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Executive Summary: (1) Project Objectives. As stated in the approved proposal, (a) “a systematic 

review of the current literature on external pathology laboratory performance assessment and 

evaluation”, and (b) “a validation through machine learning algorithms on National Association of 

Testing Authorities (NATA) and Quality Assurance Programmes (QAP) data subsets”. (2) Work 

Activity undertaken. A systematic review (SR) of the international pathology quality literature was 

successfully completed. More than 100 articles were identified by this review and subject to text-

mining and some meta-analysis. An integrated NATA and EQA data model was explored with the aim 

of increasing the robustness and efficiency of pathology performance monitoring through combining 

the two data sources. (3) Evaluation of the Model. The SR, subsequent text-mining and limited meta-

analysis showed no consistent international standard, but suggested root cause analysis as a means 

of exploring quality problems. Using the Random Forest algorithm, an integrated NATA – QAP (EQA) 

model was developed, with results further supported by ANOVA. (4) Challenges and how resolved. A 

small data set did not allow the full exploration of the capacity of machine learning to uncover NATA – 

EQA patterns. This was resolved by developing a combined Random Forest – ANOVA method. 

Insufficient data was available for some laboratory categories; this was resolved by pooling labs into B 

or G categories only. (5) Key Findings/Conclusions. No consensus was detected in the literature by 

SR, but text-mining revealed a strong quantitative interest by investigators, resulting in the 

identification of root cause analysis as a suggestion from some studies as a means to consistently and 

systematically monitor lab performance. In this context, a preliminary integrative model was developed 

that linked NATA results to EQA/QAP results, offering an updated solution to future monitoring. 

 

Glossary: 

 

ALT – Alanine aminotransferase 

AST – Aspartate aminotransferase 

Category – Class * 

CK – Creatine phosphokinase 

EQA – External Quality Audit 

ESR – Erythrocyte Sedimentation Rate 

GGT – Gamma glutamyl transferase 

K
+
 - Serum potassium 

LFT – Liver Function Test 

NATA - National Association of Testing 
Authorities 

NPAAC – National Pathology Accreditation 
Advisory Council 

QAP – Quality Assurance Programme# 

RCA – Root Cause Analysis 

RF – Random Forest 

RFA – Random Forest Analysis 

SR – Systematic Review 

SVM – Support Vector Machine 

UEC – Urea, Electrolytes, Creatinine 

* Class/Category are used interchangeably  

# QAP and EQA are the same process 
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Period of activity: Final Report (July 2016 – February 2017) 
 

This document will report on the following research activities and results, as stated in the agreement 

(and subsequent variation) finalised on award of the QUPP funding to support the above project; 

The Aim of the Project is to evaluate laboratory performance data with the view to identifying quality 

metrics to detect poor performance. 

 

The key objectives of the project are: 
1. A systematic review of the current literature on external pathology laboratory performance 

assessment and evaluation; and 

2. A validation through machine learning algorithms on National Association of Testing Authorities 

(NATA) and Quality Assurance Programmes (QAP/EQA) data subsets. 

 

Also, comments on, “How the results of this Activity will be used to benefit pathology stakeholders”, 

will be provided in the report conclusion. 

 

Context: This report must be read as a Pilot Study (proof-of-concept) only. This investigation was 

primarily to explore the empirically meaningful integration of NATA and QAP (EQA) data, to enhance 

the capacity via the combined quality data sources to detect poor laboratory performance earlier and 

accurately. In addition, the application of machine-learning to quality data was a priority. This pilot 

study explored data from 21 B or G laboratories only, to assess the feasibility of a larger integrated 

quality study. 

 

Summary of Scientific Results and Recommendation: A systematic review (SR) and survey of 

the biomedical literature pertaining to pathology laboratory quality performance was conducted, with 

reference to “external quality assurance” processes and standards such as ISO 15189. Sample NATA 

and EQA data collected from NSW laboratories over 2015 was also interrogated via machine learning 

and 2-way ANOVA to complement the SR study.  

 

Recommendation: Past international results lacked consistency or consensus concerning the 

measurement of broad issues in laboratory quality reporting, with a sub-section of reports suggesting 

root cause analysis as a suitable method to detect and monitor performance. We recommend 

expanding this study to introduce machine learning algorithms into the assessment of laboratory 

quality via the integration of NATA and EQA data as a powerful and sophisticated alternative to root 

cause analysis, and other simpler methods recommended in the primary literature. 

 

A proof-of-concept random forest study is presented in this report, with encouraging preliminary 

results, supported by analyses of EQA time series data from 2015. 
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Changes, limitations experienced during the QUPP funding period: 
 

Overall, the Activity achieved all of its goals as stated in the original proposal. However, there were 

some changes to plans from that originally described. 

 The budget requested salary for a part-time Research Officer (Dr Guifang Shang) to assist with the 

project. However, within the first few weeks of the project commencement, Guifang was successful 

with a job application and subsequently was offered a position with the Commonwealth Department 

of Health. Due to the association of the QUPP funding to the same Commonwealth Department, a 

potential conflict-of-interest was identified and Guifang could no longer contribute to the project. 

Project Leader (Lidbury) subsequently completed the analyses and wrote the reports alone, 

assisted by Badrick (EQA data and NATA categories), Koerbin (NSW EQA and NATA 

investigations) and Richardson (guidance on machine learning and advanced statistics). 

 A pilot study data set of twenty-one NSW laboratories was provided by Dr Koerbin after 

discussions with Dr Badrick, representing G category laboratories and B category laboratories that 

fall under the larger G laboratory supervision. With only twenty-one laboratories in the pilot study 

sample, the machine learning algorithms decision trees (recursive partitioning) and support vector 

machines (SVM) were not successful due to the lack of data. However, the algorithm for Random 

Forest Analysis (RFA) was applied successfully to identify EQA serum markers (e.g. GGT) that 

predicted NATA C or M performance categories. RFA allows the bootstrapping of numerically small 

samples – namely, the multiple resampling of the data to allow accurate predictions. 

 A range of laboratory categories were provided to this pilot study by NSW Health Pathology. These 

primarily represented G laboratories, B laboratories and B laboratories that fall under G laboratory 

supervision. Given the small overall sample size (n = 21), laboratories were broadly classified as a 

G laboratory (n = 11), which included B labs supervised by G labs, or B laboratory (n = 10) to allow 

statistical analysis. A future larger study, with access to the entire NSW data rather than a sample, 

will allow the correct classification of laboratories and thereafter allow for the specific features of 

varying laboratory environments and supervision to be captured by the investigation. 

 For the calculation of bias from specific assay EQA data provided for each laboratory, the target 

value was not provided for any assay (e.g. AST) or EQA cycle. In place of a target value, we used 

the mean value for each cycle, calculated from 68 NSW laboratories, to assess bias for the 21 

laboratories interrogated for quality markers. 

 

Full Project Activity Reports - Entire Project Period 
 

(1) A systematic review of the current literature on external pathology laboratory 

performance assessment and evaluation: To understand best-practice internationally, a 

systematic review of the quality literature was performed via PubMed (nlm.nih.gov). Key search terms 

were; “15189 OR ISO 15189”, “proficiency testing”, “pathology laboratory performance”, “external 

quality assurance”. This search yielded 144 primary manuscripts, with full manuscripts in PDF 

obtained for all but six of the total manuscripts identified by the search (articles from journals not 

available via the ANU Library were obtained via “Article Reach” and inter-university document delivery 

services). A longer project would allow a systematic review across additional databases (e.g. 
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EMBASE) and request funds for the acquisition of obscure articles through additional document 

delivery services. 

 

From the total collection of articles identified in PubMed using the key search terms, papers were 

further sub-divided into articles that analysed quality for the core laboratory functions, namely 

routine chemistry and haematology, while papers on histology, cytology and specialist 

laboratories, for example, molecular pathology, immunology, coagulation studies were excluded 

from the primary analyses. There were many articles reporting the successes and challenges at a 

country or regional level, which were also sub-grouped for dedicated analysis. Peer-reviewed 

articles identified for this pilot study had date ranges from 1992 to 2016 (pre-and post ISO 

15189).  

 

(a) Background - Text mining: Given the dozens of publications and many thousands of words 

contained within to describe processes and results in the assessment of laboratory quality, text-

mining was conducted on groups/sub-groups within the assembled publication collection, using 

the R (version 3.3.1) statistical language (1). R packages employed were, “tm”, “SnowballC”, 

“ggplot2”, “wordcloud”, and “cluster” (2 – 7), as well as several R graphics packages for the 

display of plots and results. 

 

Text mining analyses were performed on all 101 papers reporting on any results or review of 

pathology quality for core laboratories, then identical analyses were performed on sub-groupings 

within this collection, namely, papers that only discussed “EQA” or “15189”, as well as articles 

that reported on investigations of national systems. 

 

The first sub-group examined was EQA – namely, publications identified that reported an EQA 

process on a general pathology department or clinical chemistry department. A good international 

sample was gathered representing quality processes in Belgium, Croatia, Italy (including 

regions), Jordan and the Middle-East in general, Burkina Faso, Ghana, Korea, Malaysia, 

Indonesia, The Netherlands and The United States (a 1996 study on quality in Australian clinical 

chemistry laboratories was found, but there were difficulties obtaining a hard or electronic copy). 

There is a large literature on this topic from Japan, but all were published in Japanese. 

 

Appendix 1 shows the complete list of publications extracted for this study. Additional searches 

targeted “ISO15189 (AND) EQA” papers, as well as “ISO15189 (NOT) EQA”, and other variations 

as reported herein. It must also be noted that the ISO15189 standard was introduced 

internationally in 2003, but not all countries abide by this standard, hence making analysis of 

trends from the literature difficult. A summary of the final search strategy is shown in Table 1, 

which covers the periods pre- and post- the introduction of ISO15189 (1992 – 2016). 

 



 7 

Table 1 – Systematic survey of literature reporting on pathology laboratory quality, 

conducted via PubMed databases. Summary of search process and strategy. 

 

MeSH search terms – 

“15189 OR ISO 15189”, “proficiency testing”, “pathology laboratory performance”, 

“external quality assurance” (Date range open, Human only, Journal article) 

144 articles identified (Year range 1992 – 2016) 

  

6 articles excluded 

(No full text available) 

101 articles for text mining 

(Core laboratory 
investigations) 

37 articles excluded 

(Specialist laboratory 
investigation – e.g. coagulation) 

  

 

(1) All primary articles (n = 101) 

(2) “15189” (n = 18) 

(3) “EQA” (n = 22) 

(4) Analysis based on Country 
level investigation (n = 23) 

 

 

Final Searches Conducted 

 

  

(5) Search articles with frequent 
words “linear”, “predict” and 
“root” (n = 15) 

(6) Articles featuring “root cause 
analysis” (n = 13) 

(7) Articles presenting CV% 
data for meta-analysis (n = 4) 

  

Identified articles interrogated by text mining algorithms (R version 3.3.1) – 

word frequency, word clouds, correlation and word clusters determined 

MeSH refers to “medical subject headings” in PubMed. Articles identified may be included in more than 1 analysis 

CV% is the percentage coefficient of variations (s/�̅� × 100). 

 

(b) Results – (i) Word Frequency: Figure 1 summarises the results of text mining analyses via 

wordcloud and word frequency involving sub-groupings of articles. A number of nonsense words 

and terms featured, which on deeper investigation was a problem with whole word recognition, 

with part words like “structe” found to be associated with words like “instructed” and 

“constructed”, but no consistent pattern. “Stream” was the most frequent word detected, but again 

represented several words/terms, namely, “downstream”, “stream lining” and “stream mapping” 

that was not consistent. Other nonsense words, e.g. �̂��̃�𝑖̈�́�, “𝑒𝑜𝑓”, “𝑓𝑜𝑛𝑡𝑑𝑒𝑠𝑐𝑟𝑖𝑝𝑡𝑜𝑟”, were 

identified as PDF-associated code required to produce the document. These can be screened out 

of the text-mining analysis, but they are difficult to eliminate due to their large number. 
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(a) (b) 

  
(c) (d) 

  
 

Figure 1: Word Cloud (frequency) results for articles grouped by key terms (a) = 15189 (b) EQA (c) the 

frequency of words “linear” + “root” + “predictor”, or (d) Country-wide investigations of pathology quality based 

on ISO15189 and/or EQA, or other investigation rubric (e.g. Q-tracks). 

The most abundant words/terms detected appear in the largest orange font, followed by the smaller blue words, 

and so on. 

 

The text-mining results were also presented as a cluster dendrograph (Fig. 2), which gives a view 

of the relationships between the frequent words identified. Like Wordclouds and Frequency 

results, nonsense words were abundant, but the identifiable words or abbreviations predictor, 

info, root, linearized, prev, stream, length, also featured strongly. The strongest cluster (closest to 

the y-axis) featured predictor and info as associated, with root and linearized located in the next 

strongest word cluster. Interestingly, stream, which was the most abundant word according to 

wordcloud and frequency analyses, appeared in the weakest cluster (with prev and length). 
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With the results available, the research articles used for text mining were subsequently subject to 

a word search to understand the context of the key words identified. As found for stream, part-

words like “prev” and “info” were part of a number of larger words (e.g. “preview”, “previous”), and 

as such no useful word patterns were found. On inspection, predictor and linearized were self-

evident in terms of context, namely, many papers were searching for predictors of laboratory 

quality outcomes. As described above, linearized belonged to the same cluster as root (Fig. 2); 

this makes sense since an effective method with which to linearize skewed data is to take the 

square root of the raw data, prior to statistical analysis. 

 

To further clarify word significance, all articles containing “linear”, “predict” and “root” were pooled 

(n = 15) and subject to separate text mining. From the three words, root was most significant 

regarding a meaningful pattern to assist in extracting the common trends in the laboratory quality 

sample identified. Subsequently, text mining and word search investigations were repeated on 

the other article sub-groups described in Table 1. From these collective investigations, the terms 

“square root”, “root cause analysis”, “root mean square” were the only terms found, all pertaining 

to data analysis. 

 

 

Figure 2: Dendrograph presentation of the same analysis as summarised in Figure 1. This shows the 

relationships between different word clusters, with the cluster closest to the y-axis containing the strongest word 

associations. 

 

Of these three terms, “root cause analysis” (RCA) was further investigated for context and 

relevance to the assessment of pathology laboratory quality; for this investigation, thirteen articles 

were identified that discussed this concept (Table 1). To understand how RCA was 
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conceptualised and/or applied to pathology quality evaluation, a series of direct quotes were 

taken from representative articles (Table 2). 

 

 

Table 2 – Quotes from samples articles pertaining to “Root Cause Analysis” 

associated with the review or investigation of pathology laboratory quality 

Author(s) and 
Article Title 

Reference 
no. 

“Quote” from Article (Context for Root Cause Analysis) 

Bhat et al. - The 

External Quality 
Assessment Scheme 
(EQAS): Experiences 
of a medium sized 
accredited laboratory 

 

8 

 

“Training sessions for root cause analysis of the outliers and steps to 
help prevent such errors in future were held ...The abovementioned 
tools help to perform risk identification in our laboratory and are 
summarized in the Fishbone/Ishikawa diagram” (Fig. 1 of Bhat et al). 

Allen - Role of a 

quality management 
system in improving 
patient Safety - 
Laboratory aspects 

 

9 

 

“If nonconforming tests could recur, identify, document and eliminate 
root cause …”. “Procedure includes investigation to determine root 
cause; where appropriate, leads to preventive action …” 

Ho and Ho - The most 

common non-
conformities 
encountered during 
the assessments of 
medical laboratories in 
Hong Kong using ISO 
15189 as accreditation 
criteria 

 

 

10 

“For management requirements, nonconformities were most frequently 
reported against quality management system, quality and technical 
records and document control; whereas for technical requirements, they 
were reported against examination procedures, equipment, and 
assuring quality of examination procedures” (article Abstract). 

“When unsatisfactory results were returned, review was superficial and 
did not include any actions taken to address the root cause of failure; or 
observed trends were ignored”. 

 

Meier et al. - Seven 

Q-Tracks Monitors of 
Laboratory Quality 
Drive General 
Performance 
Improvement: 
Experience from the 
College of American 
Pathologists Q-Tracks 
Program 1999–2011 

 

 

11 

“ … 7 Q-Tracks studies measure generic indices that apply across 
almost all clinical laboratory testing”. 

“ … in the STAT TAT outlier monitor, potassium was selected as the 
index test because that analyte is part of the most frequently ordered 
STAT clinical chemistry panels”. 

“In the Veterans Health Administration study just cited, 48 patients with 
wrong wristbands accounted for 8 of the 182 adverse events (4%) 
attributed by root-cause analysis to patient misidentification”. 

White - The Impact of 

IS015189 and 
IS09001 Quality 
Management Systems 
on Reducing Errors 

 

12 

“A quality management system based on IS0 15189 and IS0 9001:2000 
can significantly reduce the root cause of failures that result in non-
conformances and the need for retesting”. 

 

 TAT = turn-around-time; STAT = short turn-around-time 

 

Statements on RCA were presented consistently as three actions, namely, the need to identify 

the “root cause of failure” (10, 12), as presenting the result of a formal RCA (11), or the 

recommendation that RCA must be undertaken in future quality processes (9). 

The results suggest that with the introduction of new international standards in the early 2000s, 

thinking by some in the field was moving towards quantitative algorithm style methods to evaluate 

quality failure(s), such as RCA, to pin point causes (the articles evaluated were generally 

published between 2007 – 2016, with a 2002 paper directly discussing ISO15189). In this regard, 
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this pilot study combining machine-learning and statistics on integrated NATA and EQA data is 

timely, and offers greater acuity into finding the root cause or causes of failure in the laboratory, 

due to the training – testing cycles of machine learning algorithms, and better performance on 

non-parametric data, and so on. The most sophisticated attempt at an algorithm to detect root 

cause found during this survey of the literature was the Fishbone/Ishikawa system (Fig. 1, Bhat et 

al.) (8). 

 

(ii) Text Correlation: The calculation of word correlations was also available via R text mining 

algorithms. Examination of correlation for the analytical terms “predictor” and “linearized” found a 

strong association (r = 0.57). “Predictor” and “root” (as in square root, root cause) had an identical 

correlation of r = 0.57. “Linearized” and “root” had a perfect correlation (r = 1.00). As alluded to 

earlier via the cluster analysis, the association of linearized and root is due to the need during 

quantitative and/or statistical investigations to linearise skewed raw data by taking the square root 

(or root square in some articles) prior to performing calculations (final non-linear answers are 

subsequently obtained by performing the square (x
2
). Log10 or natural log (ln) transformations are 

also common, using the anti-log to arrive at the non-linear answer). The most common word (or 

part word) stream had r > 0.55 with predictor, as did the contextually meaningless endstream. 

 

Correlation between the three key words predictor, root and linearize to other frequent words 

detected (Fig. 1) had moderate to poor associations ranging from r < 0.40 – 0.0. 

 

(iii) Coefficient of Variation: With a completed systematic review, an additional step for deeper 

investigation is to pool data from the identified articles and run a meta-analysis on the aggregated 

data via a variety of statistical techniques (e.g. effect size, odds ratios), and hence provide 

enhanced accuracy of predictions, statistical differences and so on, which form the basis of 

research conclusions. In spite of the common discussion of data analyses in the articles 

retrieved, inspection of the publications found that result presentations of data were diverse, thus 

making it difficult to conduct meta-analyses (for example, calculation of effect sizes across 

several studies to evaluate a measure of laboratory performance). 

 

Coefficient of Variation percent (CV%) is a common calculation applied to laboratory data to 

measure inter- and intra-assay variation, and thus assist with decisions concerning quality and 

performance. CV% is the proportion of the standard deviation (s) represented by the mean (�̅�) of 

the same data. In short, the lower the variation (CV%) the better the performance, with a CV% of 

< 5% viewed as an appropriate threshold. 
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Table 3 – Summary of mean Coefficient of Variation (CV%) pathology results across 

three European locations (Italian regions, the Netherlands, Germany), in comparison 

with mean CV% performance for NSW Health Pathology laboratories in 2015 

 

Analytes 

Mean CV% 

EQAS 
(1995) 

PH I PH II Serum ‘‘Calibration 2000’’ (2005) 

(Range) 

Haeckel et 
al. (2015) 

NSW Labs 
(Range) 

Total protein 

(g/L) 

L 5.9 6.5 Regular  

ND 

ND 2.4 

(1.8 – 3.1) 
S 3.9 Native 

Creatinine 

(mol/L) 

L 10.6 11.8 Regular  

ND 

 

4.00 

5.2 

(3.3 – 9.6) 
S 8.1 Native 

Bilirubin 

(mol/L) 

L 14.6 15.7 Regular  

ND 

 

5.95 

6.5 

(4.6 – 9.0) 
S 11.7 Native 

Sodium 

(mmol/L) 

L 3.5 3.6 Regular  

ND 

 

ND 

1.9 

(1.1 – 2.6) 
S 2.0 Native 

Potassium 

(mmol/L) 

L 5.9 6.0 Regular  

ND 

 

ND 

2.5 

(1.6 – 4.0) 
S 2.7 Native 

Calcium 

(mmol/L) 

L 6.6 9.4 Regular  

ND 

 

2.11 

3.2 

(2.4 – 3.6) 
S 5.4 Native 

AST 

(U/L) 

L 25.6 26 Regular 10.8 (5.8 -19.6)  

5.19 

5.4 

(4.6 – 6.4) 
S 9.7 Native 4.9 (4.1 - 5.3) 

ALT 

(U/L) 

L 26.0 22 Regular 6.4 (3.0 - 13.7)  

5.19 

6.9 

(2.9 – 20.5) 
S 9.8 Native 3.5 (2.3 - 4.9) 

CPK 

(U/L) 

L 31.7 23.3 Regular 6.4 (3.6 - 9.8)  

6.08 

3.8 

(2.7 – 5.5) 
S 11.4 Native 4.0 (2.0 - 5.8) 

GGT 

(U/L) 

L 22.2 19.1 Regular 4.6 (3.3 - 6.2)  

5.42 

12.4 

(11.4 - 14.1) 
S 11.4 Native 3.6 (3.0 - 4.1) 

 
Above data extracted from Morisi et al. (1995). Morisi et al. reported CV% data from the Latium region (L) of Italy 
EQAS, and compared this to a commercial EQAS process run by the Instituto Sclavo (S), also in Italy. The EQAS 
(L) ran as two phases (PH I and PH II). 

 
Summary from the Dutch “Calibration 2000” study (Baadenhuijsen et al. 2005). The mean CV% results and range 
are reported on “regular” and “native” samples, which refers to lyophilised human serum-pool specimens, spiked if 
required to obtain target concentration (regular), and samples not lyophilised, but frozen at -80

o
C without cryo-

preservative (native). 

 
Data obtained from Haeckel et al. (2015). Calculated as “permissible” coefficient of variation percent (CV%). Full 
tables from each publication, containing CV% and supporting accuracy results, can be found in the report 
appendix. Study specifically references ISO15189. 

 
Mean CV% results (and ranges) obtained from NSW Health Pathology in June/ July 2016, representing 68 NSW 
laboratories tested via EQA and NATA processes over 2015. Assay performance reported was for markers that 
fell within acceptable limits (2s) across the several clinical chemistry platforms used in NSW. 
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Three articles were identified that presented CV% data for a variety of routine pathology assays. 

Table 3 summarises the mean CV% results from these articles, and includes the CV% results 

calculated from 68 NSW Health Pathology laboratories, including the G and B laboratory data 

sample used for this study, which were inspected via NATA and EQA processes during 2015. 

The three European reference studies summarised in Table 3 (13 - 15) beyond status as a 

private or public laboratory, did not report whether laboratories were large supervising 

laboratories, or not, or provide the level of detail available for the NSW laboratories in terms of 

primary, secondary pathology service. Therefore, versions of G or B laboratories was not 

considered by CV% analyses. The mean CV% for 2015 NSW Health Pathology data was 

calculated from the standard deviation (s) and mean (�̅�) calculated for 68 NSW pathology 

laboratories, supplied with the specific EQA data on the twenty-one G and B laboratories. 

 

The Morisi et al. study (13) is useful to include for the CV% comparison (Table 3), since it was 

conducted prior to the introduction of ISO15189, and was very thorough, running two phases of 

quality evaluation for Latium region of Italy (1987-1988) that included public and private 

laboratories (n = 94), and a comparison to a commercial EQAS process run by the Instituto 

Sclavo. A flaw reported by the authors was the poor compliance of some laboratories to the entire 

protocol, which resulted in 55% (52/94) of the recruited laboratories completing the entire EQAS, 

which would impact the accuracy of aggregated results (of interest in this regard, were the 

comments by the study authors that some participating laboratories construed this study as an 

attempt at control, rather than a genuine evidence-gathering endeavour to assist laboratories with 

quality control). 

 

Based on the data summarised in Table 3, it is clear that based on CV% the quality of pathology 

laboratories in the Latium region of Italy, over 1987 and 1988, was poorer than for the Italian 

comparison laboratory (Instituto Sclavo). This was particularly true for the enzymes (ALT, CPK 

etc). Morisi et al. commented, “With regard to analytical results, intra-laboratory imprecision was 

generally high …, especially for enzymes, suggesting that various sources contributed to the total 

variability”. These observations from the Italian studies were supported further by the results from 

the “Calibration 2000 study” (The Netherlands) (14), Haeckel et al. (Germany) (15) (Table 3), 

which showed superior CV% performance, and therefore suggested, superior quality control 

compared to the Latium region results. The Dutch and German studies were conducted after the 

international introduction of ISO15189, with the German study specifically referring to the 

ISO15189 standard, and the Dutch study focussed on EQA standards. 

 

The 2015 NSW Health Pathology CV% results likewise were superior to the pre-ISO15189 Italian 

results, and comparable to the Dutch and German studies (Table 3). However, when comparing 

the Dutch, German and NSW results, CV% for LFT enzymes had notable differences. This was 

particularly true for the NSW GGT result, with a mean of 12.4% (11.4 - 14.1), while for the Dutch 

and German studies the GGT CV% ranged between 3.6 – 5.42% (including “native” and “regular” 
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samples for the Dutch study). NSW results for ALT, AST and CPK were similar or superior to the 

Dutch and German results, with broad CV% ranges observed for NSW ALT (2.9 – 20.5), and 

Dutch AST (5.8 -19.6) and ALT (3.0 - 13.7) (both in regular serum samples – Table 3). The number of 

laboratories that participated in each study was recorded only for the Italian study (n = 94; n = 52 after 

attrition from the study) (13), and NSW Health Pathology (n = 68). The Dutch and German studies 

mentioned numbers of samples, but not the number of laboratories participating, so the impact of 

laboratory sample size on variation cannot be discerned. 

  

The above findings on enzyme assay variation may have relevance to the interpretation of the 

statistical modelling results presented in the following section. GGT and AST were identified as 

leading predictors of NATA category, suggesting that enzymes may be sensitive markers of 

laboratory quality variation. 

 

(iv) Badrick et al. - Failure Modes Effects Analysis (FMEA): The goal of FMEA is to integrate the 

external findings on performance monitoring with the internal processes of quality control. 

 

Quality Control strategies do not usually consider patient risk; they are concerned with detection 

of analytical error. The aim of QC strategies was to develop QC rules (algorithms) and QC 

sample frequencies that allow high error detection rates usually a 90% probability of detecting a 

statistically significant shift in QC results (Ped), combined with a low probability of false error 

detection (Pfr). These analytical goals were usually based on stable imprecision which is not 

always adequate for the relevant biological goal for patient care.  It is possible to explicitly 

consider risk to the patient, not just analytical error by using the Lean tool Failure Mode Effects 

Analysis (FMEA). Risk is a function of the clinical application (e.g. diagnosis or monitoring), and 

whether or not an immediate intervention in treatment may follow from an unexpected result. Risk 

is also dependent on the error rate (frequency) of the test and how effectively the current 

processes identify this error. The tool relies on three concepts, Assay Capability (Cpa), 3 x 3 

matrix, and a calculation of a risk score, using a modified Failure Mode Effects Analysis. This 

method has been described by for the use in EQA programs (16).  

 

(c) Conclusions: As a result of the SR on the primary pathology quality literature via PubMed, “root”, 

“linearized” and “predictor” featured strongly as key terms within this field, and clearly represent a 

desire by scholars and scientists to capture and model quality parameters in a statistically robust 

fashion. Flowing from this position, the identification of root-cause analysis (RCA) provided an insight 

into fresh thinking by the field on how to improve the detection and monitoring of laboratory quality 

through quantitative methods. 

 

From reviewing the literature, there were many reports on the value of high quality results, and in 

response to this, several proposals on systems to improve QC, both within the known standards like 

ISO15189, but also as a research question where new methods were presented. In this context, there 

was no strong consensus on how best to proceed, apart from the articles highlighting the value of root 
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cause analysis (RCA), as either an effective means to detect specific errors (11), or as a 

recommendation to proactively improve quality (9). The field, as represented by the 102 articles 

analysed, did not provide a consensus on the measurement and analysis of laboratory quality.  

 

The high frequency of the words/terms linearized and predictor clearly demonstrates a desire by 

clinical scientists to quantitatively define measures of quality. A contribution to this goal has been 

achieved by MacKay, Hegedus and member of this QUPP research team, Tony Badrick, in the form of 

a matrix with parameters calculated from EQA results, which will be considered as a component of 

future models of laboratory quality developed by this team. 

 

The machine learning and statistical models presented below will be a perfect extension to some of 

the qualitative and quantitative parameters decided previously, as reflected by the systematic review 

results presented herein. 

 

(2) Detection of laboratory performance patterns by machine learning applied to 

integrated NATA and Quality Assurance Programmes (QAP - EQA) data subsets 

 

(a) Background: The evaluation of pathology laboratory performance is primarily achieved through 

NATA and EQA (QAP) processes, in accordance with ISO15189 and NPAAC standards. Combining 

these two sources of laboratory performance data potentially will enhance the ability to detect quality 

control problems with greater accuracy and efficiency, achieved by cross-referencing EQA data back 

to NATA results, and vice versa, thus allowing both evaluation process to inform the other on 

performance decline detected via their specific metric. Combining data sources produces a larger data 

set, increasing the accuracy of predictions emanating from the models. 

 

Therefore, a unified model of quality performance assessment, using data collected as separate 

external quality control processes (NATA and EQA), is the ultimate aim of this study. 

 

Via sophisticated statistical methods and machine learning, relationships between two distinct sets of 

performance data were investigated. Through collaborative relationships with NSW Health Pathology 

and RCPA-QAP, we have access to NATA audit and EQA (External Quality Assurance) assay 

performance data, allowing the modelling of these data for overlapping markers of poor pathology 

laboratory performance, and the development of performance metrics that will predict poor 

performance. The outcome of poor performance is likely to involve increased patient risk from over or 

under diagnosis, increased testing or treatment, elevated patient anxiety, and subsequent increased 

costs to the Commonwealth. 

 

The resulting statistical models will produce “rules” or predictions that identify markers of poor 

performance to apply prospectively. Access to poor performance predictive rules, emanating from two 

authoritative sources of evaluation data (NATA and RCPA-QAP) allows detection of performance 

issues well in advance of system failure within a laboratory that will impact on patient care. This 

information has general applicability for NATA, QAP providers and NPAAC to identify areas where 
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additional monitoring or development of Standards may be required. Furthermore, this project will 

complement NPAAC data gathering used to assess overall laboratory performance in Australia. It will 

also assist in the development of new Standards as areas of poor performance are efficiently and 

rapidly identified. These metrics should also assist NATA with its Audit process. 

 

It must be noted that the results and subsequent conclusions herein were reached from a limited data 

set representing 21 anonymous NSW pathology laboratories, comprising approximately equal 

numbers of B or G laboratories. Therefore, the following results and conclusions form a pilot study, 

where “proof-of-concept” in our hypothesis was tested; namely, that machine learning algorithms can 

be successfully utilised to predict markers of poor laboratory performance in combined NATA – EQA 

data. 

 

(b) Results 
(i) Data Description – (A) NATA: Anonymous NATA reports on B or G NSW laboratories were 

provided (n = 21), which reported on “Management Requirements” (ISO 15189 Clauses 4. 1 – 4.15, 

including sub-clauses) and “Technical Requirements” (ISO 15189 Clauses 5.1 – 5.10, including sub-

clauses). All NATA reports assessed clinical chemistry performance, as well as haematology and a 

mixture of other routine and special disciplines. Independent of the additional disciplines besides 

clinical chemistry, the total laboratory performance was quantitated for analysis. 

 

(a) 

 

(b) 

 

Figure 3 – Mean ± SEM (a) and count boxplots (median and range) (b) summarising NATA technical and 

management performance categories through the enumeration of the number of M (Minor) and C (Condition) 

recommendations noted for specific B (n = 10) or G (n = 11) category laboratories by inspectors. 

Kruskal-Wallis testing found no significant differences between B and G Laboratory C and M counts (p = 0.17 – 

0.72), but significant increases for Technical counts compared to Management counts were observed (p < 0.001; 

Freidman Test, df = 3, 
2
 = 37.15). 
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Performance against NATA management and technical standards was evaluated by the number of 

“M” and “C” recommendations recorded for each laboratory. Against each of the ISO15189 clauses a 

blank space, “observation” (O), “minor” (M) or “condition” (C) was recorded. Since the detection and 

prediction of poor performance were our aims, the number of M and C observations per laboratory 

were tallied; C indicates a “condition” associated with poor practice that must be addressed in the 

recommended time frame, or an infringement recorded, while M indicates a problem that if not 

addressed could lead to an upgrade to C classification, and the risk of negative consequences. Figure 

3 summarises the frequency of C and M recommendations across the 21 B or G labs surveyed. 

 

The rates of C and M scores for B laboratories compared to G laboratories were not significantly 

different (Fig. 3; p > 0.16), while the rate of technical category C and M comments were significantly 

greater (p < 0.001) than C and M for management requirements under NATA. It can be concluded 

therefore, that technical standards compliance needs additional attention across the NSW B and G 

laboratories represented in this study. 

 

(i) Data Description – (B) EQA: External Quality Assurance (EQA) data was represented by sixteen 

QAP assessment rounds over 2015 performed on the same 21 labs as assessed via NATA. The 

serum/blood markers chosen for analysis in this project were; Alanine aminotransferase (ALT), 

Aspartate aminotransferase (AST), bicarbonate, total bilirubin, serum calcium, chloride, creatine 

kinase (CK), serum creatinine, Gamma Glutamyl transferase (GGT), serum magnesium, serum 

phosphate, serum potassium, total protein (TP), and serum sodium. Each of these assays did not vary 

by more than 2 standard deviations across the automated platforms employed by NSW pathology 

laboratories, thus eliminating measurement variation as a factor in the data modelling and analyses. 

 

Bias was used as an indicator of variation to gauge EQA performance for selected markers, and by 

extension pathology laboratories (Bias estimates assay accuracy through calculating the difference 

between the laboratory result with the target value, set by the EQA-QAP). Figure 4 summarises the 

bias variation of a sample of pathology assay markers, while Figures 5 - 7 explore the performance 

over time for 16 separate 2015 time points for GGT, serum creatinine and potassium (K
+
) (relevance 

of the selected time markers is also explained in the following section on machine learning). 

 

The overall bias across twenty-one laboratories was highest for the enzymes CK, GGT and AST (but 

not ALT), with the serum electrolytes and total protein (TP) below a weighted bias value of five (Fig. 

4). In the comparison between B and G laboratory categories, the bias pattern was identical except for 

serum creatinine, with B category bias greater than 15%, compared to mean G laboratory bias of less 

than 10%. This observation suggests that serum creatinine is potentially useful for detecting quality 

deficiencies for B category laboratories, as well as separating B versus G laboratory EQA 

performance. 
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Figure 4 – Bias calculated for representative liver function tests, serum electrolytes and creatinine, and creatine 

kinase (CK) as a mean (± SEM) for all laboratories investigated (n = 21) (top) and the same laboratories 

separated into B and G categories (bottom). 

 



 19 

 

 

Figure 5 – Median percentage (%) Bias calculated for GGT on all laboratories investigated (n = 21) (top) and the 

same laboratories separated into B and G categories (bottom). 
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Figure 6 – Median percentage (%) Bias calculated for serum creatinine on all laboratories investigated (n = 21) 
(top) and the same laboratories separated into B and G categories (bottom). 
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When considering EQA performance over time, percentage bias ((%) Bias) was calculated for each 

individual assay time point, for each of the 21 laboratories represented by the data, using an update of 

this formula (1): 

 

 

(1) 𝐵𝑖𝑎𝑠 (%) = 𝑥 ̅− 𝑦𝑜 / 𝑦𝑜 (𝑥 100) Where: 𝑥 ̅= Assay Mean at each time 

𝑦𝑜 = Target (EQA) value 

(2) 𝐵𝑖𝑎𝑠 (%) = 𝑥 ̅− ALT(TP.1)/ALT(TP.1) (𝑥 100) ……. 

𝑥 ̅− ALT(TP.16)/ALT(TP.16) (𝑥 100) 

ALT(TP.1) …..  ALT (TP.16) = EQA value for ALT 

at time points 1 … 16 (TP.1 … TP.16) 

 

It must be noted that the EQA target assay values were not available for these calculations. Formula 

(1), which calculates overall percentage weighted bias for an assay, was modified to formula (2) to 

permit the calculation of individual assay (%) Bias at each time point, for each laboratory; (i.e. ALT, 

AST, Bicarbonate, …. Sodium – see Fig 4), which allowed the analyses of bias variation for 

laboratories at 16 EQA time points, via ANOVA (see section [iii]). 

 

Figure 5 – 7 summarise the bias (%) variation as a function of time over the 2015 EQA for GGT, 

serum creatinine and potassium (K
+
). These data are presented as boxplots, summarising median 

bias (%), and interquartile ranges. 

 

Median GGT (%) Bias (Fig. 5) was consistently between 0.0 and – 0.10 suggesting that in general 

laboratory measurement of GGT in EQA samples was under the target value. For B category 

laboratories, the pattern was similar (bias (%) 0.0 to – 0.10), but for G laboratories the medians were 

between -0.10 to -0.20 showing an increased and significant negative bias compared to the B 

laboratory time series (Kruskal – Wallis; 
2
 = 61.5, df = 1, p < 0.001). For serum creatinine, the median 

(%) Bias for all laboratories (Fig. 6 - top) clustered close to 0.0, with the exception of time point 14. For 

the combined group of 21 laboratories, creatinine concentrations in EQA samples were close to the 

target value over repeated testing. When separating into B and G laboratories (Fig. 6 – bottom), 

differences were apparent with the general observation that median (%) Bias trended above 0.0% for 

B laboratories, while G laboratory medians were less than 0.0% (again, as exemplified by time point 

14). Comparing B and G laboratories across the 16 time points showed a significant difference 

(Kruskal – Wallis; 
2
 = 74, df = 1, p < 0.001). 

 

Percentage (%) Bias across time for the 2015 EQA for serum potassium showed less consistency in 

general, as well as for the B and G laboratory comparison (although at smaller variance compared to 

GGT and creatinine, ranging from – 0.03 to 0.09 (%) Bias) (Fig. 7). The B category laboratories had 

seven time points where the median was 0.00, with no interquartile range, hence no bias detected 

(although outliers were present). Taking the number of 0.00 (%) Bias, while B laboratories had seven 

time points, G laboratories recorded only 3 time points (3, 14 and 17) at a (%) Bias of 0.00. Apart from 

the EQA time points at 0.00, other results for serum potassium overall and B/G laboratory categories, 

were not consistent, showing median and interquartile patterns above and below the (%) Bias of 0.00. 
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Figure 7 – Median percentage (%) Bias calculated for serum potassium on all laboratories investigated (n = 21) 
(top) and the same laboratories separated into B and G categories (bottom). 
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For these reasons, and similar to the suggestion on K
+
 by Meier et al. (11) regarding effective index 

markers of quality, serum potassium (K
+
) may be the ideal longitudinal EQA marker (see Table 2). 

Achieving a zero percent bias (0.00 %) is possible, as demonstrated particularly by B laboratory 

results (Fig. 7, bottom). When bias variation occurs, it appears sensitive to laboratory results that both 

over- and under- estimate the target value set by the EQA, although this requires further validation on 

EQA data where the target values are provided. Variation due to bias and precision have been 

explored and commented upon by other studies, and emphasise the value of serum potassium as a 

useful quality marker (17, 18). 

 

(ii) Integration of NATA and EQA Data by Machine Learning: NATA and EQA processes provide 

distinct monitoring methods to ensure ongoing excellence for pathology laboratory quality. NATA relies 

upon laboratory inspections and qualitative, categorical results in the form of recommendations 

ranging from no comments (situation satisfactory), observations, minor infractions that require 

attention, to conditions that must be met within a given timeframe to ensure ongoing accreditation. The 

EQA method of quality evaluation is conducted by the RCPA and involves quantitative measures for 

specific assays; namely the ability of laboratories to accurately achieve an unknown target value, 

known to the RCPA-QAP. Individual assay results from individual laboratories are assessed against 

the known target value, and the deviation between the target value and the laboratory results provides 

a source of variation to allow statistical modelling pertaining to quality performance. 

 

A stated aim of this pilot study is to ascertain whether NATA and EQA results can be integrated into a 

single model to achieve enhanced efficiency; namely the earlier detection of poor quality, and the 

detection of poor quality via fewer markers, to ultimately improve efficiency and save money. In other 

words, do NATA results on the laboratory quality meaningfully reflect the EQA results on performance, 

and vice versa? 

 

What follows are the results from a proof-of-concept study, applying the RF machine learning 

algorithm to combined NATA – EQA data. Only RFA was conducted for this study, and not recursive 

partitioning (decision trees) or support vector machines (SVM) as proposed. The sample size was not 

sufficient to run trees or SVM algorithms. RFA was effective since ten thousand individual trees were 

run while “bootstrapping” data within the analysis; namely, randomly resampling during the 

construction of the ten thousand trees from which the patterns were generated (Fig. 8). 

 

NATA reports from 2015 were matched to specific laboratory EQA results (anonymous). The EQA 

results provided data on 16 rounds of assessment over 2015 and included the range of clinical 

chemistry markers described in Figure 4 (UEC, LFT markers and CK). Table 4 summarises the data 

used for the Random Forest (RF) modelling – total (%) Bias for each EQA assay/marker and counts of 

NATA (M) and (C) categories for laboratory management and technical performance over 2015. The 

number of M and C comments reported by NATA inspectors for each laboratory were recorded, the 

median calculated for each class, and high (1) and low (0) categories decided based on the individual 

laboratory counts in relation to the median (Table 4). The following Random Forest analyses (RFA) 

rank the importance of individual EQA assays as predictors of high or low M and C counts, as 
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reflected by the high/low categories described. The results (Fig. 8) also present an estimate of error 

rate (%) in the prediction of M and C category prediction by EQA data. 

 

Figure 8 summarises the RFA results interrogating the question of which EQA assay profiles most 

accurately predict NATA (C - top) or (M - bottom) categories. The y-axis represents the percentage 

(%) Bias calculated for each assay (ALT etc.) across all 21 NSW laboratories (due to small sample 

size, a B versus G laboratory category analysis was not possible). Bias categories (0 = top 20%, 1 = 

middle 20 – 90%, 2 = bottom 90+%) were also tried versus NATA C and M categories – the results are 

presented in Appendix (B). 

 

 

 

Figure 8 – Random Forest model results from the analysis of combined NATA and EQA data collected from NSW 
Pathology B and G category laboratories (n = 21) during 2015. The model assesses which EQA markers best 
predict the number of NATA conditions (C) (top) or minor infringements (M) (bottom). 
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The results of the RFA also included the percentage accuracy in terms of predicting the NATA C or M 

categories via the EQA (%) Bias results, as calculated as an “out-of-bag” (OOB) estimate, and a 

“confusion matrix” that reports the number of correct/incorrect cases predicted by RFA per C or M 

category (Fig. 8). Figure 8 (top) summarises the RF prediction of C category by EQA (%) Bias results. 

An overall error rate of 43% (42.86%) was calculated by the model, indicating successful predictions 

at 57% based on the EQA assay result pattern lead by ALT and serum creatinine. For this RF model 

the prediction of C category (0) was poor, with 56% (0.56) of cases incorrectly predicted (while the 

correct prediction of C category (1) was superior at 67%). The results for C category prediction stand 

in contrast with the identical RFA for M category prediction via EQA (%) Bias results. The overall 

model (Fig. 8 – bottom) recorded an OOB error of 14% (14.29%), conversely indicating an overall 

model accuracy of 86%. Inspection of the confusion matrix shows a prediction accuracy of 90% (0.10 

error) for M category (0), and 82% (0.18 error) accuracy for the prediction M category (1). The leading 

EQA predictors for the M category RFA were GGT and serum K
+
 (mean Gini decrease of > 1.5), 

followed by serum creatinine (mean Gini decrease of ~ 1.0). GGT, serum K
+
 and creatinine featured 

as EQA assays of interest in section (2), and were confirmed in the integrated model presented in 

Figure 8 as of primary interest to monitoring laboratory quality, particularly in tandem with the number 

of NATA M observations. Interestingly, ALT was the leading EQA predictor for the C category model, 

perhaps explaining the poor prediction accuracy. 

 

However, due to the small sample size (namely, data for 21 laboratories), caution in interpreting these 

results is recommended at this juncture, appropriate for a pilot study. The reason for caution is these 

analyses must be repeated on a larger number of laboratories to ensure a robust statistical argument. 

For small sample sizes, the results may simply reflect the relative amounts of variation in the variables 

interrogated by the RFA and other sophisticated statistical models. This can be observed for serum K
+
 

(Fig. 7), with wide variation observed over time, including 0.0% variation in particular circumstances. 

 

Also, these results demonstrate that an integrated model of NATA and EQA data to enhance quality 

predictions was achieved, fulfilling an aim of this pilot study and encouraging a larger, repeat study. To 

further explore the relationships between NATA and EQA detected, ANOVA was conducted to explore 

interactions between GGT (%) Bias and other NATA and EQA variables.  

 

(iii) ANOVA of Integrated NATA plus EQA Covariates: To understand the significance of 

interactions between representative NATA, EQA and general laboratory data, analysis of variance 

(ANOVA) was conducted for the 21 NSW pathology laboratories in the study sample. For this 

example, GGT (%) Bias was selected as the dependent variable, with laboratory type (B or G 

laboratory) added to the model as a fixed factor, and NATA Condition (C) or Minor (M) counts (for 

each laboratory), as well as one or two EQA (%) Bias results included as covariates. Analyses were 

performed using SPSS (version 22.0) as a general linear model. With the addition of covariates, a 

regression modelling (main effects) was also possible in addition to standard ANOVA outputs (Type III 

sum-of-squares). In addition to significance at p < 0.05, effect size was calculated as partial Eta-

square (Eta
2
), and statistical power. GGT (%) Bias was selected as a representative EQA marker due 
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to its role as the lead predictor of NATA M category (Fig. 8), and the less erratic variation over the 16 

EQA test time points (Fig. 5). 

 

Table 4 summarises the GGT (%) Bias model, where B or G laboratory classification was added as a 

fixed factor, and bicarbonate (%) Bias, K
+
 (%) Bias and total counts of M (minor) reports for 

laboratories added as covariates. As a pilot study, this example is used to demonstrate a statistical 

method that proved effective in understanding NATA and EQA data relationships, and reinforced 

results from RFA (Fig. 8). Several combinations of dependent variables and covariates can be 

explored via this method on the current study NSW pathology data set. Future studies will use ANOVA 

to evaluate predictors of serum creatinine and K
+
 (%) Bias variation. 

Table 4 – Between subjects’ ANOVA to explain effects influencing GGT (%) Bias as 

an EQA marker of pathology quality 

Between-Subjects Effects 
for GGT (%) Bias (DV) 

Type III Sum of 
Squares df 

Mean 
Square F Sig. 

Partial 
Eta

2
 

Observed 
Power 

b
 

Corrected Model 1080.14 
a
 4 270.04 30.20 0.000 0.88 1.00 

Intercept 138.20 1 138.20 15.45 0.001 0.49 0.96 

Lab Category (B or G) 22.31 1 22.31 2.50 0.134 0.14 0.32 

Bicarbonate (%) Bias 9.81 1 9.81 1.10 0.310 0.06 0.17 

K
+
 (%) Bias 243.89 1 243.89 27.27 < 0.001 0.63 0.998 

Total NATA M Count * 73.56 1 73.56 8.23 0.011 0.34 0.77 

 

Error 
143.08 16 8.94 

a. R Squared = 0.883 

(Adjusted R Squared = 0.854) 

Total 6812.50 21 

 

b. Computed using alpha = 0.05 

Corrected Total 
1223.23 20 

* Management + Technical (M)inor reports 

DV – Dependent Variable 

 

 

The model summarised in Table 4 had a Levene’s test significance of 0.321 (F = 1.26, df1 = 3, df2 = 

17), indicating equal variance across the model variables. The adjusted R
2
 was 0.854, and hence 

explains 85.4% of GGT (%) Bias variation among the 21 pathology laboratories evaluated by NATA 

and EQA (all 21 laboratories were included in the ANOVA, with the influence of B or G lab category 

assessed as a fixed factor). As suggested earlier, small sample size means that caution should be 

applied for interpretation. 

 

Two covariates were significant at p < 0.02, namely serum K
+
 (%) Bias and the total count of Minor 

reports recorded on NATA inspection, with both variables also recording large effect size (Eta
2
) results 

emphasising their strong influence on GGT (%) Bias. Bicarbonate (%) Bias was added to the model as 

a control anion, which was not significant; in fact, the removal of bicarbonate bias from the model, or 
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replacement with chloride (%) Bias, had negligible impact on the results. Interestingly, the replacement 

of serum K
+
 bias with serum sodium (Na

+
) or calcium (Ca

++
) bias resulted in a poorer model (adjusted 

R
2
 < 0.70), with neither cation significantly influencing GGT. The replacement of Total NATA M Count 

(Table 4) with Total NATA C Count maintained the quality of the ANOVA results, with a small 

reduction in adjusted R
2
. The inclusion of the combined Total M and C counts in place of Total M or 

Total C alone further reduced the adjusted R
2
. Further investigation of the impact of measuring M or C 

NATA results, in relation to EQA performance, requires further investigation with a larger data set. 

 

(c) Conclusions: 
Analyses of NATA reporting focussed on Minor (M) observations and Conditions (C) as categorical 

markers of NSW laboratory performance, and found that technical NATA criteria recorded significantly 

more M and C observations compared to laboratory management NATA criteria. The pattern of 

increased distributions of technical non-conformities compared to management non-conformities 

under ISO 15189:2003 were also observed by Ho and Ho (who reported concerns as “significant” or 

“minor”) during a review of laboratories in Hong Kong (10), supporting the findings from this study on 

NSW laboratories. 

  

EQA data were assessed as the total (%) Bias measure calculated for all laboratories, for each assay 

(Fig. 5), as well as (%) Bias across time for 16 time points representing GGT, serum K
+
 and serum 

creatinine, over 2015 for the 21 laboratories included in this study (Figs. 6, 7). Interesting temporal 

patterns were detected for these three assays, with serum K
+
 proving of particular utility as a sentinel 

marker of laboratory quality, a position supported by other studies (17, 18). ANOVA showed that 

serum K
+
 and the total count (management and technical) of minor (M) observations were significant 

in a model that explained 85.4% of (%) Bias for GGT, demonstrating the close inter-relationship 

between these three variables measured under NATA and EQA schemes. 

 

While sample size was too small to run SVM and decision trees, a successful machine learning proof-

of-concept analysis was achieved via RF bootstrapping, which identified GGT, K
+
, creatinine (%) Bias, 

and NATA M (minor) observations as the leading markers of an integrated NATA and EQA model. The 

RFA was successful because the algorithm allows the re-sampling of the two classes over the 

thousands of decision trees used to calculate the rank of predictors, as well as the prediction 

accuracy. The suggestion that M observations were the potentially more powerful NATA predictor in 

this model derived from the low error rate of M class/category prediction (high number of M 

observations versus low M observation – with a low number of M reports reflecting higher lab quality), 

compared to the identical model for the prediction of condition (C) categories that had a 43% error 

rate, and thus poor accuracy. GGT and serum K+ were the leading predictors of M category (Fig. 8 – 

bottom). Therefore, a preliminary integrated model of NATA and EQA data was achieved via this pilot 

study, which will benefit from a comprehensive future investigation of a full data set from NSW and 

elsewhere. 
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(3) General Discussion: 

The quality of pathology laboratory performance is assessed via two processes, one run by NATA that 

provides written qualitative advice and warnings after a physical inspection of the laboratories, and 

their management and technical processes, and the EQA process that relies on the laboratory 

accurately measuring a range of laboratory assay markers of unknown concentration, with the 

quantitative proximity from the laboratory a measure of quality (as assessed by bias, standard 

deviation and other inferential and descriptive statistics). Both processes provide an excellent insight 

into the quality of pathology laboratories, thus ensuring that the diagnostic information provided to 

health professionals is of the utmost reliability in terms of patient care. With this foundation, an 

analytical system that integrates both sources of quality data suggest the opportunity to enhance the 

efficacy of quality oversight further. 

 

The results presented herein represent a pilot study of 21 NSW pathology laboratories, with oversight 

from NSW Health Pathology. NATA and EQA data were provided for each of the 21 labs, resulting in a 

preliminary integrated model for quality assessment. 

 

Before undertaking the development and analysis of potential statistical/machine learning methods for 

this objective, a systematic review/survey (SR) of the international external quality assurance 

professional and academic literature was performed, including reference to ISO 15189. Over 100 

individual articles were found, presenting as primary research or reviews (e.g. of an individual 

country’s quality performance). The articles varied from hard statistical analysis and the proposal of 

new quantitative models (e.g. Q-Tracks), to written descriptions of procedures. Consistent primary 

data were not always reported, hence the stratification of the articles into various sub-groups prior to 

further investigation (Table 1, Table 3). The broad nature of these articles as descriptive reports 

required text analysis to search for themes relating to pathology quality. Common themes were 

ultimately difficult to find, indicating that in spite of efforts to introduce international harmonisation (e.g. 

ISO 15189), there are few agreed consistent standards internationally that unify this discipline, as 

represented by this literature sample. 

 

Despite this lack of consistency, a sub-sample of articles did share three key words of relevance to 

laboratory quality, those being “root”, “linearized” and “predictor”. On deeper investigation, a significant 

additional sub-group of articles was identified that discussed aspects of “root cause analysis”, in the 

context of detecting or ameliorating problems associated laboratory quality. While not comprehensive, 

the SR found this as the only sign of consensus among the long-term literature as searched in final six 

months of 2016. Root cause analysis (RCA) is possibly an attempt to bring a consistent approach to 

the evaluation of medical laboratory quality, using a systematic approach. While thorough, RCA is not 

as sophisticated as other options for integrated quality analyses available, hence enhancing the 

potential value of the results presented herein. 

 

Machine learning offers a robust mathematical base for the detection of patterns and subsequent 

prediction of outcomes driven by training and testing modalities within the algorithms. Due to the small 

sample size, only RFA (Random Forest analysis) was effective, successfully producing insights into 
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how NATA-generated observations pertaining to laboratory standards link to the quantitative 

assessment of quality via the EQA. The variation in (%) Bias for GGT, serum potassium (K
+
) and 

serum creatinine were strongly linked to the frequency of Minor (M) observations by NATA inspectors, 

and this RFA showed also that this was vastly superior to an identical model predicting the number of 

NATA-reported Conditions (C). When examining the ISO 15189 clauses under the NATA procedures, 

it was found that the most frequent problems occurred as non-compliance for technical requirements, 

in comparison to management, a situation seen also for laboratories in Hong Kong (10). 

 

In conclusion, this pilot study has systematically appraised the international pathology quality literature 

up until late 2016, and found that while there were many excellent insights into questions of 

performance, there was no clear consensus on how to optimise quality assurance across the various 

inspection, monitoring and measurement procedures. Into this void we have developed a preliminary 

machine learning (RFA) centric model with which to assess the relationship between NATA 

observations and EQA performance, as represented by (%) Bias found for assays requested by the 

RCPAQAP. The results indicated that the number of Minor NATA observations were the best measure 

to link to EQA results, and for this study, GGT, serum creatinine and serum potassium (K
+
) were the 

best predictors of M, with an overall accuracy of almost 85% (with poor prediction accuracy for C 

category at around 57%). Other have suggested that serum K+ is an ideal sentinel marker of 

pathology quality (17). The interrelationships between NATA M category, GGT and K
+
 were supported 

also by the results of ANOVA, which resulted in a robust model with an adjusted R
2
 of 85%. 

 

Further validation is required on a larger sample of Australian laboratories, where a comprehensive 

study of laboratory type (e.g. B lab supervised by a G lab) and other EQA markers can be 

investigated. This project has succeeded in developing the quantitative tools to perform such a larger 

study that will eventually introduce new thinking into the monitoring of pathology laboratory 

performance. 
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Appendices: 

 

(A) Summary - Evaluation of the Activity against the Performance Indicators 

(B) Random Forest results – EQA Bias Category prediction of NATA M and C categories 

(C) GGT (%) Bias Descriptive statistics associated with 2 - way ANOVA model (Table 4). 
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Appendix (A) 
 

Evaluation of the Activity against the Performance Indicators - Summary: 

What are the key milestones for this project that will identify that you have 
achieved the objectives of the project? 

Milestone Status - 

July 2016 - February 
2017 

A systematic review of the current literature on external pathology laboratory 
performance assessment and evaluation 

Achieved 

A validation through machine learning algorithms on National Association of Testing 
Authorities (NATA) and Quality Assurance Programmes (QAP/EQA) data subsets 

Achieved 

 

 

Appendix (B) 
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Appendix (C) 
 

Descriptive Statistics - Dependent Variable: GGT (%) Bias   

Lab_Code Total_M.Cat Mean 
Std. 
Deviation N 

 

1 

0 17.525 3.7871 4 

1 10.350 2.4304 6 

Total 13.220 4.6680 10 

 

2 

0 24.317 2.0488 6 

1 12.900 10.8150 5 

Total 19.127 9.1887 11 

Total 0 21.600 4.4061 10 

1 11.509 7.1772 11 

Total 16.314 7.8206 21 

 

 


