Another shortcoming was that by using the formal 
algorithmicc evaluation as presented here the inconsistent definitions could only 
bee identified. The pinpointing of the actual causes of the inconsistencies had to 
bee done manually. We are currently working on ways to automate this 
identificationn process [42, 43]. 

Thee major drawback of the expert review was that it took the physicians much 
timee to look carefully at all the terms and relations belonging to a concept. 
Similarly,, the analysis of the comments generated by the physicians was a very 
timee consuming effort. A large number of the comments were given by only one 
reviewer.. Whereas in most cases only comments on which reviewers have 
reachedd consensus will be processed, a large part of the comments will not be 
usedd for updating the TS. It is arguable how many reviewers have to be 
involvedd in the consensus process and how many reviewers have to agree on a 
commentt before it is processed. Automated detection of inconsistent concepts, 
suchh as the formal algorithmic evaluation as it was applied in this study, does 
havee the potential to limit and focus the effort of domain experts in the 
reviewingg process. However, this requires that these methods are further 
explored.. We will consider this in our future research. To decrease the efforts 
forr physicians to review the content of a TS we have started the implementation 
off a system for 'internet-based terminological knowledge reviewing', called 
KEBoRTT (Knowledge Editorial Board online Reviewing Tool), which will be 
usedd for reviewing the entire DICE content [44]. 

AA shortcoming of the case study is that the evaluation methods were only 
appliedd on the TS DICE. There is a chance that the large number of errors and 
omissionn identified by the expert reviewers was due to the fact that the current 
contentt of DICE is not based on expert consensus. Instead, the developers of 
DICEE consulted two domain experts when building the TS. It might be that 
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expertt review as it was applied in this case study would produce fewer 
commentss if all concepts, terms and relations had been approved, by means of 
consensuss between a larger number of domain experts, before they were 
includedd in the TS. This should be considered when generalizing the 
conclusionss of this case study, regarding the number of errors found by expert 
review. . 

Lookingg at the results produced by the three methods we see that the 'concept 
matching'' methods, that were originally designed to evaluate the coverage of 
concepts,, also revealed some missing terms and (non-hierarchical) relations. 
Thee formal algorithmic evaluation revealed only missing and incorrect relations. 
Thee expert review revealed mainly missing and incorrect relations, but also a 
smalll number of missing and incorrect concepts and terms. 

Conclusion n 
Evaluationn studies of the content of TS mostly concern 'term matching' or 
'conceptt matching'. More sophisticated methods are being explored. 
Independentt of the method used, it remains important to define exactly what is 
beingg measured. The definitions provided in this article could be a starting point 
inn this. 

Basedd on the results of the case study it seems that expert review is most 
completee in evaluating the quality of the content of TSs. Expert review 
producess results for all aspects that determine the quality of the content. 
Howeverr the expert review method has some major drawbacks, of which the 
mostt important is the fact that it is very time consuming. In order to get a good 
overvieww of the quality of the content of a TS, it is preferable to use a 
combinationn of evaluation methods. The 'concept matching' method seems to 
bee most useful to determine the coverage of the concepts and terms in the TS. 
However,, it is important to consider the source that was used to retrieve the 
samplee of concepts that are being matched to the TS. The intended purpose of 
thee TS should determine the source of the sample. Different sources can lead to 
differentt results regarding the quality of the content of a TS. In addition a clear 
descriptionn of the applied concept matching method is necessary. Formal 
algorithmicc evaluation has the potential to decrease the workload of human 
reviewers,, but further research is required to explore these potentials. From this 
studyy it became clear that each method has its strengths and weaknesses. 
Thereforee the three methods should be used in combination with each other. 
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Abstract t 
Withh this study we aimed to validate four prognostic models (SAPS II, 
APACHEE II, MPMo II and MPM24 II) on the Dutch National Intensive Care 
Evaluationn (NICE) registry database. In addition we analysed the effects of 
samplee size on measured performance. 
Forr each model discrimination (AUC) and accuracy (mean squared error (MSE) 
andd Mean Log Likelihood (MLL)) statistics, and three calibration statistics 
(Hosmer-Lemeshoww H and C, and Copas Z) were measured on data from 
41,2399 ICU admissions. We simulated the validation process with smaller 
datasetss (n= 100, 250, 500, 750, 1000, 2500, 5000), randomly drawn from the 
database.. The random selection process and the validation were repeated 500 
timess for each sample size. 
Differencess in performance between the models, except MPMo II, are small. 
Thee AUC, MSE and MLL showed large variation with small sample sizes. The 
averagess of these three measures were not influenced by the sample size. With 
largerr sample sizes the calibration statistics increased and lack-of-fit appeared 
moree frequently. With smaller sample sizes there is considerable variation in the 
modell that appears to perform best. 
Wee concluded that the applied calibration statistics are highly influenced by the 
sizee of the validation sample. When using a small validation dataset, it is largely 
aa matter of chance which of the four models outperforms the others. Based on 
thesee results validation of such models should not be performed on datasets 
smallerr than 2500 records. 
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Introductio n n 
Prognosticc logistic regression models are important tools to provide estimates of 
patientt outcome probabilities. Within the field of intensive care medicine 
considerablee research is aimed at developing and testing these models. Some 
wellwell known prognostic models that resulted from these initiatives are the 
Simplifiedd Acute Physiology Score II (SAPS II) [1], the Acute Physiology and 
Chronicc Health Evaluation II (APACHE II) [2] and the Mortality Probability 
Modell II system (MPM II) [3]. By means of a logistic regression equation these 
modelss provide for each ICU admission an estimate of the probability of in-
hospitall death. The MPM II system consists of four submodels, which were 
designedd to provide an estimate of the probability of in-hospital death at four 
differentt times during the ICU stay: at admission (MPM0II); 24 hrs (MPM24 II); 
488 hrs (MPM48II); 72 hrs (MPM72II). 

Mortalityy predictions provided by these prognostic models enable, for example, 
thee stratification of patients for enrolment in clinical trials and controlling for 
severityy of illness in auditing [4,5]. As an example of the latter application, 
prognosticc models are being used for the calculation of the ratio of observed to 
expectedd mortality for assessment of the clinical performance of ICUs. 

Beforee a prognostic model can be used, its generalizability must be assessed. 
Therefore,, its performance needs to be measured on an external data set, 
differentt from the one that was used to develop the model. Such a measurement 
mayy cover several aspects of the performance of a prognostic model. They 
includee the ability to distinguish between patients who do or do not experience 
thee event of interest (discrimination) [5] and the extent to which the predicted 
eventt rates for groups of patients (calibration) or individuals (accuracy) are in 
concordancee with the observed events. These aspects will be further explained 
inn this paper. According to Justice et al. [6] it is most desirable to have 
predictionn models validated across multiple independent investigators, 
geographicc sites, and follow-up periods. Each of the validation results then 
providess evidence for the model's ability to generalize to new settings. 

Sincee their development, the APACHE II, SAPS II and MPM II models have 
beenn validated in a number of different settings. The results of performance 
measurementss that were published in the past 10 years differ with respect to the 
bestt performing model and the decision whether to apply a model or not. 
Whereass one study [7] concludes that the discrimination of the SAPS II model 
iss superior to that of the APACHE II model, another [8] does not find a 
differencee in discriminative ability between the two models. Similarly, some 
studiess conclude that based on the measured calibration the SAPS II model is 
insufficientt [9,10], whereas another concludes that calibration of the SAPS II is 
sufficientt [11]. The variation in these results might be caused by temporal or 
geographicall differences between the datasets that were used. However, the 
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variationn in results might also be explained by the fact that some studies used a 
relativelyy small dataset (e.g. 300 observations) whereas others used a relatively 
largee dataset (e.g. 16,000 observations). 

Inn this study we validate the APACHE II, SAPS II, the MPMo II and the MPM24 

III model on the Dutch National Intensive Care Evaluation (NICE) registry 
database3.. We use a larger array of validation measures than is commonly 
employedd in the literature. Furthermore, we analyse the effects of sample size 
onn measured performance, by simulating the validation process with smaller 
datasets.. These smaller datasets were randomly drawn from the NICE registry 
database. . 

Methods s 

Data a 
Inn 1996 the Dutch National Intensive Care Evaluation (NICE) foundation has 
startedd the (voluntary) registration of data of admissions to Dutch ICUs. The 
NICEE registry database contains for each ICU admission 108 demographic, 
diagnosticc and physiologic variables collected within the first 24 hours of ICU 
admissionn and outcome data, such as length of stay on ICU and in-hospital 
mortalityy 4. Data collected include all raw data values necessary to calculate the 
originall SAPS II [1], APACHE II [2], MPM0 II and MPM24 II [3] mortality 
probabilities.. APACHE II, SAPS II, MPM0 II and MPM24 II mortality 
probabilitiess are calculated in the national database, at the NICE data 
coordinatingg centre. MPM48II and MPM72II were not calculated as physiologic 
dataa gathering was limited to the first 24 hours of IC treatment. Stringent 
measuress are taken to control the data quality and uniformity of data collection 
proceduress in the participating ICUs [12,13]. 

Thee validation dataset used in this study consisted of data from 83,824 
admissionss to 29 Dutch ICUs between January 1, 1999 and December 31, 2003 
registeredd in the NICE database. The developers of the APACHE II, SAPS II, 
MPMoo II and MPM24 II models have defined criteria for populations on which 
thee models can be applied. We combined the criteria of all four models to obtain 
onee dataset that satisfied all criteria. According to the combined criteria we 
excludedd patients with age < 18, patients with an ICU length of stay < 8 hours, 
acutee coronary care and cardiac surgery patients, burn patients, re-admitted 
patients,, patients with missing severity of illness scores or probabilities, and 
patientss with missing (hospital) survival status. The characteristics of the 
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remainingg dataset were compared to those used to develop the original 
APACHEE II, SAPS II, MPM0II and MPM24 II models. 

Validatio nn measures 

Discrimination Discrimination 

Thee term discrimination refers to a model's ability to distinguish survivors from 
non-survivors.. As a measure of discrimination we calculated the area under the 
Receiverr Operating Characteristic (ROC) Curve [14]. This Area Under the 
Curvee (AUC) represents the probability that a patient who died has a higher 
predictedd probability of dying than a patient who survived. An AUC of 0.5 
indicatess that the model does not predict better than chance. An AUC of 1 
indicatess that the model discriminates perfectly. The AUC of a model gives no 
indicationn of how close the individual predicted probabilities are to the observed 
outcome.. To take this aspect of a models performance into account, we have to 
lookk at the accuracy of the predictions. 

Accuracy Accuracy 

Accuracyy refers to the difference between predictions and observed outcomes at 
thee level of individuals. In this study we applied two different accuracy 
measures,, the Mean Squared Error (MSE) and the Mean Log-Likelihood 
(MLL).. The MSE is calculated as 

nn ,=, 

wheree yf is the observed outcome and ni is the predicted probability of dying 

givenn by the model for patient i, for each of n independent observations. Note 

thatt hi is not estimated from the current validation dataset, but from the dataset 

thatt was originally used to develop the prognostic model. The MSE is closely 
relatedd to the Brier score [15]. 

Thee MLL is calculated as 

11 " 
MLLMLL = — Y . y -l o ^ + (l ~ .*)log(l - £,•) 

Thee MLL is sometimes referred to as cross-entropy, and is closely related to the 
model'ss deviance. 

Bothh these accuracy measures assign a penalty to each individual prediction, 
basedd on the disagreement with the observed outcome, and compute the mean 
off the assigned penalties. If there is good agreement, the penalty is close to 0. If 
thee agreement is very poor, the MSE-penalty is close to 1, while the penalty 
accordingg to the MLL can become much greater. Thus the MLL gives higher 
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penaltiess in case of extremely poor agreement between predictions and observed 
outcome.. Low MSEs and low MLLs both indicate high accuracy of the 
predictionss made by the model. 

Calibration Calibration 

Calibrationn refers to the agreement between predicted probabilities and the 'true 
probabilities'.. Of course the true probability of a patient's outcome is not 
known,, otherwise we would not need to develop prognostic models. However, 
wee can approximate the true probabilities by taking the mean of the obser/ed 
outcomess within predefined groups of patients. In this study, calibration was 
measuredd through Goodness-of-fit (GOF) statistics. GOF statistics provide 
numericall evidence for a model's calibration and enables us to test the 
hypothesiss whether the model fits on the data that was used. The null hypothesis 
sayss that the model is correct, i.e. the predicted probabilities are equal to the 
truee probabilities. We applied the two goodness-of-fit statistics, H and C, 
proposedd by D. Hosmer and S. Lemeshow [16]. The H and C statistics differ in 
thee way the groups of patients are composed. Grouping for the H statistic is 
basedd on partitioning of the probability interval (0-1) into ten equally sized 
ranges.. The C goodness-of-fit statistic sorts observations according to their 
expectedd probability and partitions the observations into ten groups of equal 
size.. Given the grouping strategy, the calculations of the statistics C and H are 
thee same: 

wheree g is the number of the groups, O is the sum of the observed outcomes in 

groupp g, ng is the number of ICU admissions in group g, and n is the mean of 

thee predicted probabilities in group g. 

Itt has been shown that H and C follow a X distribution. Small values for H and 
CC relate to high p-values, implying acceptation of the Null hypothesis which 
sayss that the model fits to the data. High values of H and C indicate poor fit of 
thee model; It is known that the values of H and C increase with larger sample 
sizess when there is a lack of fit. In addition to testing goodness-of-fit, in this 
studyy we also use the statistics C and H for comparing the models and selecting 
thee best calibrated model. 

AA disadvantage of the Hosmer-Lemeshow tests is that the value of thee statistic 
iss sensitive to the choice of the cut-off points that define the groups. Therefore 
variouss alternative goodness-of-fit tests for the logistic regression model have 
beenn proposed in the literature. In this study we have used the test proposed by 
Copass [17], which is based on the sum of squared residuals: 
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*c=z:,ü',-*<) 2 2 

Thee distribution of Rc is approximately normal with mean value 

Thee observed value of Rc is transformed into a test statistic z that follows the 
standardd normal distribution. A large deviation of z from 0 is related to a small 
p-value,, indicating lack of fit of the model. As the Hosmer-Lemeshow 
goodness-of-fitt statistics, the value of z increases with larger sample sizes when 
thee model does not fit to the data. 

Basedd on the measured discrimination and accuracy one can choose the best 
discriminatingg or the most accurate model out of two or more models. Measures 
forr discrimination and for accuracy do not provide statistical evidence whether 
too accept or to reject a model for use in practice, whereas measures for 
calibrationn do. 

Samplee sizes 
Thee entire validation dataset was used to draw validation datasets of smaller 
sizes.. Reflecting the different sizes of validation samples used in other studies, 
wee composed datasets containing data of 250, 500, 750, 1000, 2500 and 5000 
ICUU admissions. ICU admissions for these datasets were randomly selected 
fromm the entire dataset. To reduce the effects of chance we repeated this random 
selectionn process 500 times for each sample size. For each sample size we 
validatedd the four models on all these 500 datasets. 

Analyses s 
Wee calculated all validation statistics mentioned above for each of the models, 
usingg the entire dataset with all eligible ICU admissions. We will refer to the 
resultss from the entire dataset as the 'gold standard results'. Based on the gold 
standardd results we determined for each validation measure which of the four 
modelss performed best. These models were considered the 'gold standard best 
model'.. To assess the effect of sample size we have applied each of the 
validationn measures on the subsamples of different sizes (n=(100, 250, 500, 
750,, 1000, 2500, 5000)). For each sample size, for each validation measure the 
meann (or the median) of the results of the 500 runs and the 95% confidence 
intervall of the mean were determined. For the three calibration tests we 
analyzedd for each sample size how often the test statistic was significant. 
Becausee of the large number of runs (500) for each sample size we applied a 
significancee level of ct=0.01. For each validation measure, we analyzed how 
oftenn the 'gold standard best model' was indeed found as the best performing 
modell in samples of varying size. 
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Results s 
Resultss based on the entire dataset 
Thee validation dataset used in this study consisted of data from 83,824 
admissions.. According to the specific exclusion criteria of the SAPS II, the 
APACHEE II and the MPM II model respectively 38,345, 38,360 and 38,849 
patientss needed to be excluded. No significant differences in outcome or 
severityy of illness were observed between the different sets of eligible patients. 
Wee combined the criteria of the models to obtain one dataset that satisfied all 
criteria.. The remaining dataset consisted of 42,139 1CU admissions. The 
observedd ICU mortality within this dataset was 13.0%. The observed hospital 
mortalityy was 19.8%. Table 7.1 compares the dataset used in this study to those 
usedd to develop the original models [1-3]. 

Tablee 7.2 provides the results of all six validation measures, as applied on the 
originall models. According to the goodness-of-fit tests the calibration of all four 
modelss was insufficient (p<0.01). In table 7.2 we highlighted for each 
validationn measure the model that provided the best result. The models with the 
bestt results are here called the 'gold standard best models1. The MSEs and 
MLLss of the original models showed no difference in performance between the 
SAPSS II and the MPM24 II model. Therefore in these cases both models were 
consideredd to be 'gold standard best models'. 

Tablee 7.1 - Basic demographic data; NICE dataset compared to datasets used for 
developmentdevelopment and evaluation of original APACHE 11, SAPS II and MPM II models. 

No.. of admissions 

Hospitall mortality (%) 

Reasonn for 
admission n 
too ICU 

Medicall (%) 

Unscheduledd surgery (%) 

Scheduledd surgery (%) 

Meann age survivors (years  SD) 

Meann age non-survivors(years  SD) 

Malee (%) 

Meann LOS1 ICU (days  SD) 

Meann LOS1 hospital (excl pre-IC") 

SAPSS II (mean score  SD) 
(meann probability  SD) 

APACHEE II (mean score  SD) 
(meann probability  SD) 

MPMM II0 (mean probability  SD) 

MPMM n24 (mean probability  SD) 

LOSS = Leng htt of stay," excl pre-IC = 

NICE E 

42139 9 

19.8 8 

43.2 2 

17.4 4 

39.4 4 

59.55  16.9 

66.866  14.9 

59.5 5 

4.77 6 

18.44 1 

33.33  18.3 
0.222 6 

2 2 
0.244  0.24 
0.200 1 

0.222  0.22 

SAPSS II  APACHE II 

12997 7 

21.8 8 

48.4 4 

19.6 6 
31.2 2 

57.22  18.5 

59.6 6 

6.66 5 

19.11  18.9 

:: hospital stay before ICU adm 

5030 0 

19.7 7 

46.0 0 

54.0 0 

MPMM  II 

19124 4 

20.8 8 

733 0 

27.0 0 

55.4 4 

62.9 9 

ssionn not included. 
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Tablee 7.2 - Results of validation of models based on the entire dataset (n=42,139) 

Validationn measure 
Discriminationn AUC (SD) 

Model l 
APACHEE II 
SAPSS II 
MPM00 II 
MPM244 II 

0.818(0.0051) ) 
0.831(0.0049) ) 
0.796(0.0053) ) 
0.8222 (0.005) 

Accuracyy Mean Squared Error (SD) APACHE II 0.125(0.00098) 
SAPSS II 0.120(0.00107) 
MPM0III 0.129(0.00112) 
MPM244 II 0.120(0.00105) 

Meann Log-Likelihood (SD) APACHE 0.396(0.00268) 
SAPSS II 0.384 (0.00308) 
MPMoIII 0.406(0.00316) 
MPM244 II 0.384(0.00312) 

Calibrationn Hosmer-Lemeshow H APACHE II 969.74 * 
SAPSS II 1079.02 * 
MPMoIII 440.15* 
MPM244 II 214.53 * 

Hosmer-Lemeshoww C APACHE II 881.31* 
SAPSS II 879.44 * 
MPMoIII 371.13* 
MPM244 II 206.13* 

Copaszz " ~" ~ APACHE II -19.62* 
SAPSS II 69.60 * 
MPM00 II 70.04 * 
MPM244 II 4.17* 

** p < 0.01, D = best performance 

Resultss based on datasets of different sizes 
Forr reasons of space restriction Figures 7.1 and 7.2 display only the results for 
thee SAPS II model. The other three models showed similar results. Figure 7.1 
displayss the means and the 95% confidence intervals of the measured AUC, 
MSEE and MLL. In all cases the AUC, the MSE and the MLL was unbiased (the 
averagee value agreed with the gold standard value) but displayed considerable 
variation,, especially for small sample sizes. For example, in case of a sample 
sizee of 1000 observations 80% of the estimated MLLs were outside the 95% 
confidencee interval of the gold standard value for the SAPS II model. 

Figuree 7.2 displays the medians and the 95% confidence intervals of the three 
calibrationn statistics. In contrast to the accuracy and discrimination statistics, 
calibrationn statistics were severely biased by sample size in all cases: the 
calibrationn statistics increased with larger sample sizes. With samples sizes of 
25000 or larger all measured test statistics showed poor fit of the model (p<0.01). 
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Figuree 7.1 - Mean (x) A UC, MSE and MLL with 95% confidence intervals, for the SAPS 
IIII  model, using different sample sizes. The dotted lines display the gold standard A UC, 
MSEMSE or MLL. 
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Figuree 7.2 - Median (x) calibration statistics and 95% confidence intervals from the 
Hosmer-LemeshowHosmer-Lemeshow H and C and the Copas tests, for the SAPS II model, using different 
samplesample sizes. The dotted line displays the value of the calibration statistic above which 
thethe model is rejected (a=0.01). These values differ between the Copas test (2.57) and 
thethe Hosmer-Lemeshow tests (21.66). 
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Figuree 7.3 shows per sample size the frequencies by which each of the four 
modelss showed superior discrimination over the others, as measured by the 
AUC.. In this figure the model with the best discrimination according to the gold 
standard,, SAPS II, is indicated by an asterisk (*). With a sample size of 100 or 
2500 observations, the superior discrimination by the SAPS II model is found in 
lesss than 50% of the cases. As the sample size increases, the SAPS II model is 
moree often correctly identified as the best model. With a sample of size 5000 
thee SAPS II model was identified as the best model in nearly all of the 500 runs 
(97%).. The frequencies by which the other models appear as the best 
performingg model decrease with larger sample sizes. This pattern appeared to 
holdd not only for the AUC, but also for the accuracy and the calibration 
measures. . 

1000 250 500 750 1000 2500 5000 

 MPMII0 BAPACHEll DMPMII24 0SAPS d standard best model) 

Figuree 7.3 - Variation in apparent superior discrimination, as measured by the AUC. 
ForFor each sample size, the frequency (y-axis) by which each of the models (APACHE II, 
SAPSSAPS II, MPM0 II and MPM24 II) appeared to be the best discriminating model is 
shown. shown. 

Discussionn and conclusion 
Thee importance of externally validating prognostic models is commonly 
recognizedd in the statistical literature. In the field of intensive care several 
studiess have validated one or more of the existing prognostic models. The sizes 
off the validation samples that were used in these studies vary widely. The 
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generall aim of this study is to gain insight into the effect of sample size on the 
measuredd performance of a prognostic model. Within this study we compare the 
resultss based on samples with different numbers of observations, ranging from 
onee hundred to a few thousands, to a gold standard. The gold standard was 
basedd on a very large dataset from the NICE registry, containing tens of 
thousandss of observations. Considering the large number of observations in this 
'goldd standard dataset' and the small confidence intervals resulting from it, we 
believee that using the results of the large dataset as the gold standard is justified. 

Accordingg to our gold standard, the differences in performance between the 
APACHEE II, SAPS 11 and MPM24 11 models are small. Performance of the 
MPMoo II model was less than the other three models. This might be due to the 
factt that this model is based only on data available at ICU admission, whereas 
thee other models are all based on data from the first 24 hours of ICU admission. 
Inn addition, MPM0 II data available in de the NICE database only covered the 
firstt hour after ICU admission, whereas the data from which the MPM0II model 
wass derived also covered the last hour before ICU admission. 

Thee APACHE II, SAPS II, MPM24II and MPM0 II model were validated using 
sampless of varying sizes. We found that the average AUC, MSE and MLL 
agreedd with the gold standard values. However, with small sample sizes (n=100, 
250,, 500, 750, 1000) the measured discrimination and accuracy showed a large 
variation.. Therefore, with sample sizes of 1000 or less observations one should 
questionn the validity of the measured discrimination and accuracy. In contrast to 
thee discrimination and accuracy measurements the calibration test statistics (H, 
C,, Copas) showed large deviations from the gold standard calibration statistics 
withh all sample sizes. This, combined with the observed large differences in 
calibrationn statistics between the different sample sizes, confirmed that the 
samplee size has a major influence on the calibration as measured by the GOF 
statisticss applied in this study. This finding is similar to that of Zhu et al. [18] 
whoo examined the impact of hospital mortality on the measured performance of 
thee MPMo II and the MPM24 II models, for various sample sizes. In contrast to 
Zhuu et al. we here applied a broader range of performance measures on a larger 
sett of generally accepted prognostic models. Furthermore, we analysed the 
consequencess of the effect of sample size for conclusions that are based on the 
measuredd performance. 

GOFF statistics enable to test the hypothesis that a model's predictions fit to the 
observationss in a validation dataset. Based on this test one can decide to use a 
modell or not, for example for calculation of observed mortality vs. predicted 
mortalityy ratios (Standardized Mortality Ratios). In the literature we found 
differencess between studies with respect to the conclusions regarding the 
acceptationn of models for use in clinical practice, and regarding the model that 
exhibitedd the best fit to validation data [7-11]. As mentioned before, these 
differencess might be explained by geographical or temporal differences in the 
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validationn samples or by differences in the sizes of the validation samples. The 
currentt study eliminated geographical and temporal confounders by drawing the 
sampless from one large database. The assumption that the effects measured in 
thiss study are merely caused by the varying sizes of the validation samples is 
justifiable.. A limitation of our approach is that when interpreting the results 
basedd on the larger sample sizes (e.g. n = 5000) one should keep in mind that 
thee small variation in measured performance might partly be due to correlation 
betweenn the 500 draws. This can only be solved by a further increase in the 
referencee sample. 

Manyy external validation studies in intensive care medicine restrict to 
measuringg discrimination by means of the AUC and calibration by means of 
Hosmer-Lemeshoww goodness-of-fit statistics. Our results confirm that 
goodness-of-fitt statistics are highly sensitive to the size of the validation 
sample.. With a large number of observations in the validation dataset, it is 
improbablee that the associated calibration tests will accept the model. This 
structurall defect is inherent to calibration tests: Each observed value that 
deviatess from the expected value will increase the calibration test statistic. Thus, 
aa large test statistic is not (just) a consequence of poor calibration of the models 
onn the validation data. When interpreting the findings of the calibration tests 
onee should always consider the fact that they reflect the size of the validation 
samplee that was used. 

Evenn though the differences in performance between the four models on the 
entiree dataset were small, we selected one (or in some cases two) 'gold standard 
bestt model' for each validation measure. The results of this study show that 
withh smaller validation datasets the variation in the selected best performing 
modelss increases. For example, in case of a sample size of 250 the gold standard 
bestt discriminating model was selected in less than 50% of the cases. This 
indicatess that in case of small sample sizes the selection of the best performing 
modell might actually be a matter of chance. In all cases the chance of selecting 
thee correct model (gold standard best model) increased with larger sample sizes. 

Itt is helpful to know what minimum sample size would be advisable for future 
externall validation studies. Both Vergouwe et al. [19] and Steyerberg et al. [20] 
havee provided advise considering the sample size required for external 
validationn of prognostic models. Vergouwe et al. [19] studied at which effective 
samplee sizes relevant differences in model performance can be detected with 
adequatee power. They concluded that a validation sample should at least contain 
1000 events (e.g. deaths) and 100 non-events to obtain adequate power in 
validationn studies. This would mean that if the frequency, of events (e.g. hospital 
mortality)) would be 20% one would need a validation dataset containing at least 
5000 observations. Since in their study Vergouwe et al. applied datasets with a 
maximumm of 500 observations (225 events) it was not possible to analyze the 
effectt of larger databases. Steyerberg et al. concluded that a reliable assessment 
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off external validity requires a sample which contains at least 20 events per 
variable.. For example in case of the MPM0 II model, which includes 15 
variables,, a validation set containing 300 events would be required. Thus in case 
off a hospital mortality rate of 20% the validation dataset should contain 1500 
observations.. Based on the results shown in figure 7.3 we conclude that in the 
domainn of IC medicine at least 2500 observations are needed to have 85% 
certaintyy that the best performing model is used. In the literature concerning 
validationn of IC prognostic models often this number is not reached. A common 
problemm of prediction models is that predicted probabilities in external data sets 
showw structural deviations from the true probabilities. These structural errors 
negativelyy influence the performance of prediction models. However, structural 
errorss can be repaired by customizing the model to the new data. Several 
strategiess exist to do so [18, 21]. We have planned to customize the APACHE 
II,, SAPS II, MPM24 II and MPM0II models to the NICE population and to re
validatee these customized versions of the models. Additional studies will 
evaluatee the effect of the size of validation samples on the measured 
performancee after customization. 

Fromm the results of this study we conclude that the calibration statistics applied 
heree are highly influenced by the size of the validation sample: using small 
sampless will result in apparent good fit, using large samples will result in 
apparentt poor fit. In addition, when using a validation dataset with a small 
numberr of observations the measured performance and the selection of the best 
performingg model will be largely a matter of chance. 
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Thee topics of this thesis are quality of data captured in medical registries and 
qualityy of data processing for performance measurement. In this thesis we focus 
onn the field of intensive care. During our research we have therefore performed 
case-studiess on the Dutch National Intensive Care Evaluation (NICE) registry, 
thee Diagnoses for Intensive Care Evaluation (DICE) terminological system, and 
severity-of-illnesss scoring systems and prognostic model that were specifically 
developedd for intensive care patients. Nevertheless we aim to provide valuable 
informationn for medical registries, terminological systems and prognostic 
modelss in general. 

Inn this last chapter the main results and the implications of our research will be 
discussed.. Firstly we will consider the causes of errors during data collection 
andd the measures that can be taken in order to avoid them. In addition we will 
discusss our findings regarding the accuracy of severity-of-illness scores and in-
hospitall mortality probabilities. Secondly we will discuss the results of our 
studyy on methods for the evaluation of the content of medical terminological 
system.. Thirdly we will discuss the external validation of prognostic models 
andd the effect of the size of the external validation sample on the measured 
performancee of the prognostic models. Directions for further research are 
proposedd throughout the chapter. The chapter concludes with some general 
remarkss and some remarks specifically directed at the NICE registry and the 
DICEE terminological system. 

Qualit yy of data collection in medical registries 

CausesCauses and types of data errors 

Too identify the causes of inaccurate or incomplete data in medical registries we 
havee performed a literature study and a case-study (chapter 2). Data errors 
appearedd to occur regardless of the data collection method (manual or 
automatic)) and at every step of the collection process. From our case study it 
appearedd that in case of automatic data collection data errors are mostly 
systematic,, whereas in case of manual data collection errors were mostly 
random.. Random data errors occurred during the recording of the data on the 
casee record forms, due to inaccurate transcription or non-adherence to data 
definitions.. These types of errors might also have occurred during the capturing 
off data in the Patient Data Management System (PDMS). However, in our case 
study,, when data were collected automatically, we did not analyse the quality of 
dataa in the PDMS. Instead, in case of automatic data collection, we considered 
thee data in the PDMS to be the gold standard data. 
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DataData quality assurance 

Too minimize inaccurate and incomplete data in medical registries several 
measuress can be taken. We have made an inventory of procedures that are 
aimedd at quality assurance of data capturing, and placed these procedures in a 
frameworkk (chapter 2). The process of data quality assurance should include a 
continuouss feedback loop. Within the continuous data quality assurance process 
thee framework can be useful for reviewing procedures and identifying 
possibilitiess for improvement of data quality. Identification of possibilities for 
improvementt should then be based on identified causes of data errors. The 
proceduress that are included in the framework were abstracted from literature. 
Forr most of the procedures no empirical evidence of their additional value to the 
improvementt of data quality was provided. Pre-and post-measurements of data 
qualityy need to be conducted to determine whether implementation of the 
frameworkk in fact does reduce the percentage of data errors. The positive effect 
onn data quality of one of the procedures in the framework, the training in data 
definitionss and data collection guidelines, was proven in chapter 3. In this study 
wee evaluated the short-term effects of training on data quality. Further studies 
wouldd be necessary to determine how long these beneficial effects last. 

QualityQuality of data in the NICE registry 

AA number of the quality assurance procedures proposed in the framework in 
chapterr 2 have already been implemented in the NICE registry. For example, a 
dataa dictionary exists, containing definitions of all data items that are 
documentedd in the registry. In addition, all participants of the NICE registry are 
obligedd to attend a training in collecting the data accurately according to the 
statedd data definitions. Both locally and centrally the data are automatically 
checkedd for range and consistency. 

Anotherr quality assurance measure included in the framework is the 
performancee of data audits. In order to asses the data quality in the NICE 
registryy and to see if the current quality assurance procedures are sufficient we 
havee performed data audits at nine centres that participate in the NICE registry 
(chapterr 4) 

Twoo centers that were visited collect their data automatically. In these two 
centerss the number of errors in the documented data was relatively high, due to 
incompletee extraction software or incomplete source data. The fact that the 
centerss in question were able to solve these error causes and have thus been able 
too increase the quality of their documented data indicates that the site visits and 
dataa audits are useful. 

Dataa in the NICE registry are mainly used for severity-of-illness scoring and for 
estimatingg the probability of in-hospital death, among others by means of the 
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APACHEE II [1] and the SAPS II [2] models. We have therefore specifically 
analysedd the effect of the identified data errors on these scores and probabilities. 
Forr both the scores and the probabilities of in-hospital death very high 
agreementt was found between those based on the registry data and those based 
onn the re-abstracted data. This indicates that the NICE registry data are of good 
qualityy in view of the intended use: case-mix correction for quality assessment 
off intensive care. However, some of the individual variables that are 
documentedd in the NICE registry showed relatively large numbers of missing or 
incorrectt values. Examples of these variables were the alveolar-arterial oxygen 
differencee (A-aD02) and the daily urine output. Whereas the relatively high 
errorr rates for these variables did not significantly affect the severity of illness 
scoress and mortality probabilities, they may cause considerable problems when 
theyy are used for other purposes such as epidemiological research. 

Recommendationss can be made in order to further improve data quality in the 
NICEE registry. For example the NICE coordinating center should see more to it 
thatt stated guidelines are followed by the data collectors, and that identified 
incompletee or incorrect data are corrected afterwards. The site visits to centres 
participatingg in the NICE registry was performed for the first time. 
Consequentlyy we could not compare our results to those of previous site visits. 
Too enable comparison of data quality over different time periods and because 
eachh year new centres participate in the NICE registry we do advise to perform 
sitee visits more regularly, e.g., once every two years. 

QualityQuality ofseverity-of-Mness scoring 

AA relatively new scoring system for quantification of severity of illness is the 
Sequentiall Organ Failure Assessment (SOFA) scoring system [3]. The 
developerss of the SOFA scoring system aimed to develop a system that defines 
thee degree of organ dysfunction based on a limited number of simple and 
objectivee variables. With a total of 12 variables the SOFA score contains less 
variabless than most other severity-of-illness scoring systems, such as APACHE 
III and SAPS II. The SOFA scoring system contains only one subjective 
variable,, the Glasgow Coma Score (GCS) for quantification of neurological 
failure.. Other scoring systems also include for example reasons for admission 
andd co-morbidities, which are very sensible for inter-rater variability. 
Furthermore,, some of the other scoring systems require that the physician for 
somee variables chooses between the highest and the lowest value in order to 
selectt the worst value. A study by Holt et al. [4] has shown that this causes a 
largee amount of scoring errors. The SOFA score only requires per variable 
eitherr the lowest or the highest values and does not require physicians to 
choose. . 

Wee have assessed the reliability and the accuracy of SOFA scoring by intensive 
caree physicians (Chapter 5). From this study SOFA scoring by physicians 
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appearedd to be reliable. However, the subjective component of the SOFA score, 
thee GCS, showed relatively low reliability and accuracy. 

Loww inter-rater agreement for GCS scoring was also shown in previous studies 
[4-7].. The difficulty of GCS scoring is due to the frequent use of intubation, 
ventilationn and sedation in intensive care. Some physicians assess a patient 
beforee sedation, whereas others simply document a normal condition. A strict 
guidelinee should state how to score GCS in case of sedated patients. A 
guideline,, that says to assess the probable neurological status without sedation, 
hass already been implemented in the NICE registry. 

Wee can conclude that the SOFA scoring system is indeed somewhat simpler 
thann other common scoring models in intensive care. However, it does include 
somee variables, also included in many of the other models, that cause 
disagreementt and inaccuracy. Nevertheless, as long as better ways to assess 
organn dysfunction are not available, accuracy of severity of illness scoring may 
bee further improved by measures such as extensive training in data definitions 
andd scoring rules and explicit scoring rules. 

Inn addition, some of the causes of errors in SOFA scoring that were identified in 
ourr study, e.g., calculation errors, would not have occurred if SOFA scores were 
calculatedd automatically based on electronically stored data in a PDMS. On the 
otherr hand, using electronic patient records to automatically derive severity of 
illnesss scores introduces new problems; higher scores due to a higher sample 
frequencyy and measurement errors [8,9], while some variables such as GCS are 
subjectivee and therefore not automatically extractable [10]. Another limitation 
off computerized severity of illness scoring is the often use of free text in the 
electronicc medical record. For example the APACHE II prognostic model is, 
amongg others based on the patient's reason for admission to the ICU. The 
APACHEE II prognostic model provides a list of 54 diagnostic categories. Up till 
noww the patient's reason for admission is frequently documented in free text in 
thee patient record. Consequently the reason for admission can not be processed 
byy a computer algorithm in order to automatically select the correct APACHE II 
diagnosticc category. Use of the APACHE II structured list of diagnoses for 
recordingg information about daily care practice is also not desirable, because 
thiss list does not provide enough detail. The terminology system DICE can be 
helpfull by enabling a standardized and structured registration of patient's 
reasonss for admission to the ICU at a sufficient level of detail. A prerequisite is 
thatt the reasons for admission in DICE are mapped to the diagnostic categories 
thatt are used in the APACHE II scoring systems. We are currently working on 
wayss to achieve this mapping. 
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Standardizedd data by means of medical terminological systems 

MethodsMethods for evaluation of the content of terminological systems 

Nextt to the possibility of providing mappings to, for example, classification 
systemss that are used in severity of illness scoring, terminological systems may 
havee other advantages. For example, the structured documentation of the 
patient'ss reason for admission also enables aggregation of homogenous patient 
groupss with respect to their reason for admission. This can be useful for 
stratificationn and for selection of patient groups for management and research 
purposes.. In any case, to be useful in care practice the content of a 
terminologicall system needs to fullfill a number of requirements [11,12]. Of 
thesee requirements, we have focussed on the completeness and the correctness 
off a terminological system's content (chapter 6). 

Threee common evaluation methods that focus on the coverage and the 
correctnesss of a terminological system's content were presented and applied in a 
casee study to the TS DICE. From this study it became clear that each method 
hass its strengths and weaknesses. We advised that the methods are used in 
combinationn with each other. 

Manuall review of the terminological system's content appeared to be labour-
intensivee and thereby time-consuming. However, it also appeared to be a very 
valuablee evaluation method, considering the relative large amount of errors and 
omissionss uncovered by this method. This has incited us to further explore the 
possibilitiess of this evaluation method. We have developed a computer 
application,, called KEBoRT (Knowledge Editorial Board online Reviewing 
Tool)) [13], that enables domain experts to review a terminological system's 
contentt through the internet. Domain experts can give comments if they feel 
somethingg is missing or incorrect. In addition they can view each other's 
commentss and indicate whether they agree with it. By agreeing with each 
other'ss comments consensus can be reached upon the changes that need to be 
madee in the terminological system. The reviewing system also provides 
automaticallyy generated reports of the comments given by the domain experts 
andd thus facilitates the job of the content manager. The first uses of the 
reviewingg system by intensive care physicians for reviewing the content of 
DICEE are very promising. 

Anotherr evaluation method, the formal algorithmic evaluation, identified a 
relativelyy small number of errors. Nevertheless we believe that further exploring 
off this evaluation method might increase its sensitivity. If sensitivity of this 
methodd can be improved then it has the potential to focus the efforts of human 
reviewerss and thereby decrease their workload. To exploit the possibilities of 
formall algorithmic evaluation additional research has been and is still being 
performedd at our department [14-16]. In the case study described in chapter six 
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wee analysed three different evaluation methods. We are aware of the fact that 
otherr evaluation methods such as lexical matching [17] exist or will be 
developedd in the future. Additional studies should be performed in order to 
analysee these other evaluation methods. 

Ourr case study has also shown that the terminological system DICE is not yet 
completee and free of errors. The errors and omissions identified by our case 
studyy were corrected or added. However, since the evaluations in the case study 
weree all based on random samples, this indicates that still diagnoses are missing 
orr incorrectly defined or classified. Actions should be undertaken to identify 
thesee errors and omissions. A number of intensive care physicians have already 
startedd reviewing the current content of DICE by means of KEBoRT. In 
addition,, we expect that a large part of the missing diagnoses will be identified 
ass the system is being used in real practice. We have developed procedures that 
includee the collection of diagnoses that need to be added and the adding of these 
diagnosess to the DICE content. Within these procedures the previously 
mentionedd reviewing system KEBoRT fulfils a central role. KEBoRT will be 
usedd for the reviewing of and reaching consensus upon the proposed changes. 
Changess in the content of DICE, such as the inclusion of new concepts or 
additionall terms, will only be made if domain experts have reached consensus. 
Providedd that the improvement of the DICE content will be a continuing and 
welll designed process we believe that DICE can be very useful in real practice 
andd valuable in the total infrastructure for assessing the quality of intensive 
care. . 

Fromm data to quality indicators prognostic models 

ExternalExternal validation of prognostic models and the effect of sample size 

Upp till now we have discussed studies that aimed at complete, accurate and 
structuredd documentation of data. This is of course very important if the data is 
too be used, e.g., for evaluative research. However, data of good quality does not 
guaranteee that the processing of the data into information is valid. In the context 
off intensive care we process the data that is documented in the registry into 
estimatess of the in-hospital mortality, based on prognostic models such as the 
APACHEE II model and the SAPS II model. By dividing the actual in-hospital 
mortalityy by the estimated mortality we retrieve the Standardized Mortality 
Ratioo (SMR), which provides information regarding the quality of the delivered 
care.. If the SMR is used as a quality indicator than we need to be sure that the 
estimatedd mortality is valid for the population in question. Unfortunately, 
prognosticc models do not always perform as well for other populations as for 
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thee one on whose data the models were developed. Therefore, prognostic 
modelss need to be validated for new populations. 

Severall of such external validation studies have been published in the field of 
intensivee care [18-22]. The results of these performance measurements that 
weree published in the past 10 years differ with respect to the best performing 
modell and the decision whether to apply a model or not. The results of our 
studyy indicated that these differences can at least partly be explained by the 
varyingg sizes of the validation datasets that were used in these studies (chapter 
7).. It appeared that with smaller datasets the measured accuracy and 
discriminativee ability of a model is subject to large variation, which makes the 
measurementss unreliable. Larger validation datasets ensure the reliability of the 
measuredd accuracy and discrimination, but have a negative influence on the 
measuredd calibration of a prognostic model. 

Forr the validation of the original APACHE II, SAPS II, MPM0II and MPM24II 
[23]] models we had the availability of a sample consisting of 42139 
observations.. Overall, the SAPS II model and the MPM24II model appeared to 
performm best. Calibration of all the models was found to be significantly 
insufficient.. In order to improve the performance of the prognostic models for 
usee in daily practice or in quality assessment studies in the Netherlands we 
advisee to customize the models for the NICE population [24,25]. 

Concludingg remark s 

GeneralGeneral remarks 
Inn the near future assessment of quality of health care will remain important for 
patients,, health care providers, health insurance companies as well as 
governments.. The collection and processing of data form the basis for quality 
assessment.. We have identified several possibilities for ensuring the quality of 
thee data collection process. Even though the added value of our framework for 
dataa quality assurance has not yet been proven we believe that it does provide a 
goodd reference for existing and coming registries. One has to realize though that 
thee process of data quality assurance is a continuing process. Participants and 
coordinatorss of medical registries should continue to identify data errors and 
errorr causes, and act upon these throughout the existence of the registry. This is 
alsoo true for medical terminological systems. Continuous reviewing and 
maintenancee of a terminological system's content is a prerequisite for keeping it 
accurate,, complete and up to date. In addition we have paid attention to the 
validationn of prognostic models that are used for processing the data into 
indicatorss for the quality of health care. Reliable assessment of quality of care is 
nott ensured by high data quality alone but also by the validity of the data 
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processing.. Our study provided valuable recommendations for future validation 
studiess of prognostic models. 

RemarksRemarks concerning the NICE registry 

Providedd that the NICE registry will continue the quality assurance of their data 
wee believe that they provide a valuable data source. The number of participating 
intensivee care units in the NICE registry is still increasing, making the national 
databasee more valuable, but also making task of data quality assurance more 
complex.. It is the task of the NICE board and of the coordinating center to 
ensuree that the current level of data quality is maintained or improved. In 
addition,, use of the NICE registry data for quality assessment projects, and also 
forr other types of research should stimulate the participants' awareness of the 
needd for high quality data. The APACHE II, SAPS II, and MPM II severity-of-
illnesss scoring systems and prognostic models will continue to play an 
importantt role in quality assessment of intensive care. The current size of the 
NICEE registry database enables a complex customization of the models, which 
willl be carried out in the near future. 

Consideringg the developments in data quality assurance and prognostic model 
customization,, the intended integration of the DICE terminological system and 
thee continuing increase in the number of participating hospitals the NICE 
registryy provides a valuable infrastructure for quality assessment in Dutch 
intensivee care. 
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Duee to several developments, such as budgetary constraints, insurance 
regulationss and professional ambitions quality assessment of health care is 
gettingg increased attention. To enable assessment of the quality of care we need 
data.. Several initiatives have therefore led to the setting up of medical registries. 
Thee value of these registries strongly depends on the quality of the data 
containedd in them. The general objective of the study described in this thesis is 
too evaluate and to assure the quality of the documentation of data in medical 
registriess and the quality of the processing of data for health care performance 
measurement. . 

Inn this thesis we focus on quality assessment of intensive care. During our 
researchh we have therefore performed case-studies on the Dutch National 
Intensivee Care Evaluation (NICE) registry, the Diagnoses for Intensive Care 
Evaluationn (DICE) terminological system, and severity-of-illness scoring 
systemss and prognostic model that were specifically developed for the intensive 
caree population. 

Chapterr  2 describes the development of a framework of procedures for data 
qualityy assurance in medical registries. The framework was based on a literature 
revieww and a case study of data quality in the NICE registry. Procedures in the 
frameworkk were divided into procedures for the coordinating center of the 
registryy (central) and procedures for the centers where the data are collected 
(local).. These central and local procedures were further subdivided into (a) the 
preventionn of insufficient data quality, (b) the detection of imperfect data and 
theirr causes (c) actions to be taken / corrections. The framework can be used 
whenn a new registry is set up or to identify procedures in existing registries that 
needd to be adjusted in order to improve data quality. 

Inn chapter  3 we evaluated the effect on data quality of one of the procedures in 
thee framework of chapter 2: training data collectors in data definitions and data 
extractionn guidelines. A training group of 31 Intensive Care physicians 
extractedd data from three sample patient records before and after attending a 
trainingg program. A control group often Intensive Care physicians extracted the 
dataa twice, without training in between. In the training group the mean 
percentagee accurate data increased significantly after training (+7% (95% CI 5-
10)).. The percentage data error due to non-adherence to data definitions 
decreasedd by 3.5% after training. Data accuracy in the control group did not 
changee between the two data extractions and was equal to post-training data 
accuracyy in the training group. We concluded that training in data definitions 
andd data extraction guidelines is an effective way to improve quality of 
intensivee care scoring data. 
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Inn chapter  4 we assessed data quality in the NICE registry, after 
implementationn of quality improving procedures. Data from a random sample of 
admissionss to nine Dutch ICUs were re-abstracted from the paper patient record 
orr the Patient Data Management System and compared to the data contained in 
thee registry. The re-abstracted data were considered to be the gold standard. The 
meann percentages inaccurate and incomplete data were 6.1%  4.4 (SD) and 
2.7%%  4.4 (SD) respectively. The mean differences in severity-of-illness scores 
andd in predicted mortalities between the registry and the gold standard were 
veryy small. We concluded that the current data quality of the NICE registry is 
goodd and justifies evaluative research. These positive results might be explained 
byy the implementation of several quality assurance procedures in the NICE 
registry. . 

Chapterr  5 describes the assessment of the accuracy and reliability of the 
Sequentiall Organ Failure Assessment (SOFA) score. Twenty intensive care 
physicianss each scored 15 patient cases. The intraclass correlation coefficient 
wass 0.889 for the total SOFA score. The weighted kappa values were moderate 
(0.552)) for the central nervous system, good (0.634) for the respiratory system 
andd almost perfect (>0.8) for the other organ systems. To assess accuracy the 
physicians'' scores were compared to a gold standard based on consensus of two 
experts.. The total SOFA score was accurate in 53% (n =158) of the cases. The 
meann of the absolute deviations of the recorded total SOFA scores from the 
goldd standard total SOFA scores was 0.82. Common causes of errors were 
inattention,, calculation errors and misinterpretation of scoring rules. The results 
off this study indicate that SOFA scoring among physicians is reliable and 
accurate.. We did advise to implement additional measures to further improve 
reliabilityy and accuracy. 

Inn chapter  6 we used literature to obtain an overview of aspects related to the 
contentt of terminological systems and of methods for the evaluation of the 
contentt of terminological systems. Of all methods described in literature three 
weree selected: (1) Concept matching in which two samples of concepts 
representingg respectively (a) documentation of reasons for admission in daily 
caree practice and (b) aggregation of patient groups for research, are looked up in 
thee terminological system in order to assess its coverage; (2) Formal algorithmic 
evaluationn in which reasoning on the formally represented content (Description 
Logics)) is used to detect inconsistencies; and (3) Expert review in which a 
randomm sample of concepts are checked for incorrect and incomplete terms and 
relations.. These evaluation methods were applied in a case study on the 
terminologicall system DICE. None of the methods applied in the case study 
coveredd all the aspects of the content of a terminological system. The results of 
conceptt matching differed for the two use cases (63% vs. 52% perfect matches). 
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Expertt review revealed many more errors and incompleteness than formal 
algorithmicc evaluation. We concluded that to get good insight into the content 
off a terminological system, using a combination of evaluation methods is 
preferable. . 

Chapterr  7 describes the validation of four prognostic models (SAPS II, 
APACHEE II, MPM0 II and MPM24 II) on the NICE registry database, and the 
analysiss of the effects of sample size on measured performance. For each model 
discriminationn (Area Under the Curve (AUC)) and accuracy (mean squared 
errorr (MSE) and cross-entropy) statistics, and three calibration statistics 
(Hosmer-Lemeshoww H and C, and Copas Z) were measured on data from 
41,2399 ICU admissions. We simulated the validation process with smaller 
datasetss (n= 100, 250, 500, 750, 1000, 2500, 5000), randomly drawn from the 
largee database. The random selection process and the validation were repeated 
5000 times for each sample size. Differences in performance between models, 
exceptt MPMo II, are small. The AUC, MSE and cross-entropy showed large 
variationn with small sample sizes. The averages of these three statistics were not 
influencedd by the sample size. The applied calibration statistics did appear to be 
influencedd by the size of the validation sample. With larger sample sizes the 
calibrationn statistics increased and lack-of-fit appeared more frequently. When 
usingg a small validation dataset, it appears to be largely a matter of chance 
whichh of the four models outperforms the others. Based on these results 
validationn of prognostic models should not be performed on datasets smaller 
thann 2500 observations. 

Inn chapter  8 the main results and their implications, and recommendations for 
futuree research are discussed. The framework for data quality assurance 
providess a good reference for existing and coming registries. However, its 
actuall value and usability still have to be proven. Continuous reviewing and 
maintenancee is also a prerequisite for terminological system's content. The 
methodss for evaluation of terminological systems applied in our case study on 
DICEE should be use in combination with each other. Other methods, which 
weree not applied in our case study, should also be analyzed. Reliable assessment 
off quality of care is not ensured by high data quality alone but also by the 
validityy of the data processing. Our study provides valuable recommendations 
forr future validation studies of prognostic models. 
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Medee als gevolg van toenemende financiële beperkingen, veranderingen in 
ziektekostenn verzekeringen en professionele ambities komt evaluatie van de 
kwaliteitt van geleverde gezongheidszorg steeds meer in de aandacht. Om 
evaluatiee van zorg mogelijk te maken zijn gegevens nodig. Diverse initiatieven 
hebbenn er daarom toe geleid dat medische registraties zijn opgezet. De waarde 
vann dergelijke registraties wordt in grote mate bepaald door kwaliteit van de 
gegevenss die er in zijn vastgelegd. Het algemene doel van het onderzoek 
beschrevenn in dit proefschrift betreft de evaluatie en de waarborging van 
gegevensvastleggingg in medische registraties en van de verwerking van deze 
gegevenss tot waardevolle informatie voor het toetsen van de zorg. 

Inn dit proefschrift richten we ons specifiek op de evaluatie van de kwaliteit van 
intensivee care geneeskunde. Gedurende het onderzoek hebben we daarom 
regelmatigg case studies uitgevoerd bij de Nederlandse Nationale Intensive Care 
Evaluatiee (NICE) registratie en het terminologie system Diagnosen voor 
Intensivee Care Evaluatie (DICE). Met betrekking tot de verwerking van de 
gegevenss tot informatie over de kwaliteit van zorg hebben we gekeken naar 
score-systemenn en prognostische modellen die specifiek voor de intensive care 
populatiee werden ontwikkeld. 

Hoofdstukk 2 beschrijft de ontwikkeling van een raamwerk met procedures die 
zijnn gericht op de waarborging van de kwaliteit van gegevens in medische 
registraties.. Het raamwerk werd gebaseerd op een literatuur studie en een case 
studiee naar gegevens kwaliteit in de NICE registratie. De procedures in het 
raamwerkk zijn onderverdeeld in procedures voor het coördinatie centrum van de 
registratiee (centraal) en procedures voor de centra waar de gegevens worden 
verzameldd (lokaal). Deze centrale en lokale procedures werden verder 
onderverdeeldd in (a) preventieve procedures, die slechte gegevens kwaliteit 
voorkomen,, (b) procedures die onjuiste gegevens opsporen en (c) procedures 
diee er op zijn gericht onjuiste gegevens te verbeteren. Het ontwikkelde 
raamwerkk kan worden gebruikt bij het opzetten van nieuwe registraties. 
Daarnaastt kan het bij bestaande registraties worden gebruikt voor het selecteren 
vann de meest geschikte procedures ter bevordering van de gegevenskwaliteit. 

Inn hoofdstuk 3 evalueerden we het effect op gegevenskwaliteit van een van de 
proceduress in het raamwerk van hoofdstuk 2: het trainen van de 
gegevensverzamelaarss in het hanteren van definities en richtlijnen voor 
gegevensvastlegging.. Eenendertig intensive care artsen verzamelden 
voorafgaandd aan en na afloop van de training gegevens van drie patient 
casussen.. Een controle-groep van tien artsen verzamelde de gegevens eveneens 
tweee maal, maar zonder tussentijdse training. Bij de groep artsen die werd 
getraindd nam het gemiddelde percentage juiste gegevens toe na training (+7% 
(95%% BI: 5-10)). Het percentage onjuiste gegevens veroorzaakt door het niet 
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volgenn van de definities nam na training af met 3,5 procent. De kwaliteit van de 
gegevenss in de controle groep was niet verschillend voor de twee rondes en was 
gelijkk aan de gegevenskwaliteit van interventie groep na training. Uit de 
resultatenn concludeerden we dat trainen in het hanteren van definities en 
richtlijnenn voor gegevensverzameling een effectieve manier is om 
gegevenskwaliteitt te bevorderen. 

Inn hoofdstuk 4 werd de gegevenskwaliteit in de NICE registratie bepaald, na 
implementatiee van kwaliteitsbevorderende maatregelen. Bij negen deelnemende 
ziekenhuizenn werden de gegevens van een aantal willekeurige opnames 
opnieuww geëxtraheerd uit het papieren of het electronisch patiënten dossier en 
vergelekenn met de gegevens in de registratie. De opnieuw geëxtraheerde data 
werdd beschouwd als gouden standaard. De gemiddelde percentages onjuiste en 
incompletee gegevens in de registratie waren respectievelijk 6,1%  4,4 (Stdev) 
enn 2,7%  4,4 (Stdev). De verschillen in scores en in voorspelde sterftekansen 
tussenn de registratie en de gouden standaard waren zeer klein. Uit de resultaten 
concludeerdenn we dat op dit moment de gegevens in de NICE registratie van 
voldoendee kwaliteit zijn om te worden gebruikt in de evaluatie van intensive 
caree geneeskunde. Dit positieve resultaat kan worden verkaard door de 
kwaliteitsbevorderendee maatregelen die werden genomen. 

Hoofdstukk 5 beschrijft de analyse van de juistheid en betrouwbaarheid van de 
Sequentiall Organ Failure Assessment (SOFA) score. Twintig intensive care 
artsenn berekenden ieder voor 15 patiënten de SOFA score. De 'intraclass 
correlationn coefficient' was 0,889 voor de totale SOFA score. Betreffende de 
SOFAA scores per orgaansysteem was de gewogen kappa middelmatig (0,552) 
voorr het centraal zenuwstelsel, goed (0,634) voor het ademhalingssysteem en 
bijnaa perfect (>0,8) voor de andere orgaansystemen. Voor analyse van de 
juistheidd werden de scores van de artsen vergeleken met een gouden standaard, 
diee was gebaseerd op consesnsus tussen twee experts. De totale SOFA scores 
vann de artsen waren juist in 53% (n=158) van de gevallen. Het gemiddelde 
absolutee verschil tussen de scores van de artsen en de gouden standaard scores 
wass 0,82 punten. Veel voorkomende oorzaken van fouten waren 
onoplettendheid,, rekenfouten en misinterpretatie van score-regels. De resultaten 
vann deze studie laten zien dat berekening van SOFA scores door artsen 
voldoendee betrouwbaar en juist is. Desondanks werden aanbevelingen om de 
betrouwbaarheidd en juistheid verder te bevorderen. 

Inn hoofdstuk 6 werd met behulp van literatuur een overzicht gegenereerd van 
aspectenn gerelateerd aan de kennisinhoud van terminologiesystemen en van 
methodenn om deze kennisinhoud te evalueren. Drie methoden werden 
geselecteerdd en gebruikt in een case studie bij het terminologiesysteem DICE. 
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Dee drie methoden waren (1) 'gelijke concepten zoeken', waarbij voor twee 
groepenn concepten die ieder een gebruiksdoel representeren werd gekeken of ze 
inn het terminologie systeem voorkomen, (2) 'formele algorithmische evaluatie', 
waarbijj inconsistenties werden gezocht door te redeneren met formeel 
(Descriptionn logies) gerepresenteerde kennis en (3) handmatige controle door 
domeinn experts. Geen van deze drie methoden bleek voldoende. De resultaten 
vann het zoeken naar gelijke concepten verschilden voor de twee gebruiksdoelen 
(63%% versus 52% exact gelijken). De controle door de domein experts 
openbaardee veel meer onjuistheden en onvolledigheden dan de formele 
algorithmischee evaluatie. Uit de resultaten concludeerden we dat om goed 
inzichtt te krijgen in de kwaliteit van de inhoud van een terminologiesysteem een 
combinatiee van verschillende methoden wenselijk is. 

Hoofdstukk 7 beschrijft de validatie van vier prognostische modellen (SAPS II, 
APACHEE II, MPM0 II and MPM24 II) voor de NICE populatie en een analyse 
vann het effect van de groote van een dataset op de resultaten van externe 
validatie.. Voor ieder model werden discriminatie (Area Under the Curve) en 
accuraatheidd (mean squared error (MSE) en cross-entropy) statistieken en drie 
calibratiee statistieken (Hosmer-Lemeshow H and C, and Copas Z) gemeten op 
basiss van gegevens van 41.239 opnames. Het validatie process werd eveneens 
gesimuleerdd met kleinere datasets (n= 100, 250, 500, 750, 1000, 2500, 5000) 
diee willekeurig werden gegenereeerd uit de grote database. Het genereren van 
dee datasets en het valideren van de modellen op deze datasets werden voor 
iederee dataset-grootte 500 maal herhaald. Verschillen in uitkomsten tussen de 
modellen,, behalve MPM0 II, waren klein. De AUC, MSE en cross-entropy 
vertoondenn grote variatie bij kleine datasets. De gemiddelden van deze 
statistiekenn werden niet beinvloed door de grootte van de dataset. De calibratie 
statistiekenn lieten wel afhankelijkheid van de grootte van de dataset zien. Bij 
grotee datasets werden calibratie statistieken groter en bleek vaker dat het model 
onvoldoendee calibreert. Welke van de vier modellen het beter doet dan de 
anderenn bleek bij kleine datasets vooral een kwestie van toeval te zijn. Op basis 
vann de resultaten kan validatie van prognostische modellen beter niet worden 
uitgevoerdd met datasets die minder van 2500 observaties bevatten. 

Inn hoofdstuk 8 worden de belangrijkste resultaten en hun implicaties, alsmede 
aanbevelingenn voor toekomstig onderzoek besproken. Het raamwerk voor de 
waarborgingg van gegevenskwaliteit biedt een goede referentie vor bestaande en 
voorr nieuw op te zetten registraties. Echter, de werkelijke waarde van het 
raamwerkk moet nog worden bewezen. Voortdurende kwaliteitscontrole is ook 
belangrijkk voor de inhoud van terminologiesystemen. De in de case studie 
toegepastee methoden voor evaluatie van terminologiesystemen kunnen het beste 
inn combinatie met elkaar worden gebruikt. Andere evaluatiemethoden, die niet 
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werdenn toegepast in onze case studie, moeten echter nog worden geanalyseerd. 
Betrouwbaarheidd van de evaluatie van geleverde zorg wordt niet alleen bepaald 
doorr de juistheid en compleetheid van gegevens, maar ook door de validiteit 
vann de methoden om gegevens om te zetten in informatie. Onze studie biedt 
waardevollee aanbevelingen voor toekomstige studies naar de validatie van 
prognostischee modellen. 
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Thiss appendix provides a list of NICE variables, the severity-of-illness 
modelss in which they are used, their data type, and the criteria used for 
analysiss of data accuracy in chapters 2 and 4. Data accuracy was analysed by 
comparingg the registry data to the gold standard (g.s.) data. 

Admissionn data 

Hospitall number 

ICUU number 

Admissionn number 

Patientt number 

Surname e 

Maidenn name 

Datee of birth 

Age e 

Gender r 

Length h 

Weight t 

Hospitall admission 
date e 

ICUU admission date 

ICUU admission time 

Referringg specialty 

Admissionn source 

Admissionn type 

Plannedd admission 

ASAA score at 
admission n 

Usedd in 

--

--

--

--

--

--

--

APACHEE II & III , 
SAPSS II, MPM0,24 

--

--

--

--

--

--

--

--

APACHEE II & III, 
SAPSS II, MPM(1,24 

--

--

Type e 

Numerical l 

Numerical l 

Numerical l 

Numerical l 
(encrypted) ) 

String g 
(encrypted) ) 

String g 
(encrypted) ) 

Date e 

Numerical l 

Categorical l 

Numerical l 

Numerical l 

Date e 

Date e 

Time e 

Categorical l 

Categorical l 

Categorical l 

Categorical l 
(yes/no) ) 

Categorical l 

Criteriu m m 

Mustt be consistent with g.s. 

Mustt be consistent with g.s. 

Mustt be consistent with g.s. 

Mustt be consistent with g.s. 

Mustt be consistent with g.s. 

Mustt be consistent with g.s. 

Mustt be consistent with g.s. 

Mustt be consistent with g.s. 

Mustt be consistent with g.s. 

Deviationn from g.s. must not 
exceedd 10 centimetres. 

Deviationn from g.s. must not 
exceedd 10 kilograms. 

Mustt be consistent with g.s. 

Mustt be consistent with g.s. 

Deviationn from g.s. must not 
exceedd 1 hour. 

Mustt be consistent with g.s. 

Mustt be consistent with g.s. 

Mustt be consistent with g.s. 

Mustt be consistent with g.s. 

Mustt be consistent with g.s. 
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Diagnosticc data 

Cardioo Pulmonary 
Resuscitation n 

Dysrhytmia a 

Cerebrovascular r 
accident t 

Gastrointestinal l 
bleeding g 

Intracraniall mass 
effect t 

Chronicc renal 
insufficiency y 

Metastaticc neoplasm 

AIDS S 

Chronicc dialysis 

Haematological l 
malignancy y 

Cirrhosis s 

Chronicc cardiovasc. 
insufficiency y 

Respiratory y 
insufficiency y 

Immunological l 
insufficiency y 

Mechanicall ventilation 
att admission 

Mechanicall ventilation 
duringg first 24 hrs. 

Confirmedd infection 

Acutee renal failure 

APACHEE II Reason 
forr admission 

Glasgoww Coma Scale 

Eyee reaction at 
admission n 

Eyee reaction after first 
244 hrs of admission 

Usedd in 

MPM0 0 

MPM0 0 

MPM0 0 

MPM0 0 

MPM0,, 24 

MPM0 0 

APACHEE III, 
SAPSS II, MPM0,24 

APACHEE III, 
SAPSS II 

APACHEE II 

APACHEE III, 
SAPSS II 

APACHEE II & III, 
MPM0,, MPM24 

APACHEE II 

APACHEE II 

APACHEE II & III 

MPM0 0 

SAPSS II, LODS II, 
MPM24 4 

MPM24 4 

APACHEE 11 &III, 
MPM0,, 24 

APACHEE II 

Usedd in 

MPM0 0 

MPM24 4 

Type e 

Categorical l 
(yes/no) ) 

Categorical l 
(yes/no) ) 

Categorical l 
(yes/no) ) 

Categorical l 
(yes/no) ) 

Categorical l 
(yes/no) ) 

Categorical l 
(yes/no) ) 

Categorical l 
(yes/no) ) 

Categorical l 
(yes/no) ) 

Categorical l 
(yes/no) ) 

Categorical l 
(yes/no) ) 

Categorical l 
(yes/no) ) 

Categorical l 
(yes/no) ) 

Categorical l 
(yes/no) ) 

Categorical l 
(yes/no) ) 

Categorical l 
(yes/no) ) 

Categorical l 
(yes/no) ) 

Categorical l 
(yes/no) ) 

Categorical l 
(yes/no) ) 

Categorical l 

Type e 

Categorical l 

Categorical l 

Criteriu m m 

Mustt be consistent with g.s. 

Mustt be consistent with g.s. 

Mustt be consistent with g.s. 

Mustt be consistent with g.s. 

Mustt be consistent with g.s. 

Mustt be consistent with g.s. 

Mustt be consistent with g.s. 

Mustt be consistent with g.s. 

Mustt be consistent with g.s. 

Mustt be consistent with g.s. 

Mustt be consistent with g.s. 

Mustt be consistent with g.s. 

Mustt be consistent with g.s. 

Mustt be consistent with g.s. 

Mustt be consistent with g.s. 

Mustt be consistent with g.s. 

Mustt be consistent with g.s. 

Mustt be consistent with g.s. 

Mustt be consistent with g.s. 

Criteriu m m 

Mustt be consistent with g.s. 

Mustt be consistent with g.s. 
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Appendix x 

Lowestt eye reaction in 
firstfirst 24 hrs 

Motorr reaction at 
admission n 

Motorr reaction after 
firstfirst 24 hrs 

Lowestt motor reaction 
inn first 24 hrs 

Verball reaction at 
admission n 

Verball reaction after 
firstfirst 24 hrs 

Lowestt verbal reaction 
inn first 24 hrs 

Physiologicc data & 
laboratoryy data 

Highestt heartrate in 
firstfirst hour 

Lowestt heartrate in 
firstfirst 24 hrs 

Highestt heartrate in 
firstfirst 24 hrs 

Lowestt respiratory 
ratee in first 24 hrs 

Highestt respiratory 
ratee in first 24 hrs 

Lowestt systolic blood 
pressuree in first hour 

Lowestt systolic blood 
pressuree in first 24 hrs 

Highestt systolic blood 
pressuree in first 24 hrs 

Lowestt mean blood 
pressuree in first 24 hrs 

Highestt mean blood 
pressuree in first 24 hrs 

Lowestt body temp, in 
firstfirst 24 hrs 

Highestt body temp, in 
firstfirst 24 hrs 

Longestt prothrombin 
timee in first 24 hrs 
Lowestt urine output 
overr 8 hrs 

APACHEE II  & III , 
SAPSS II, LODS II 

MPM0 0 

MPM24 4 

APACHEE II & III , 
SAPSS II, LODS II 

MPM0 0 

MPM24 4 

APACHEE II & III, 
SAPSS II , LODS II 

Usedd in 

MPM0 0 

APACHEE II& 111, 
SAPSS II, LODS II 

APACHEE II& III, 
SAPSS II, LODS 

APACHEE 11 & III 

APACHEE II & III 

MPM0 0 

SAPSS II, LODS II 

SAPSS II, LODS II 

APACHEE II & 111 

APACHEE II & III 

APACHEE II & III, 
SAPSS II 

APACHEE II & III, 
SAPSS II 

LODSS II , MPM24 

MPM24 4 

Categorical l 

Categorical l 

Categorical l 

Categorical l 

Categorical l 

Categorical l 

Categorical l 

Type e 

Numerical l 

Numerical l 

Numerical l 

Numerical l 

Numerical l 

Numerical l 

Numerical l 

Numerical l 

Numerical l 

Numerical l 

Numerical l 

Numerical l 

Numerical l 

Numerical l 

Mustt be consistent with g.s. 

Mustt be consistent with g.s. 

Mustt be consistent with g.s. 

Mustt be consistent with g.s. 

Mustt be consistent with g.s. 

Mustt be consistent with g.s. 

Mustt be consistent with g.s. 

Criteriu m m 

Deviationn from g.s. must not 
exceedd 10 beats/min. 

Deviationn from g.s. must not 
exceedd 10 beats/min. 

Deviationn from g.s. must not 
exceedd 10 beats/min. 

Mustt be exactly equal to g.s. 

Mustt be exactly equal to g.s. 

Deviationn from g.s. must not 
exceedd 10 mmHg. 

Deviationn from g.s. must not 
exceedd 10 mmHg. 

Deviationn from g.s. must not 
exceedd 10 mmHg. 

Deviationn from g.s. must not 
exceedd 10 mmHg. 

Deviationn from g.s. must not 
exceedd 10 mmHg. 

Deviationn from g.s. must not 
exceedd 0.5 degrees Celsius. 

Deviationn from g.s. must not 
exceedd 0.5 degrees Celsius. 

Mustt be exactly equal to g.s. 

Deviationn g.s. must not 
exceedd 0.250 Liter. 
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Appendix x 

Urinee output in first 24 
hrs s 

Vasoactivee drugs 

Lowestt Pa02 in first 
244 hrs 

Lowestt Pa02 / FI02 
inn first 24 hrs 

FI022 to calculate 
highestt A-aD02 in 
firstfirst 24 hrs 

Pa022 to calculate 
highestt A-aD02 in 
firstfirst 24 hrs 

PaC022 to calculate 
highestt A-aD02 in 
firstfirst 24 hrs 
Highestt A-aD02 in 
firstfirst 24 hrs 

PHH from same sample 
ass A-aD02 

Lowestt leukocyte 
levell in first 24 hours 

Highestt leukocyte 
levell in first 24 hrs 

Lowestt creatinine 
levell in first 24 hrs 

Highestt creatinine 
levell in first 24 hrs 

Lowestt potassium 
levell in first 24 hrs 

Highestt potassium 
levell in first 24 hrs 

Lowestt sodium level 
inn first 24 hrs 

Highestt sodium level 
inn first 24 hrs 

Lowestt bicarbonate 
levell in first 24 hrs 

Highestt bicarbonate 
levell in first 24 hrs 

Highestt serum urea 
levell in first 24 hrs 

Highestt bilirubin level 
inn first 24 hrs 

APACHEE III, 
SAPSS II, LODS II 

MPM24 4 

MPM24 4 

SAPSS II, LODS II 

APACHEE II 

APACHEE II & III 

APACHEE II 

APCHEE II & III 

APACHEE II & III 

APACHEE II & III, 
SAPSS II, LODS II 

APACHEE II & III, 
SAPSS II, LODS II 

APACHEE II & III, 
LODSS II 

APACHEE II & III, 
LODSS II 

APACHEE II, SAPS 
11 1 

APACHEE 11, SAPS 
II I 

APACHEE II & III, 
SAPSS II 

APACHEE II & III, 
SAPSS II 

APACHEE II & III, 
SAPSS II 

APACHEE II & III, 
SAPSS II 

APACHEE III, 
SAPSS II, LODS II 

APACHEE III, 
SAPSS II, LODS II 

Numerical l 

Categorical l 
(yes/no) ) 

Numerical l 

Numerical l 

Numerical l 

Numerical l 

Numerical l 

Numerical l 

Numerical l 

Numerical l 

Numerical l 

Numerical l 

Numerical l 

Numerical l 

Numerical l 

Numerical l 

Numerical l 

Numerical l 

Numerical l 

Numerical l 

Numerical l 

Deviationn from g.s. must not 
exceedd 1 Liter. 

Shouldd be consistent with g.s. 

Mustt be exactly equal to g.s. 

Mustt be exactly equal to g.s. 

Mustt be taken from sample 
thatt results in highest A-
aD022 according to g.s. 

Mustt be taken from sample 
thatt results in highest A-
aD022 according to g.s. 

Mustt be taken from sample 
thatt results in highest A-
aD022 according to g.s. 

Mustt be exactly equal to g.s. 

Mustt be taken from sample 
thatt results in highest A-
aD022 according to g.s. 

Mustt be exactly equal to g.s. 

Mustt be exactly equal to g.s. 

Mustt be exactly equal to g.s. 

Mustt be exactly equal to g.s. 

Mustt be exactly equal to g.s. 

Mustt be exactly equal to g.s. 

Mustt be exactly equal to g.s. 

Mustt be exactly equal to g.s. 

Mustt be exactly equal to g.s. 

Mustt be exactly equal to g.s. 

Mustt be exactly equal to g.s. 

Mustt be exactly equal to g.s. 
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Appendix x 

Lowestt haemoglobin 
levell in first 24 hrs 

Highestt haemoglobin 
levell in first 24 hrs 

Lowestt albumin level 
inn first 24 hrs 

Highestt albumin level 
inn first 24 hrs 

Lowestt level of 
plateletss in first 24 hrs 

Lowestt glucose level 
inn first 24 hrs 

Lowestt glucose level 
inn first 24 hrs 

Dischargee data 

ICUU discharge date 

ICUU discharge time 

Dischargee destination 

Reasonn for discharge 

Patientt died at ICU 

Patientt died in hospital 

Hospitall discharge 
date e 

APACHEE II & III 

APACHEE II & III 

APACHEE III 

APACHEE III 

LODSS II 

APACHEE III 

APACHEE III 

Usedd in 

--

--

--

--

--

--

--

Numerical l 

Numerical l 

Numerical l 

Numerical l 

\ ii  — : „ ~ i 
.. Mi l I1C1 ILcl l 

Numerical l 

Numerical l 

Type e 

Date e 

Time e 

Categorical l 

Categorical l 

Categorical l 
(yes/no) ) 
Categorical l 
(yes/no) ) 

Date e 

Mustt be exactly equal to g.s. 

Mustt be exactly equal to g.s. 

Mustt be exactly equal to g.s. 

Mustt be exactly equal to g.s. 

Mustt be exactly equai to g.s. 

Mustt be exactly equal to g.s. 

Mustt be exactly equal to g.s. 

Criteriu m m 

Mustt be consistent with g.s. 

Deviationn from g.s. must not 
exceedd 1 hour. 

Mustt be consistent with g.s. 

Mustt be consistent with g.s. 

Mustt be consistent with g.s. 

Mustt be consistent with g.s. 

Mustt be consistent with g.s. 
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Werr den Anfang anfangt, der das Ende beendet. 
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