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ABSTRACT 
Introduction: recently the Italian Society of Clinical Biochemistry and Clinical Molecular Biology (SIBioC) Big Data 
and Artificial Intelligence Working Group (BAI-WG) conducted a survey to examine technological and information 
technology readiness for developing BAI applications and to investigate laboratory professionals’ knowledge and skills. 
This article examines specific survey questions related to supporting data. These data are visible only by laboratory 
professionals for the purpose of supporting all laboratory processes and, ultimately for the validation of results and they 
can be generally ascribed under the quality management system (QMS).
Methods: the questionnaire, designed by the BAI-WG, was sent to 1351 SIBioC members. The responses were 
evaluated using Survey-Monkey software and Google Sheets.
Results: over 90% of respondents work in laboratories with a QMS in place. The participants consider digitisation of 
QMS as highly advantageous (93%). Nevertheless, computerisation of the QMS is actually often incomplete, and 
the connection between QMS and Laboratory Information Systems (LIS) is usually lacking or missing. Consequently, 
alternative systems, separate from the LIS, have been developed to record various QMS data essential for monitoring 
processes. 
Discussion: the integration of medical data sources is crucial for developing BAI applications. The issue of integration is 
relevant and strongly linked to digitisation. However, algorithms may often consider only reported data, but integration 
should also be extended to supporting data, which could be correlated with clinical and process outcomes. Current LIS 
lack the necessary features for BAI applications and QMS digitisation is still too far behind to allow for real-time control. 
Software vendors should move towards the total integration of health data.
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INTRODUCTION

Recently, the Big Data and Artificial Intelligence 
Working Group (BAI-WG) of the Italian Society of Clinical 
Biochemistry and Clinical Molecular Biology (SIBioC) 
conducted a survey to study the situation of the Italian 
clinical laboratories regarding BAI. This survey aimed to 
examine both technological and information technology 
(IT) readiness for developing BAI applications and 
to investigate laboratory professionals’ knowledge, 
skills, and interest in this rapidly growing field (1). The 
questionnaire received relevant feedback from SIBioC 
members and the results got the attention of the Clinical 

Chemistry and Laboratory Medicine, the official journal 
of the European Federation of Clinical Chemistry and 
Laboratory Medicine (EFLM) (1). Subsequently, a version 
of the study was translated into Italian and published in 
Biochimica Clinica, the SIBioC official journal (2). Indeed, 
the participants’ responses uncovered several important 
barriers to the implementation of artificial intelligence (AI) 
in Laboratory Medicine (LM). These include deficiencies 
in the IT infrastructure, both hardware and software, 
suboptimal accessibility of non-laboratory health data, 
inadequate integration between the different data 
sources, and insufficient skills and knowledge of the 
personnel to carry out projects (1).
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In addition to the previously published results, the 
survey inspected some other specific aspects related 
to supporting data that only laboratory professionals 
have access to. By supporting data, we intend, 
as detailed, all auxiliary data that is intended to 
support all laboratory processes including the clinical 
validation of results; these data  can generally be 
ascribed to the quality management system (QMS).  
It is well known that laboratory data do not represent just 
numbers in themselves, but useful information for clinical 
evaluation (3). In fact, the reported data is only the tip of 
the iceberg. This data is visible outside the laboratory, as 
opposed to all the data we have to deal with as laboratory 
specialists; i.e. the data reported in middleware, 
instrumental alarms and serum indexes, quality control 
data or medical request data, which do not appear in the 
laboratory report but are a necessary support for clinical 
validation. To better explain this concept, we can refer 
to the process approach. According to this approach, 
laboratory organisations have a primary process known as 
the production process, which leads to report elaboration. 
Additionally, there are several supporting processes 
including activities that interact with primary processes, 
enabling them to function adequately, generally pertaining 
to QMS (4). It follows that, transposing this logic to 
data, we can ideally subdivide the data that LM has to 
manage into “noble” data, used to answer the clinical 
question (generally reportable data), and “supporting” 
data, which are all the accompanying information, aimed 
at constructing and making reliable the noble data. 
These fundamental data, apart from being hidden from 
the user/clinician, are fragmented in various laboratory 
programmes and documents. On the other hand they are 
such an important part of the total testing process (TTP) 
that they must be managed through the QMS (Figure 
1). So, beyond the emerging part of the iceberg (noble 
data) there is a whole submerged world of hidden, often 
rich, stratified, sometimes labile or transversal and highly 
informative data, the value of which is only known to the 
LM professionals (Figure 2). 

In the context of BAI applications in LM, we refer 
to data processing. As it is well known, the integration 
of medical data sources is crucial for developing BAI 

applications (5,6). Unfortunately, to date BAI algorithms 
developed on laboratory data may often take into account 
only the reported data. Therefore, while it is undeniable 
that in recent years, there has been a significant 
effort towards multidisciplinary and multiprofessional 
integration to break down ‘silos’ with the aim of promoting 
patient-centred medicine (7), from the perspective of the 
LM, it is necessary that the laboratory data, which have to 
be integrated with the other data, are qualitatively reliable 
(8). Clearly, since before releasing noble data, supporting 
data are required; along with a greater awareness 
of the potential of BAI applications in LM, there is an 
emerging drive to exploit these supporting data and to 
integrate them with noble data, in order to increase their 
informational robustness (Figure 3). Hence, the concept 
of integration has also to be extended to supporting data, 
which cannot be correlated with clinical and process 
outcomes if they are not integrated: with BAI analyses, a 
comprehensive quality assessment should be available, 
not limited to the review of quality controls. Furthermore, 
machine learning (ML) algorithms should be enriched by 
training on datasets including also supporting data (9).

Therefore, one of the aims of the questionnaire on 
the preparedness of Italian clinical laboratories for BAI 
applications, was to ascertain the level of integration or 
integrability of the supporting data with the noble data in 
everyday practice and their potential for exploitation in 
BAI applications (10). Because of the close relationship 
between the collection, integration and thus the analysis 
of these supporting data and the impact they have on 
overall quality management in the clinical laboratory, it 
was deemed appropriate to discuss the answers of the 
survey dedicated to this specific issue the present paper.

Figure 1
The diagram captures how supporting data from additional 
laboratory processes enhances the main flow of patient diagnosis 
and treatment. This supporting information works alongside the 
core reported (noble) data, collectively informing the outcomes 
and improving the overall patient care pathway (outcome). 
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Figure 2
The Data Iceberg of Laboratory Medicine: the diagram 
metaphorically represents the data ecosystem in Laboratory 
Medicine as an iceberg. The noble data, visible above the 
waterline, encompasses the small portion of data included 
in laboratory reports. Below the surface lies a vast array of 
supporting data, which, although not directly reported, are crucial 
for the validation and integrity of the reportable data. These 
submerged data encompass a variety of operational, quality 
control, and process information that underpin the reliability of 
laboratory diagnostics   
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METHODS

The questionnaire was designed by the members 
of the BAI-WG and sent to 1 351 SIBioC members in 
the modalities described elsewhere (1,2) and consisted 
of a corpus of 43 questions, divided into five sections.  

The survey questions analysed in this second paper are 
part of the section “Laboratory data management and 
analysis” and are listed in Table 1. The responses were 
evaluated using Survey-Monkey software and Google 
Sheets.

RESULTS

The questionnaire obtained relevant feedback as 
227 of the 1351 SIBioC members who received this call 
responded to the survey, representing 47% of the 484 
Italian clinical laboratories that were surveyed through 
SIBioC, mostly from laboratories of public hospitals. 
Among them, 30% were laboratory directors. The 
majority of respondents were biologists, followed by 
laboratory physicians and technologists. A number of 
barriers to the development of BAI in LM emerged, both 
infrastructural and software-based, together with a lack of 
competencies, despite the growing interest in the subject. 
The dedicated papers can be consulted  for in-depth 
analysis and discussion (1,2).

As for the issues examined in this paper, 
participants were first asked which data, among 
those useful for the proper functioning of the clinical 
laboratory organisation, currently not recorded 
in the LIS, are most often computer-tracked (185 
responses, more than one entry could be selected).   

Figure 3
The figure illustrates the current paradigm where Big Data 
and Artificial Intelligence applications in laboratory medicine 
predominantly analyze noble (reported) laboratory data. The 
integration of supporting data into the analytical algorithms is 
proposed to enhance the clinical decision support system. Such 
enrichment is poised to refine the decision-making process not 
only at the individual patient level but also broadly in terms of 
test appropriateness, thereby optimizing clinical outcomes and 
resource utilization. 

Table 1
Survey questions discussed in this paper.
Question Options

1. Among the laboratory data not recorded in the Laboratory 
Information System (LIS), which are collected in computerised 
mode?
(several items can be selected)

1.	 None, no other registrations are performed
2.	 None, records are exclusively paper-based
3.	 Handover at shift change
4.	 Internal laboratory communications
5.	 Communications with wards or general practitioners
6.	 Quality controls 
7.	 EQA results
8.	 Indicators
9.	 Non-conformity
10.	 Maintenance interventions
11.	 Inventory management 
12.	 Other, specify__________

2. Does the laboratory have a Quality Management System (QMS)? 1.	 no
2.	 yes, paper-based
3.	 yes, computerised
4.	 yes, paper-based and computerised
With answer 1=”no” or 2=”yes, paper” skip question 3

3. Are the computerised data of the QMS integrated with the LIS? 
(integration with the LIS means both the connection between the 
LIS and the possible software/system managing the Quality System 
and the direct recording of data on the LIS)

1.	 no
2.	 yes, totally
3.	 yes, partially

4. How useful do you believe/would you consider the digitisation of 
the QMS would be?

Please enter a score from 1 to 4
(1: not useful at all; 4: completely useful)

5. How useful would you consider the management of the QMS on 
an internet platform accessible from all desktop and mobile devices?

Please enter a score from 1 to 4
(1: not useful at all; 4: completely useful)
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In order of frequency the following were given: data relating 
to internal quality control and external quality assessment 
(EQA) programmes, followed by those relating to inventory 
management and the recording of non-conformities.  
In some cases, maintenance work, internal laboratory 
communications and quality system indicators are also 
computer-tracked. A small group also digitally registers 
communications with wards or general practitioners 
(GPs) and shift-change handovers. A small part of the 
respondents report that no further records are made 
in computerised form, but only in paper form, while in 
another small group of laboratories there are no records 
other than the data stored in the LIS (Figure 4).

 In over 90% of the cases, the laboratory has a QMS 
(167 out of 185 answers to this question); this, in the 
majority of cases is only partially computerised (60%), 
while it is completely computerised in just over 20% of the 
cases and, on the contrary, in another 20% it is completely 
paper-based. Concerning the integration between 
computerised QMS data, including registrations, and LIS 
data, only 11% of the respondents benefit from a total 
integration, another 32% report a partial integration, while 
in 57% of the cases the QMS data are not integrated at 
all with the LIS data (76 out of 134 responses). Almost 
all respondents believe that digitisation (92%) of the 
QMS (169 out of 183 responses to this question) and the 
use of a web platform accessible from all desktop and 
mobile devices (93%) for this purpose (171 out of 183 
responses) could be very beneficial.

DISCUSSION

In the previous papers, reporting the results of the 
survey conducted in the Italian clinical laboratories, 
a number of barriers to the development of BAI in LM 
were reported, including inadequate infrastructures, 
insufficient speed and volume of data extraction from 
LIS, and inadequate integration between data sources 
(1,2). Together with the lack of specific education, which 
was found also by Paranjape et al. in a survey conducted 
among stakeholders in laboratory medicine (11), these 
barriers pose challenges to AI implementation in the 
clinical laboratories. Furthermore, the issue of integration 
is relevant and strongly linked to digitisation; in particular, 
it is necessary to take into account the fact that in the 
microcosm of the LM there are innumerable unreported 
data that have a valuable information potential.  

This part of the survey, exploring the state of 
the art of QMS in Italian laboratories, offers relevant 
findings to be considered, especially for planning 
future implementation of laboratory software. Firstly, 
the great majority of respondents work in laboratories 
with a QMS; this fact reflects the increasing need of 
digital tools for the management of supporting data. 
Nevertheless, a computerised QMS is lacking in 60% 
of respondents. Consequently, many Italian laboratories 
have had to develop alternative systems, separate 
from the LIS, to collect and record various QMS 
data essential for monitoring laboratory processes.  

Figure 4
The figure presents the proportion of laboratory data that is computerized but not captured by the Laboratory Information System 
(LIS), as reported by survey respondents. It highlights the varying degrees of digital record-keeping for different categories of 
laboratory data that remain outside the competence of the LIS. 



CONTRIBUTI SCIENTIFICI SCIENTIFIC PAPERS

50           biochimica clinica, 2024, vol.48, n.1

Incidentally, it should be noted that, unlike the current 
LIS, there is a lack of software developed specifically 
for laboratory QMS. Therefore, even if the QMS is 
computerised, most applications are designed to meet 
the requirements of ISO 9001 without taking into account 
the specific needs of the laboratory. 

The participants demonstrate a positive attitude 
towards the digitisation of QMS, as they perceive the 
potential for it to be placed on a modern web platform 
accessible from both fixed and mobile devices as highly 
advantageous. Nevertheless, the present situation 
reveals that the computerisation of the QMS is often 
incomplete, and the linkage between the QMS and the 
LIS is usually absent. Thus, QMS is separated from 
LIS, both logically (different functions) and digitally 
(the various QMS software and databases, when there 
are any, are different and separate from the LIS). This 
piece of information deserves special consideration, 
as it underlines a lack of integration between the main 
data produced by the laboratory (patients’ results) and 
the supporting data, and it could be of great concern for 
data generalizability and usability, as well as for reducing 
costs. 

Moving from digitisation to a real-time QMS

While the need to keep the specimen and report flow 
under control has been driving towards digitisation for a 
long time now, and LIS have been present in all laboratories 
for decades, we have seen a delay in the computerisation 
of QMS. For many years ‘computerising’ QMS has 
primarily meant scanning documents and collecting them 
in folders, possibly shared in a company repository or, 
more recently, in a cloud system. This certainly makes it 
easier to keep track of the often-extensive documentation, 
which constitutes the ‘static’ part of the quality system. 
Additionally, digitisation allows documents to be stored 
in a single, traceable original copy, to be easily retrieved 
and disseminated to staff. However, it is even more 
evident that computerisation and digitisation should no 
longer be regarded as a mere digitisation of documents. 
Indeed, digitisation of documents is a process mimicking 
the paper registers, while electronic QMS databases 
present several advantages, resulting for instance from 
the collection of structured data, which is vital in the BIA 
universe. Today, modern database systems offer real-
time data recording and analysis, facilitating immediate 
visualisation of outputs in dashboard form (12). These 
data processing methodologies should overcome the 
difficulties of maintaining the system under control on 
paper-based records or  alternatively,  made by systems 
that do not allow for immediate data analysis, with the 
consequence that monitoring does not actually take place 
in real-time, unlike what happens on a daily basis with 
internal quality controls. Thus, monitoring indicators are 
obtained with a delay with respect to the occurrence of 
a problem and, consequently, the overall process control 
cannot take place in real-time. The additional value of 
modern databases is really understood by laboratory 
personnel, since 92% of them confirmed their positive 
feedback in digitised QMS. 

As previously hypothesised by some authors (13), 
in order to have a truly integrated management with the 
BAI applications, the LIS should be the sole software 
collector of all noble and supporting data generated in 
the laboratory. 

Many of these supporting data, appropriately used, 
would also allow benchmarking between different 
laboratories, e.g. through quality indicators (14-19); in 
contrast, the participation of laboratories in data sharing 
was low (20). Possible causes include difficulties with 
manual, rather than computerised, data collection, since 
integration between LIS and QMS is usually lacking 
(17,21).

Why current LIS are inadequate for BAI 
applications

 Theoretically, LIS is not changed more often than 10-
20 years because this involves a huge effort (and cost) 
for the laboratory (22), but with the disruptive evolution of 
technologies, this concept should be definitively revisited 
if we want to benefit our laboratories: working with 
outdated software is a limitation to collecting, analysing 
and managing the quality data needed to meet the 
requirements of ISO 9001 and 15189 (23-24). Moreover, 
in order to develop AI algorithms that can support in 
improving diagnosis, assessing risk and prognosis, or 
identifying disease subtypes or personalising therapy, 
it is first of all necessary to have large integrated 
multidisciplinary datasets and tools that are able to extract 
even non-numerical content (25). In this, LM has greatly 
increased its potential given the enormous amount of data 
collected on a daily basis, which in the past would have 
been lost, and it would have even more potential if LIS 
were up to date with the current need to have datasets 
in accordance with the five Vs that characterise Big Data 
(volume, value, variety, velocity, and veracity) (26).

Several years ago, for example, it was described 
as a feature of the ‘ideal LIS’ that it could interface with 
instrument performance data, temperature monitoring 
systems, water quality parameters, environmental 
measurements and other data relevant to good laboratory 
practice and necessary for the periodic documentation 
required by certification and accreditation bodies (13). 
The authors further hypothesised that the LIS could 
manage EQA programmes, from inventory control of 
materials for verification testing, to documentation of 
reports and investigation of possible errors, with the 
possibility of online review and certification of results 
by relevant management personnel. Ideally, interfacing 
with external providers of EQA programmes should 
enable seamless data transmission (13). Nowadays, 
there has been progress towards computerisation as 
the data can be found on the providers’ websites, but 
the problem of integration with LIS data and internal 
quality control data remains. In essence, the LIS 
should manage accreditation requirements online, 
including the preparation of appropriate documents, 
capture and manipulate all required data, with links 
to quality policies, procedures and other relevant 
electronic documents as proof of compliance.  
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In addition the life cycle of the supporting data often does 
not correspond to that of the noble data, since, being 
on separate platforms, only the noble data have been 
safeguarded and archived in the long term over time, 
while the middleware data archiving sometimes tends 
to undergo losses, e.g. when changing technology or 
after the saturation of memory archives. On the other 
hand, any data currently stored in the QMS software or 
not transferred from the middleware to the LIS should 
be gathered by the LIS, serving as a unified repository 
of laboratory data, as described in the next section, and 
managed with ML techniques to improve diagnostic 
algorithms.

Software integration enables real-time gathering 
and utilisation of data

If our previous papers pointed out a disparity 
between the current and desirable state of software, 
hardware, data warehousing, knowledge and skills as a 
requirement for BAI development (1,2), the integration 
and use of supporting data can be found in an even 
more critical situation. To achieve integration in LM, we 
need to link and combine the information within a single 
laboratory software, including the LIS, middleware, 
instrument management software and QMS software. 
BAI applications will be called upon to manage the 
laboratory’s QMS data and integrate it with the noble 
data, just as they are required for all healthcare data 
now. Hence LM must aim towards the development of 
LIS systems that allow full integration and represent 
direct quality management tools of the TTP (27). These 
systems should provide data in a format that can be 
analysed in real-time by ML technologies to perform real-
time process control (28). Furthermore, LIS improvement 
must serve not only to ensure data quality for algorithms’ 
development, but also to provide those large datasets in 
which to externally validate these algorithms and prove 
that they are not biased, thus enabling them to become 
supportive of medical practice (5,6). In the future, models 
will need to be trained with large, high-quality datasets; 
this is a prerequisite for AI applications to provide reliable 
and relevant information to address clinical utility criteria 
in improving patient care (29).

CONCLUSIONS

This study highlights an important gap between the 
requirements for the development of BAI in TTP and the 
current laboratory situation. Consequently, it represents 
a first starting point for further investigations and for 
suggesting to software vendors to move towards the total 
integration of health data, in order to lay the foundations 
for a real application of BAI methodologies in the future 
of LM.
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