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A B S T R A C T

Artificial intelligence (AI) and data science are rapidly developing in healthcare, as is their translation into
laboratory medicine. Our review article presents an overview of the data science domain while discussing the
reasons for its emergence. We also present several perspectives of its applications in clinical laboratories, along
with potential ethical challenges related to AI and data science.

1. Introduction

The potential of health data to stimulate the development of pre-
cision medicine is enormous [1–3]. Data science (DS) has begun to
provide a new set of tools that will leverage enhanced laboratory
medicine and reinforce its value in a continuously transforming
healthcare ecosystem (Fig. 1). DS is a human-centered activity dedi-
cated to the principled extraction of knowledge from complex data with
the aim of generating further insights [2]. It is a general field encom-
passing artificial intelligence (AI), data capture and management, ad-
vances in databases, and computing infrastructures (e.g. local, dis-
tributed, or graphical processing units [GPUs] and the combination of
conventional processors).

AI is a field of computing science that can be encompassed by DS. It
is devoted to mimicking the human thought processes and behaviors
used to make decisions or take actions [3]. AI employs quite different
mathematical and algorithmic approaches, from operational research to
constrained programming, and is therefore at the crossroads of neuro-
computing, statistical inference, pattern recognition, data mining,
knowledge discovery, and machine learning (ML) [4].

As a subfield of AI, ML is built upon statistical and optimization
concepts. It can be described as the development of computer programs
that learn from experience with respect to task and performance

measures [5]. Both DS and AI have already been shown to be beneficial
with regards to weather forecasting, face recognition, natural language
processing, collaborative recommendations, improvement in industrial
processes, and analyses of financial transactions [6,7].

As a specific feature, ML programs are able to adjust themselves
when exposed to new datasets, i.e. “learn” without being explicitly
programmed. Typically, they are designed to find patterns, trends, and
associations; to discover inefficiencies; to learn and become better; to
execute plans; to predict future outcomes based on historical trends;
and to inform fact-based decisions [4]. ML is generally categorized into
two types: supervised and unsupervised [8]. Supervised learning adapts
a model to reproduce the known output from a training set, whereas in
unsupervised learning, there are no outcome variables to predict. Sev-
eral studies have compared the performances of these two learning
techniques, notably in the process of gene selection or for identification
of prognostic factors in patients with localized retroperitoneal sarcoma
[9,10].

These techniques differ from automated procedures, such as com-
puterized chess games where actual chess rules are encoded into the
program. ML frameworks require (i) a definition of the task to accom-
plish (e.g. predict the amount of rain tomorrow), (ii) a performance
metric to evaluate how “good” the model resulting from the ML setting
will be (e.g. the square of the difference between the rain forecast in mm
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and the actual number of mm of rain), (iii) a search space/family of
models for potential models to be learned (e.g. a neural network or
much simpler: a linear regression), and (iv) most importantly, a set of
examples for which the predictions to be made are already known (e.g.
actual mm of rain for a series of days coupled with candidate predictors
like pressure, temperature, altitude, latitude, longitude, or sea proxi-
mity).

The actual model is not programmed by the human programmer but
learned by the ML framework based on the specifications it has, e.g. find
a linear model that will output the lowest square difference between
rain prediction and actual rain based on a limited set of examples.
Historically, playing chess via AI required expert knowledge (the rules
of the game) and did not necessarily require data. Currently, however,
AI and particularly ML do not require explicit rule descriptions or ex-
pert human knowledge to gain impressive playing capabilities provided
a sufficient amount of data (number of played chess games) are avail-
able to the artificial learner.

In the field of healthcare, DS has demonstrated success in image
analysis in radiology, pathology, and dermatology; genomics analysis
for accelerating diagnosis speed; improving accuracy paralleling; and
enhancing medical expertise [12,13]. The market size of DS in
healthcare is expected to grow 10-fold by 2021. The “big data” market
in healthcare was estimated to be $14.25 billion in 2017 and could
exceed $68 billion by the end of 2025 [13].

The potential of scalability could cover a broad spectrum of appli-
cations that AI could perform, such as robot-assisted surgery, virtual
nursing assistance, administrative workflow assistance, fraud detection,
reduction of dosage errors, integration of data from connected instru-
ments and sensors, identification of potential participants in clinical
trials, aiding in the formation of preliminary diagnoses, automated
image analysis, nutrition support to treatment, and cybersecurity
[12–14]. DS and AI clearly have the potential to revolutionize labora-
tory medicine in the very near future.

Moreover, considering the growing quantity and diversity of data to
which healthcare professionals are exposed (e.g. imaging, biology,
genomics, proteomics, clinical observations, and personal and en-
vironmental records), DS will no doubt prove useful for holistic inter-
pretation of this wealth of information. In this review, we present
several applications of DS in laboratory medicine. We also review the
ethical challenges inherent in the implementation of DS into healthcare.

2. Why now?

To work properly, ML approaches require three key ingredients:
learning algorithms, computational power, and data. ML algorithms
were first developed several decades ago due to the interest in neural
networks in the 1980s. Since then, numerous variants of decision tree-
based approaches and kernel methods (namely support vector ma-
chines) have been developed and thoroughly documented. The more
recent focus on deep learning is merely a resurgence of neural networks
specifically adapted to image processing.

The increasing clinical interest and use of neural networks can be
highlighted by the detection of cervical cancer. Cervical cancer is a
common gynaecologic malignancy. Intelligent and objective classifica-
tion of cervical samples (PAP smears) based on the use of convolutional
neural networks are able to support pathologists for their diagnoses.
Kudva and co-workers [15] reported a diagnostic accuracy close to
100% for such automated systems. The added value of decision-support
scoring systems based on artificial neural networks for the prediction of
histological diagnoses in women with cytological abnormalities when
compared with the use of tests alone has also been evidenced [16]. In
another study, Wu and co-workers reported an improvement of 3.85%
when using augmented images as input data for the model [17]. An
improvement in the prediction of adverse events caused by radical
hysterectomies in cervical cancer patients using neuronal network
classifiers of gene expression programming has also been documented
with a prediction accuracy of more than 70% [18].

From a scientific perspective, while active research is still ongoing,
this field pertaining to neuronal network classifiers is clearly maturing
and its results, e.g. typically predictive models for cancer diagnosis, can
now easily be integrated along with more general DS solutions into
graphical interfaces like desktop or mobile solutions.

Enormous computational power is needed to solve optimization
problems such as the objective function of the learning tasks or per-
formance solvers to optimize the objective function for these standard
measurements, which are the essence of these learning algorithms. As
local machines that potentially combine central processing units (CPUs)
and GPUs (which are better than CPUs at accomplishing certain com-
putational tasks) with a large amount of memory and immense cloud
computing infrastructures (e.g. Amazon's AWS; Microsoft Azure; and
IBM's, Google's, and OVH's cloud infrastructures).

Since the early 2000s, the possibilities for patient monitoring have

Fig. 1. From data to augmented laboratory medicine, the potential and challenges of artificial intelligence.

D. Gruson, et al. Clinical Biochemistry 69 (2019) 1–7

2



become incredibly diverse (e.g. sensors for continuous measurement of
glucose, use of the internet of things for tension or weight collection),
resulting in a real deluge of data. There are numerous types of these
data, including structured clinical and environmental data, as well as
huge volumes of data from DNA (and many epigenetic modifications),
RNA (in various forms, such as messenger, long non-coding, or double-
stranded), proteins, and metabolome and microbiota analysis.
Accessing these huge volumes of data is not always easy, however, due
to a lack of standardization (different medical software products used;
structured vs. unstructured data; differences in syntax, ontology, and
terminology for describing similar observations), legal challenges (is-
sues about privacy), financial limitations, and ethical concerns.

These may constitute the last remaining obstacles to the deployment
of DS approaches in healthcare. Some of these issues can be addressed
through technical developments, for example, distributed learning now
enables predictive models to be built in a centralized way without di-
rectly accessing the data [19,20]. When several hospitals or hospital
departments agree to collaborate but cannot share their databases, the
learning algorithm post requests for specific statistical data summaries
within each data silo. These silos process the query and provide the
summarized/computed values requested.

The central learning algorithm can build a strictly equivalent model
or, depending on the approaches, an approximation of the model it
would have built if all datasets had consolidated locally. This scheme
fully complies with data privacy and addresses standardization issues to
an extent given that each silo might implement the requests in a specific
way. These approaches require an intense use of network communica-
tions when training the model, which is then reduced after the model is
built.

There is a clear trend towards a higher integration of DS approaches
into healthcare practices and the provision of improved decision sup-
port systems to assist physicians and laboratorians. Clinical laboratories
will actively be engaged in this process as they represent a major source
of healthcare data [12,21].

3. Off-the-shelf or tailor-made?

As cloud computing infrastructures have developed, numerous off-
the-shelf ML frameworks have been proposed to the growing number of
non-data scientists. These include Mahout from Apache [22], which
was built on top of Hadoop distributed computing and uses the Ma-
pReduce paradigm, Amazon machine learning (AML) [23], and Ten-
sorFlow from Google [24]. There is great temptation to use these tools
as black boxes, although ML requires a lot of fine-tuning and expertise
to deliver relevant and robust results.

An example is setting the performance evaluation at the time of the
experimental design with the aim of avoiding overly optimistic con-
clusions due to either over fitting or selection bias. Biases usually occur
when the performance evaluation is determined using the same dataset
employed to train the models. This was the case in a well-known study
that focused on a breast cancer prognostic model based on a tran-
scriptomic signature [25,26]. The authors validated the performance of
their solution using a cohort that comprised one-third of the patients
from the original cohort employed to identify the markers and build the
predictive model. Selection bias has similarly been discussed in various
publications [27,28].

Some mathematical aspects of ML should also be mentioned. Each
model corresponds to an optimization problem and by default, the
models in most ML libraries are designed to optimize the efficiency of a
task (e.g. the ratio of diagnostic cases correctly predicted). Prediction
tasks are rarely balanced in daily practice, however, and the incidence
of a disease is often rather small compared to the whole population.
Therefore, to optimize their accuracy, models tend to classify most, if
not all, samples as being in the majority class, which ironically does not
result in a good predictive model. For example, if arthritis affects 1% of
the population, a model predicting that all individuals have no arthritis

is totally irrelevant, despite its 99% accuracy.
Redesigning the optimization problems therefore requires specific

mathematical and programming expertise. Several approaches have
been proposed to improve the treatment of unbalanced data and the
efficiency of algorithms, such as imputation, downsampling, and up-
sampling [29]. Imputation assumes that the actual data distribution is
known, which is rarely the case, whereas downsampling reduces in-
ference capabilities. Similarly, depending on the mathematical form of
the models to be learned, upsampling does not necessarily represent a
gain in inference capabilities.

Another temptation is to always apply the same model if the user
has mastered it or finds it convenient for interpretation purposes. It has
been shown, however, that there is no such thing as an ever-winning
ML model type (this constitutes the “No Free Lunch” theorem) [30].
One must compare different model types for each case at hand. For
relevant and robust results, it is better to rely on tailor-made ap-
proaches designed and implemented by specialists. In turn, these spe-
cialists may rely on convenient ML frameworks and adjust them to
further improve productivity.

4. Application perspectives

4.1. Processes and care pathways

The complexity of laboratory processes and the challenges asso-
ciated with their integration into care pathways are evident. DS is re-
cognized for improving complex analytical tasks and flows in the la-
boratory domain. Therefore, DS could be used to examine data in real
time and calculate and simulate the most efficient operational and
clinical pathways. This avoids redundancies and provides the oppor-
tunity to adjust faster with minimal supervision.

Applying DS to the datasets of laboratory pathways and processes
could enable supervisors to predict certain scenarios, adapt to them,
and optimize task management. The translation of DS to laboratory
operations and healthcare pathways offers the opportunity to mimic
activities, redesign processes, and apply several process improvements
based on next-generation technologies that assist laboratory staff
members by removing repetitive, replicable, and routine tasks.

DS represents a shift towards the proactive management of pro-
cesses and operations that are likely to reduce costs, increase the ben-
efits of automated systems, optimize asset management, improve op-
erational performances by identifying areas of downtime, enhance the
use of reagents, improve the efficiency of staff resources, and/or reduce
energy costs. DS is a crucial element in the application of intelligent
process automation and smart workflows to laboratory medicine. It is
key to the efficient integration of laboratory services, which provide
optimized care pathways that benefit patients [31].

4.2. Laboratory test ordering and interpretation

With the current need to utilize healthcare resources more effi-
ciently, the ordering of imaging and laboratory services requires im-
proved control. DS can be used to assist physicians with imaging and
laboratory test ordering based on the differential diagnoses provided.
With proactive management of imaging and laboratory test orders
provided by DS, the potential to improve patient safety, avoid un-
necessary testing, and ensure the right tests are ordered for the right
patient is huge.

In addition to improved control of laboratory test ordering, DS can
trigger alerts when abnormal results occur. The development and va-
lidation of a dynamic, patient-tailored method designed to detect ab-
normal laboratory test results has previously been reported [32]. DS
may also be used to facilitate the interpretation and integration of
clinical data and laboratory tests in critical diseases, with the example
of syndromic approaches in transmissible disorders requiring the ana-
lysis of complex datasets of multi-omics results [33,34]. The
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development of cognitive programs through DS will likely impact la-
boratory practices and test ordering and interpretation by applying
natural language processing to integrate the up-to-date information,
evidence, and guidelines coming from the rapidly expanding scientific
literature [14].

4.3. Data mining, early diagnosis, and proactive disease monitoring

There is the possibility of real-time data mining, curation, and in-
tegration (patients' histories, clinical records, ongoing medications and
treatments, results of imaging and laboratory tests, etc.) with DS tools.
Such data integration could join-up fragmented care records, resulting
in increased patient safety and fewer medical errors. DS could also
speed up the process of identifying patient clusters by digging deep into
electronic records [35].

The integration of data combined with medical expertise could shift
the paradigm of diagnosis, patient risk estimation, and treatment se-
lection. The potential of data mining in laboratory information systems
is clear. The continuous expansion of these databases generates strong
interest in the application of powerful deep-learning methods for ana-
lyzing these data and improving patient diagnosis and risk estimation
[36]. Improvement in outcomes has already been achieved in cardio-
vascular medicine using ML [37,38]. DS technologies have been applied
in cardiovascular medicine to explore novel genotypes and phenotypes
in existing diseases, improve the quality of patient care, enable cost-
effectiveness, and reduce hospital readmission and mortality rates.

Intelligent decision support has therefore been proven useful for
diagnosing cardiovascular diseases and assisting clinical decisions [39].
The impact of applying DS to decision-making systems involving mul-
tidisciplinary team decisions to avoid potential mistakes in selected
cases has been documented. Buzaev and co-workers [40] reported the
use of a neural network model to assist the choice between coronary
aortic bypass surgery and percutaneous coronary intervention. This
selection system relies on a registry with significant factors, decisions,
and results obtained through DS processing.

Enhanced risk estimation using DS tools is likewise a reality in
cardiovascular medicine [38]. The Framingham Heart Study showed
that integrated genetics and epigenetics can improve the prediction of
coronary heart disease by means of methylation analysis and the
mapping of risk factor signatures [41]. ML methods have likewise been
applied in the Swedish Heart Failure Registry with the aim of improving
the ability to risk-stratify heart failure patients [42]. In this study,
cluster analysis identified four distinct phenotypes that significantly
differed in both outcome and response to various therapies, thus opti-
mizing personalized care for heart failure [42].

Other studies have shown that ML could be used to predict the risk
of bleeding from esophageal varices in children with hepatic impair-
ment [43]. The risk-scoring algorithm identified varices grade, fi-
brinogen level, and red spots, out of several dozen clinical and la-
boratory parameters, as potential determinants of bleeding risk in these
patients. When appropriately combined with a mathematical model,
the algorithm accurately predicted variceal bleeding in about 85% of
the patients, enabling at-risk pediatric patients to be prioritized for
urgent liver transplants. These results have been validated on an in-
dependent patient cohort, with an online application developed
(http://hrs2c2.com).

Other examples can be found in the oncology domain. A recent
exploratory study was performed to develop and assess a prediction
model based on anthropometric data and routine blood analysis para-
meters, which can potentially be applied as a surrogate biomarker of
breast cancer [44]. The study concluded that support vector machine
models using glucose, resistin, age, and BMI as determinants could
predict the presence of breast cancer in women. These findings pro-
vided promising evidence that such parameters can be powerful, in-
expensive, and effective tools for identifying potential cancer bio-
markers. Clearly, in order to apply optimal DS algorithms, each

experiment or case requires some understanding of the problem in
terms of medical impact, outcomes, and statistical features.

4.4. Personalized treatment and clinical trials

Molecular biomarkers and pharmacogenetics tools can predict drug
efficacy and treatment responses in patients; these are crucial compo-
nents for the advancement of precision medicine [33,45]. In this field,
DS is relevant at several levels. First, the identification of genetic var-
iants and molecular factors can be optimized by data mining the in-
creasing amount of literature and databases [33]. Second, the devel-
opment of DS-based algorithms can contribute to the translation of
harvested evidence into the daily practice of physicians and pharma-
cists. Identifying and offering new treatment options is extremely
challenging, but in this context DS could facilitate identification and
utilization of molecular disease pathways, leading to new and specific
therapeutic targets.

In a more prospective context, DS could improve the identification
and enrollment of subjects into clinical trials [38]. The identification of
patients matching the trials' eligibility criteria could be improved by
using structured data, thereby automating the trial screening process,
creating databases of clustered patients, and developing more custo-
mized trial materials. The integration of DS with laboratory records and
biobanks may also contribute to identifying potential participants for
trials.

5. Data privacy

There are several challenges associated with the translation of DS
and AI into daily practices. The use of data means the collection and
sharing of data with potentially sensitive information between health-
care professionals and researchers. This has generated major concerns
about privacy [46,47]. Privacy was defined as a fundamental human
right in the Universal Declaration of Human Rights at the 1948 United
Nations General Assembly [48]. The question of privacy impacts the
adoption of AI and ML tools, with the rate of adoption remaining re-
latively slow [49]. Our community and our patients should therefore be
aware of the ways in which their privacy could be compromised and of
the potential sources of privacy breaches.

Major progress is being made in terms of data protection, de-iden-
tification, and encryption, however [46,48]. To combat privacy chal-
lenges, laboratories, hospitals, scientific societies, and governmental
agencies must provide guidance, education, and training to healthcare
professionals, patients, and helpers alike [50]. Legal frameworks are
evolving, allowing us to gain better control of these issues, e.g. the re-
cent European General Data Protection Regulations [49].

6. Ethical considerations: towards the positive regulation of DS in
healthcare

DS and AI trigger major ethical concerns and questions regarding
the ability to disseminate their benefits in an equitable manner [1,51].
Joint actions are required to pave such a challenging route and en-
courage their adoption by the clinical community. Several regulatory
and ethical frameworks have been proposed. For example, the Ethics
Committee of the American College of Epidemiology warns of the im-
plications of big data and computing, the fallacy of “secondary use” of
data, and the duty of citizens to contribute to big data. This committee
also emphasizes the need for balanced perspectives that allow safe-
guards to be provided for individuals without handcuffing research
efforts to improve the health of the population [51].

Char and co-workers have recently addressed the ethical challenges
associated with implementing ML in the healthcare domain [52]. They
underlined several key points, such as the need to avoid bias (e.g. racial
biases in the delivery of healthcare or tampering with the allocation of
scarce resources, such as organs for transplantation for patients with
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neurodevelopmental delays or those with certain genetic profiles) and
preventing any intent behind the design of ML systems that could create
ethical strain, e.g. the car industry using certain algorithms to enable
vehicles to pass emission tests [52]. They also point out the need for the
active involvement of healthcare workforces in the construction of ML
systems so that they are built to the most recent ethical standards that
guide the healthcare sector [52].

Multidisciplinary sharing of information is mandatory for success
when implementing ML in the healthcare domain. Accordingly, the
EthiK IA brought together a team of researchers and professionals from
the algorithmic and healthcare sectors to work on the regulation of AI
and robotics [53].

Their operational objective was to ensure that France and the
European Union were at the forefront of the development of several AI
soft regulations in accordance with the requirements of an advanced
democratic society. This approach aimed to unite the actors of research
and management in the ethical, legal, and social regulations of the
deployment of robotization and AI in the health and medico-social
fields. It relied on the work already undertaken in the framework of the
Sciences-Po Paris Healthcare Chair and the Paris-Descartes Healthcare
Law Institute.

In the context of the review process of bioethics' laws, the principles
of positive regulations for the deployment of innovation will have to be
identified [53,54]. Five keys to the regulation of AI and robotics in
health have already been identified and are designed to help authorities
reduce the minimum requested level of formal legislation. The appro-
priate tool to nurture AI innovation in healthcare is obviously soft law.

6.1. Key 1: patient information and consent

The framework proposes that the patient must be informed prior to
the use of any AI technology in the course of their care. The AI device
should not replace the collection of the patient's consent. Specific
modalities such as the use of a trusted person, prior aids for a range of
care options, or enhanced protection for the vulnerable must, where
appropriate, be arranged to ensure the effectiveness of the collection of
this consent. There is currently no more obligation to request informed
consent for the use of AI than there is for the use of any drug.

Specific AI applications will fall under the category of “healthcare
product (treatment/in vitro diagnostic device/medical device)” and
follow the same rules for market clearance. If an AI-based diagnostic
tool is proven to correctly diagnose a certain disease and is satisfactorily
validated through a clinical trial, how different will it be from any other
IVD device? The recent European regulations on IVDs explicitly in-
cludes software applications in their scope, meaning the possibility of
extension to DS-derived tools. Nevertheless, it might be useful to en-
hance the level of information and thus the autonomy of patients re-
garding these new developments.

6.2. Key 2: AI human warranty

The principle of human warranty of AI in healthcare must be re-
spected. This warranty should be ensured by the regular verification
(both targeted and random) of the management options proposed by
the AI device and patients and health professionals should be able to
request a second opinion from a human medical expert. This second
opinion can be implemented via telemedicine devices if necessary.

6.3. Key 3: graduation of regulation according to the level of sensitivity of
healthcare data

According to the principles of bioethical law, the regulation of the
deployment of an AI device for the processing of large quantities of
health data must be graduated according to the sensitivity of these data.

6.4. Key 4: accompaniment of the adaptation of healthcare professions

The implementation of DS-based devices for data processing or ro-
botization in healthcare should not prevent the application of ethical
principles. Instead, new principles applicable to the health professions
using these devices should be implemented. The resources saved with
the increase in efficiency achieved by the deployment of DS in
healthcare could be used to finance the training (both initial and con-
tinuous) of professionals. The definition of competences and qualifica-
tions to acquire will also be mandatory.

6.5. Key 5: need for independent guidance

An independent guidance group must be implemented to examine
the efforts made to promote the four keys outlined above. Such a
concept has been widely spoken of in the public debate surrounding the
practical applications of human warranty to AI. In a more specific do-
main, EthiK IA presented, in cooperation with the teams of the
Hospitalo-University Institute Imagine, a prototype of the appropriate
use of AI applied to genomic data [26]. The reasoning is fairly simple:
its aim is to establish a “perimeter of sensibility” with increased safety
rules, within which data processing (and in particular the crossings
between genomic and given phenotypic data) can be significantly fa-
cilitated.

This prototype establishes the first stage of defining the segments of
data and sensitive data processing as it proposes a framework in which
the application of DS must be the object of strengthened protection. The
objective of forward standardization is to devise a reference frame like
the hazard classes (P1–P4) for biosafety implemented for laboratories.
From this perspective, genetic data can be considered as a possible
domain where a higher level of protection should be implemented due
to the risk of healthcare data capture by a non-specialized AI.

7. Concluding remarks

The use of DS and AI is increasing and this will contribute to the
transformation of laboratory medicine. These technologies carry the
potential to address unmet clinical needs by enhancing personalized
patient care and improving the efficiency of laboratory processes and
care pathways. Such evolution is in its infancy, however, and the bal-
ance between usability and desirability remains a matter of concern.
Multiple challenges are paving the way prior to a transfer of these
concepts into clinical practices, such as recovery plans and validation.

As for other laboratory activities and medical devices, continuous
operation and care continuity will have to be guaranteed. In the high-
velocity data environment, efficient back-ups and the redundancy of
servers in off-premises locations are critical for minimising potential
downtime and restoring data, operating systems, applications, files, and
folders. Teams will therefore have to define recovery point objectives
and the maximum acceptable amount of data loss and conduct regular
recovery tests. The need for extensive validation of clinical features and
performance will also be a key element. Multidisciplinary teams that
include physicians, laboratorians, data scientists, and healthcare pro-
fessionals will have to be involved.

Another key element of the integration of DS into laboratory prac-
tices will be the ability of international scientific societies to outline
best practice guidance. Addressing the ethical challenges associated
with AI and ML is also essential. Prospective and interdisciplinary va-
lidation of AI systems is therefore needed to ensure their reliability and
their integration with an adequate body of positive soft-law regulations.
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