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Abstract

Objectives: Despite growing interest in artificial intelli-
gence (AI) and machine learning (ML), many laboratory pro-
fessionals lack experience with developing in-house AI systems
or implementing those supplied by external providers. The IFCC
Committee on AI in Laboratory Medicine (C-AILM) conducted
a survey to collect the status of AI/ML applications, challenges,
and expert perspectives on key technical considerations.

Methods: An 20-item survey was distributed to laboratory
professionals experienced inAI. It covered application status
(in-house or provider-supplied, with or without regulatory
approval); essential information to request from AI system
providers; validation or verification practices; monitoring
strategies; and perceived implementation challenges.
Results: Fifty complete responses from global experts were
received. AI implementation in clinical laboratories was
limited and heterogeneous. Most respondents agreed that AI
systems provided externally, regardless of regulatory approval
status, require local verification. Key information needed from
providers included performance metrics from original and
external datasets, and demographics of the training/test pop-
ulations. For both approved and non-approved models, high-
priority verification studies were local performance analysis,
confirmation of intended-use alignment, and verification of
privacy and security safeguards. Top monitoring strategies
were regular accuracy checks and comparison against human
decision-making. Leading challenges were insufficient IT
infrastructure and lack of practical implementation guidelines.
Conclusions: Although many challenges remain, clinical
laboratories demonstrate strong enthusiasm for AI,
particularly with the growing prevalence of commercial
AI products. The timely expert insights from our survey
and C-AILM recommendations for both AI system pro-
viders and clinical laboratories on essential information,
verification requirements, and monitoring strategies will
inform standardized guideline development.

Keywords: artificial intelligence; machine learning; labora-
tory medicine; AI systems; implementation; performance
evaluation

Introduction

Laboratory Medicine is inherently data-rich, generating an
immense volume of structured, discrete test results across a
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wide range of analytes and specimen types. Most laboratory
results are reported as individual numerical or categorical
values, often with associated meta- and peri-data such as
reference intervals and specimen details [1, 2]. The high
dimensionality and complexity of the data, spanning multi-
ple time points, test modalities, and clinical contexts, make it
well suited for advanced data analytics [3]. In particular,
artificial intelligence (AI) and machine learning (ML) tech-
niques offer powerful tools for uncovering subtle patterns
and interrelationships within laboratory data [4].

In recent years, there has been a rapid surge of interest
in applying AI/ML to Laboratory Medicine. These AI systems
have been explored for a variety of use cases [5], including
but not limited to detection of pre-analytical errors [6], test
result interpretation [7], optimization of test utilization [8],
enhancement of laboratory efficiency [9], as well as predic-
tion of disease onset and progression [10, 11]. Reflecting this
interest, the number of publications on AI in Laboratory
Medicine has grown substantially. However, despite the
enthusiasm, real-world AI/ML implementations in the
clinical laboratory remain quite limited. Many laboratory
professionals are unfamiliar with the practical aspects of
developing and validating in-house models, and often do not
knowwhat information to request from AI system providers
or how to conduct local verification. A recent survey high-
lighted challenges such as inadequate data infrastructure
and insufficient AI-related skills in clinical laboratories [12].

To better understand the current landscape, the
IFCC Committee on AI in Laboratory Medicine (C-AILM)
conducted an international survey targeting professionals
in Clinical Pathology and Laboratory Medicine who have
interest or experience in AI/ML. This survey aimed to assess
the current application status of AI/ML in clinical labora-
tories, identify major challenges to adoption, and collect
expert opinions on key implementation issues. Specifically,
the survey explores what information about an AI system
(whether or not approved by regulatory agencies) should be
requested from AI system providers, such as vendors or
manufacturers; what validation or verification studies
are needed to assess performance of AI systems, and what
procedures should be in place to monitor performance after
deployment. In the survey itself, the term “model”was used;
however, in this article, we adopt the term “AI system”,
consistent with the latest European Union (EU) AI Act [13],
with both terms referring to the same concept in this paper.
Importantly, the survey questions focused on the post-
development of AI/ML implementation, therefore model
development or re-training was not discussed.

To date, there are limited guidelines or expert consensus
on the best practice for AI/ML implementation in the clinical
laboratory [14–16], despite the emergence of broader

regulatory frameworks, such as the IVDR [17], EU AI Act [13],
and theU.S. FDA’s GoodMachineLearningPractice [18]. These
frameworks provide high-level principles for AI governance,
but they do not address the specific needs and operational
contexts of laboratory medicine. Some publications have
proposed that the validation of clinical AI could reference
the regulatory framework for laboratory tests outlined in
the Clinical Laboratory Improvement Amendments of 1988
(CLIA-88), including approaches to validation [19, 20].
However, laboratory data has distinct methodological and
semantic complexities, such as method dependence, analyte-
specific variability, and contextual sensitivity that extend
beyond the existing general-purpose AI reporting guidelines
[21]. Here, we summarize expert perspectives in the results
section, and then in the discussion section, we propose a set
of recommendations focusing primarily on the adoption of
externally supplied AI systems. We hope our analysis of the
survey and recommendations could serve as a first step in
outlining practical guidelines that support safe, effective, and
responsible adoption of AI/ML in laboratory medicine.

Methods

An expert survey (the entire questionnaire can be found in
SupplementaryMaterial) to collect current status and expert
opinions on implementation of AI/ML applications in the
clinical laboratory was generated using Qualtrics (Provo,
Utah, USA). The survey covered seven domains and had a list
of 20 questions in addition to the ability to add comments, as
shown in Table 1.

The survey was distributed to the Association for
Diagnostics & Laboratory Medicine (ADLM) Data Analytics
Steering Committee and Data Science and Informatics Divi-
sion, Canada Data Analytics Interest Group, European
Federation of Clinical Chemistry and Laboratory Medicine
(EFLM) Committee on Digitalization and Artificial Intelli-
gence (C-AI), and laboratory professionals who were known
to have experience and/or publications on AI/ML. The draft
survey was reviewed by members of the IFCC Artificial In-
telligence and Genomic Diagnostics Working Group and the
ADLM Data Analytics Steering Committee, and was pilot-
tested by our committee to ensure clarity and alignment
with the survey objectives. Survey responses were collected
from October 2024 to March 2025. A total of 82 individuals
participated in the survey, but only 50 completed all the
questions. Therefore, our analysis was based solely on the
results of those 50 participants. The study was deemed
exempt from institutional ethical committee approval
because it involved only professional opinions regarding
practice and perception, with no collection of personal
identifiable private information.
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Descriptive statistics were used to summarize and
analyze the collected survey data. Excel and R were used for
data processing and analysis. The word cloud figure was
created in Python using the Wordcloud Package [22]. Addi-
tionally, the Borda countmethodwas applied to rank voting-
based results [23]. The Borda count method makes use of the
full ranking information provided by each respondent
rather than only the top choice and it yields an easily
interpretable score that reflects both how often an option is
ranked highly and how consistently it is prioritized across

respondents. Participants were asked to rank multiple
options in order of preference. For each voter, points were
assigned in descending order based on the ranking position:
if there are n candidate answers, the top-ranked option
receives n−1 points, the second-ranked receives n−2 points,
and so on, with the least preferred candidate receiving
0 points. The total Borda count for each candidate was
calculated by summing the points across all voters. The
candidate with the highest cumulative score was considered
the most preferred overall.

Table : Domains and questions in the survey.

Domains Questions Response type

General questions Q. What is the name of your hospital/institution/organization and country (survey
results will be analyzed anonymously)

Open text

Q. What is your institution type? Multiple choica

Q. What is your professional role? Multiple choicea

Q. What is your specialty? Multiple choicea

Q. What laboratory information system (LIS) is currently used in your laboratory? Multiple choicea

Q. What electronic health records (EHR) system is currently used in your institution? Multiple choicea

Implementation status Q. Does your EHR/LIS system or software used in your laboratory incorporate any AI/
ML application?

Yes/no/not sure

Q. What tool/software used in your lab provides AI/ML application? If none, please
type “N/A”

Open text

Q. What is the ML model used for? If there are multiple ML models, please select all
their functions; If none, please select “N/A”

Multiple choicea

Q. Is the ML model used in your laboratory provided by an external provider or
developed internally by the laboratory?

Multiple choicea

Opinions on models approved by
regulatory agencies

Q. If an ML model is developed by an external provider and has received clearance
from a regulatory agency, such as FDA, what information regarding training and
testing of the model should be released by the provider? Please provide your opinion
even if you haven’t adopted any ML model in your laboratory yet.

Multiple choicea + open
text

Q. If an ML model has been approved by a regulatory agency, do you think it should
be verified or re-trained before implementing it?

Multiple choicea + open
text

Q. What studies do you think are necessary to evaluate an approved ML model
provided externally? Please also provide a rank order.

Multiple choicea +
ranking + open text

Opinions on models not approved by
regulatory agencies

Q. If the ML model is developed by an external provider and it has not been
approved by a regulatory agency, what information regarding training and testing of
the model should be released by the provider?

Multiple choicea + open
text

Q. If the non-approved model is provided externally, what verification or validation
studies do you think are necessary to evaluate the model? Please also provide a rank
order.

Multiple choicea +
ranking + open text

Strategies to evaluate andmonitor ML
models

Q. Please elaborate on any specific procedure or criteria you use to evaluate model
performance

Open text

Q. Howwould youmonitor the performance of AI/ML tools which are currently used
in clinical laboratories? Please provide your opinion on monitoring strategies even if
you haven’t adopted any ML model in your laboratory yet.

Multiple choicea + open
text

Potentials and challenges Q. What are the challenges of adopting AI/ML in clinical laboratories Multiple choicea + open
text

Q. What do you see as the greatest potential for AI/ML tools to enhance your
laboratory efficiency and patient care?

Open text

Information needs Q. What information would be most useful to you for adopting AI/ML into your
laboratory?

Open text

aIndicates multiple selections are allowed.
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Results

1. Specialty and professional role of the
participants, their institute type, and
electronic health record (EHR)/laboratory
information system (LIS) used in their
institutes (Q1-Q6)

Among the 50 responses received, 18 were from Europe, 18
from the United States, seven from Canada, six from Asia,
and one from Africa. Figure 1 shows the distribution of
participants globally. Among the 50 participants, 39 identi-
fied their institution as an academic medical center.
This group included three participants who also selected a
reference laboratory, three also selected community public
laboratory services, and two selected both. Additionally, one
participant identified their institution solely as a reference
laboratory, four as independent laboratories, four as com-
munity hospitals, one as a public hospital laboratory, and
one as consultancy.

Of the 50 respondents, 12 were laboratory medical di-
rectors, four informatics pathologists, 14 laboratorymanagers
or specialists, and one research scientist. Others reported
mixed roles, including combinations such as a laboratory
medical director with informatics or research roles (n=6),
laboratory director/scientist (n=1), and laboratory manager/
research scientist (n=2). Additional individual roles included
chemical biochemist (n=3), resident or trainee (n=1),

pathologist (n=2), medical biologist specialist (n=1), chemical
pathologist (n=1), consultant (n=1), and specialty student (n=1).

Among them, 25 specialized solely in clinical chemistry,
while others reported expertise in clinical microbiology
(n=1), hematopathology (n=1), hematology/coagulation
(n=1), and informatics (n=2). The remaining participants
listed multiple specialties, most commonly combinations
involving clinical chemistry and informatics (n=10), as well
as broader overlaps across clinical chemistry, microbi-
ology, hematology/coagulation, cytopathology, molecular
pathology, and anatomical pathology.

The participants’ institutions used a highly diverse
range of LIS and EHR systems. Among LIS, the most
frequently used were EPIC Beaker (20 %) and Cerner Mil-
lennium (20 %),while EPICwas themost commonly reported
EHR (34 %). The remaining systems were heterogeneous and
varied widely.

2. Implementation status of AI and ML tools
in the clinical laboratory

The survey first asked what tools or software in their labo-
ratories provide AI/ML functionality (Q7-8). Here, “tools”
refer to the specific implementation mechanisms, such as
commercial software modules in the LIS/EHR, standalone
applications, middleware, or custom scripts developed by
the laboratory. We then asked what these AI/ML models are
used for (Q9), meaning the functional applications or tasks

Figure 1: Global distribution of survey participants. Participant locationswere determined using the latitude and longitude from their IP addresses. Since
some cities hadmultiple participants, the different colored pins indicate howmany participants were in each city. Blue, red, yellow and green represent 1,
2, 3, and 6, respectively.
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the models perform. We also asked whether these models
were developed in-house or provided externally (Q10).

Using this distinction, 34 % (17/50) of respondents
reported employing 22 AI-enabled tools, which were imple-
mented either through middleware solutions (8/22) or
through custom scripting approaches (14/22). By scripting
approaches, it is assumed that AI/ML models were not
integrated into commercial laboratory software or modular
EHR/LIS components but instead operated as standalone
scripts or lightweight utilities executed outside the routine
workflow. Only one respondent referred to using a LIS with
built-in AI capabilities, though no details of those functions
were provided and was not included in the final count.

Across these tools, 17 respondents described 41 applica-
tions. Most applications fell into two main categories: image-
based and numerical tasks, the latter being more numerous.
The most common use cases were image classification and
discrimination that mainly referred to slide review and cell
morphology analysis (10/41, 24 %). Thesewere followed by the
flagging abnormal laboratory results (7/41, 17 %), interpreting
complex laboratory panels (7/41, 17 %) andmonitoring quality
controls (7/41, 17 %). Additional use cases included identifying
pre-analytical errors (e.g., wrong blood in tube, IV fluid
contamination, hemolysis) (6/41, 15 %), predicting the accu-
racy of measured results (3/41, 7 %), and predicting onset and
progression of disease (1/41, 2 %). Regarding provenance, 10
respondents reported using vendor-supplied regulatory-
approved ML models, while 12 reported using models devel-
oped internally or by another institution without regulatory
approval. Among them, five selected both options, indicating
the use of both internally and externally supplied models.

3. Key information required for externally
developed AI systems

For AI systems developed by external developers, the re-
spondents were asked what information regarding training

and testing of the model should be disclosed or requested.
The questions covered two scenarios: whether a model is
approved (Q11) or not approved (Q14) by a regulatory agency.
All respondents, regardless of whether they had actually
implemented an AI system in their laboratory, were invited
to provide their views for all the questions on this topic.

The responses for both approved and non-approved
models showed similar prioritization patterns (Table 2).
The top three most frequently selected responses were
“performance metrics used to evaluate the model in the
original dataset” (91 % & 87 %), “demographics of the patient
population used for model training and testing” (89 % &
87 %), and “performance metrics if the model is tested
externally” (81 % & 81 %). Notable free text comments under
“Other” pointed out the importance of model stability &
change control, aswell as details about parameters thatwent
into the model (e.g., reagents, vendors, and other technical
components used to measure the parameters).

4. Studies needed to locally verify the
performance of AI systems provided
externally

When asked whether verification or retraining is needed
before implementing approved ML models (Q12), 41
respondents (82 %) answered that the model should first be
verifiedwith local data, while 23 (46 %) selected retraining or
customization using local data. Some respondents selected
both options. Despite recognizing the need for validation,
three respondents (6 %) admitted they didn’t know how to
validate a model. Another three (6 %) believed the model
could be used exactly as approved, without any additional
checks. Five respondents (10 %) selected “it depends,” and
provided additional considerations, including (1) evaluation
of potential bias on the training set; (2) case-by-case evalu-
ation on retraining, fine-tuning, and recalibration/adapta-
tion after thorough discussion among diverse stakeholders;

Table : Key information required for externally developed ML tools, either approved or non-approved by regulatory agencies.

Answer (multiple answers possible) Approved ML tools
Number of respondents

(percentage of respondents)

Non-approved ML tools
Number of respondents

(percentage of respondents)

Performance metrics used to evaluate the model in the original dataset  (%)  (%)
Demographics of the patient population used for model training and testing  (%)  (%)
Performance metrics if the model is tested externally  (%)  (%)
Model architecture and features incorporated in the model  (%)  (%)
Fairness/bias analysis (if applicable)  (%)  (%)
Explainability of the decision made by the model  (%)  (%)
Other  (%)  (%)
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(3) risk-based necessity, i.e. high-impact predictive uses vs.
low-risk applications; (4) retraining if the model fails local
verification; and (5) alignment with ISO 15189 style verifi-
cation of manufacturer-validated tools.

For both approved and non-approved ML models,
respondents ranked the priorities of verification studies in a
similar order (Q13, Q15), indicating consistent preferences
across regulatory status (Figure 2). In both scenarios, local
performance analysis garnered the highest Borda score and
the greatest proportion of first-place rankings. Verification
of alignment with the model’s intended use in the local
setting and assessment of privacy and security of the algo-
rithm’s implementation were also ranked highly. Mid-tier
priorities included external benchmarking, fairness, and
interpretability. External reference systems can act as
trusted comparators or gold standards against which the
model’s performance is evaluated, providing users a more
objective understanding of the model’s accuracy and reli-
ability. Meanwhile, the nearly equal weighting of non-
discrimination, fairness and interpretability signals an
awareness of ethical‐legal imperatives, but also suggests
these considerations are often deferred until core technical
soundness and security are established. At the opposite end,
the two lowest-ranked verification studies were patient-
outcome trials in the local population and, ranked last,
simply checking the model against values supplied by the
external developers, e.g., manufacturer’s claims.

5. Studies and criteria to evaluate and
monitor an AI system’s performance
implemented in the clinical laboratory

In response to the open-ended question Q16, 13 participants
provided free-text comments. Respondents emphasized the
need for rigorous analytical validation, large and represen-
tative training and testing populations to minimize bias, and
sufficient sample sizes to ensure statistical significance. They
recommended comparing algorithm predictions with gold-
standard methods (e.g., manual microscopy, traditional
diagnostic tests) or expert clinical assessments. Local vali-
dation with institution-specific data was the preferred
starting point, with external validation valued when data-
sets are sufficiently similar to the intended deployment
population. Their feedback underscored that the evaluation
of ML models in laboratory medicine should follow princi-
ples analogous to traditional assay validation/verification
and adhere to established guidelines, such as those from
CLSI [24]. In addition, respondents stressed that model
evaluation should extend far beyond simple statistical
measures of performance (e.g., accuracy, sensitivity, speci-
ficity, F1 score). Broader, application-specific performance
evaluations were recommended, along with interdisci-
plinary evaluation teams to assess the model’s alignment
with its intended use case and the tangible clinical or oper-
ational outcomes it may influence. These teams should also

Figure 2: Prioritization of verification studies for both approved and non-approvedmachine learningmodels. Each bar represents the cumulative Borda
count for a given priority, with color indicating the ranking places: yellow=1st place, green=2nd place, blue=3rd place, and purple=other places.
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evaluate the availability and quality of alternative solutions,
whether a fully automated or human-in-the-loop approach is
preferable, and how the model will be monitored and
updated over time. Regardless of the model’s regulatory
approval status, the clinical setting for its application should
align with that in which it was originally developed, and the
underlying clinical workflow should be carefully examined
before implementation. Furthermore, regulatory compli-
ance with frameworks such as IVDR, EU AI Act, and FDA
requirements was viewed as essential. Several participants
noted that evaluation strategies should be proportional to
the model’s risk level and interpretability, rejecting a one-
size-fits-all approach.

When asked how clinical laboratories should monitor
the performance of ML models (Q17), as shown in Figure 3,
most respondents (64 %) selected “regular checks of accu-
racy and results against human decision-making”, a process
viewed as essential for maintaining accuracy and reliability,
analogous to quality control procedures for conventional
laboratory tests. Half of the respondents (50 %) selected
“real-time monitoring of outputs” and “tracking compliance
with new clinical guidance or regulation”, followed by
“feedback from end-users” (42 %) as another important
monitoring approach. Fewer respondents chose measures
such as “algorithm response time” or “monitoring opera-
tional cost and savings”, which focus on operational impact.

6. Potentials and challenges of implementing
AI systems in clinical laboratories

Regarding the challenges of adopting AI/ML in clinical lab-
oratories (Q18), as shown in Figure 4, the most frequently

selected item (88 %) was “lack of adequate IT infrastructure
to support ML applications”. In addition, 78 % of the re-
spondents also pointed out “lack of guidelines on ML
implementation in the laboratory medicine field” and “lack
of expertise in ML implementation” as major concerns.
Furthermore, 66 % selected “challenges to integrate ML into
workflows”. In contrast, fewer respondents viewed trust
issues or difficulties in collecting local data for validation as
major barriers to ML adoption. A smaller number also
mentioned additional challenges in the “Others” category as
free text, including concerns related to data privacy, regu-
latory compliance, limited reimbursement pathways for
quality-focused applications, and the lack of interoperability
across health information systems.

We then asked the respondents a free-text question
(Q19) about the greatest potential of AI/ML to enhance lab-
oratory efficiency. The responses were categorized into
topics for easier interpretation (a word cloud of detailed
topics is shown in Figure 5). The greatest perceived potential
was identified in workflow improvement & automatization,
cited by 34 % of respondents, encompassing the automati-
zation of routine tasks, avoidance of unnecessary proced-
ures, and identification of process bottlenecks. The second
most cited area was testing result interpretation and
reporting (30 %), such as assisting result interpretation, and
ensuring consistency and quality of results sent to clinicians.
This was followed by patient safety applications (20 %), such
as error detection, real-time alerts of critical patients, and
identification of patient risks.

Other closely related topics included quality control
(18 %) and error detection (14 %), which aim to improve test
quality through patient-based real-time QC (PBRTQC),
enhancing auto-verification, and detecting pre-analytical

Figure 3: Summary of a multiple-choice ques-
tion regarding the strategies tomonitormodel
performance after deployment. Bars repre-
sent the proportion of respondents select each
method, expressed as percentage.
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errors. The respondents also saw potential for AI/ML to
enhance diagnostic accuracy and testing (18 %), with exam-
ples including consistent interpretation of culture and Gram
stains, multivariate quantitative analysis, mass spectrom-
etry data analysis, and image analysis (e.g., urinary sedi-
ment, blood cell morphology, microbiological culture).

Furthermore, respondents saw opportunities in clinical
decision support & personalized medicine (18 %), as well as
proactive patient care & preventivemedicine (18 %), through
improved test ordering guidance, interpretation support,
and prediction of disease risks, outcomes, and early diag-
nosis. Smarter testing (14 %), such as optimizing test

reflexing and reducing unnecessary or inappropriate
orders, were also noted. Lastly, guidance and assistance
applications (16 %) were mentioned, including reducing
administrative burden, supporting training and education,
and guiding users through processes, interpretations, and
investigations.

Last, we asked respondents the free-text question Q20
about the information needed for adopting AI/ML in the
laboratory (Q20). The most frequently encountered needs
were clear guidelines (38 %) and regulatory requirements
(18 %). These included guidance on model selection, valida-
tion in the general population, and verification and

Figure 4: Summary of a multiple-choice
question regarding the challenges of adopting
AI/ML in clinical laboratories. Bars represent
the proportion of respondents selecting each
challenge, expressed as percentages.

Figure 5: Word cloud summarizing perceived potential potentials of AI/ML to enhance laboratory efficiency. Keywords were extracted and categorized
from free-text responses, with font size reflecting frequency of mention by respondents.
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implementation in laboratory settings, as well as clarity on
regulatory requirements to ensure patient safety and define
responsibility for errors. For adoption, they emphasized the
need for information on model development, including
analytical performance, training data characteristics
(e.g., demographics), and a clear business case outlining
anticipated benefits.

For implementation, respondents highlighted technical
requirements such as data preparation procedures, and
specifications for the type, volume, and quality of data
necessary to ensure accuracy and reproducibility, along
with vendor-provided support and training. Finally, partic-
ipants noted the importance of guidance on integrating ML
tools with existing systems (LIS, EHR, middleware), for
example, through vendor-provided access points, and for
deployment solutions embedded within existing platforms.

Discussion

Our survey revealed that, even among laboratory pro-
fessionals interested in AI, implementation remains limited,
and applications are highly heterogeneous. Despite the
growing enthusiasm for AI, most clinical laboratories
currently lack the in-house expertise to develop their own
models. At the same time, more external providers are
producing AI systems designed for integration into clinical
workflows through the EHR and LIS. The emerging trend is
toward adopting external models, much like laboratories
now use commercial immunoassays, i.e. laboratories are not
expected to develop immunoassays themselves; rather, they
follow established verification protocols. A similar paradigm
is likely to evolve for AI/ML systems, making verification of
external models and continuous performance monitoring
critical topics. Through our survey, we collected expert
perspectives on these topics and, based on their insights, we
propose several recommendations for consideration.

1. What specific information should
laboratories request from AI system
providers for clinical use?

The American Medical Informatics Association (AMIA) has
emphasized the importance of transparency in clinical AI
through guidelines that recommend clear labeling of an AI
system’s intended purpose, characterization of the training
data population, and testing across diverse user groups to
promote equity [25]. Similarly, the minimum information
about clinical artificial intelligence modeling (MI-CLAIM)

checklist was developed to improve transparency in model
development, evaluation, and reporting [26]. In the clinical
laboratory setting, we propose that a standardized model
specification sheet, analogous to “Instruction for Use (IFU)”
documents for clinical laboratory assays, should be offered
by providers. Such a specification sheet should clearly define
the model’s intended use in the laboratory, including its
purpose, expected outcomes, and whether human-in-the--
loop is required. It describes the training, testing, and vali-
dation populations (including patient demographics), and
reports performance metrics on both the original develop-
ment set and independent external validation sets, together
with documented safeguards, known limitations, and risk-
management strategies of how hazards are identified, eval-
uated, and controlled across themodel life cycle. In addition,
the document is expected to outline system operational re-
quirements for routine use, including the nature and format
of input data, required preprocessing steps, anticipated data
volumes and throughput, system dependencies, and the
model’s operating ranges and limits, i.e. the conditions un-
der which outputs are accurate and reliable, the expected
values or ranges of its output to enable verification and
monitoring, and the scenarios where performance degrades
or fails. Examples of such model facts labels have been
published in literature or online [27, 28].

To further facilitate appropriate interpretation and use,
transparent descriptions of the model’s computational
approach and practical guidance on output interpretation
should be provided. Performance metrics of the model
should be selected to align with themodel’s intended clinical
application in laboratory medicine [29]. Recent guidance
recommends reporting across five key performance do-
mains: discrimination, calibration, overall performance,
classification, and clinical utility, with area under the
receiver operating characteristic curve (AUROC), calibration
plots, clinical utility measures (e.g., net benefit with decision
curve analysis), and outcome-stratified probability distri-
bution as essential elements [30]. Information on long-term
stability (e.g., seasonality effects, expected model drift,
retraining triggers) and transferability (data of external
validation, applicability across sites and work areas) should
also be included [31, 32], together with details of validation
cohorts and, where appropriate, comparisons against
established systems or manual methods [33]. Finally, pro-
viders may offer recommendations tailored to local imple-
mentation, such as how to construct local test datasets,
preprocessing steps, and monitoring metrics.

AI systems that utilize laboratory results are influenced
by the total testing process, including the pre-analytical
phase, analytical phase, and post-analytical phase. Mea-
surement uncertainty introduces additional uncertainty in
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the output of AI systems [34, 35], while systematic bias in
input measurements can further distort the output [36].
Therefore, AI system providers should clearly report the
conditions of their development environment, specifying
pre-analytical handling procedures, the analytical perfor-
mance characteristics of the measurement systems used
for each measurand’s analysis, and post-analytical consid-
erations. When an AI system uses a non-harmonized
measurand, providers should demonstrate the applica-
bility of their system across different measurement sys-
tems, considering that inter-method bias arises from the
lack of standardization or harmonization and its impact on
output of the AI system. Data-driven approaches to
harmonize results across different measurement systems,
as reported previously [37], can be applied to address this
challenge.

2. What approaches and studies are needed
to verify the performance of models
provided externally in the local laboratory
setting?

Most survey respondents viewed regulatory approval as a
starting point rather than a green light. Their expectations
for the verification studies were nearly identical for
both approved and non-approved models, suggesting that
laboratory professionals evaluate both categories through
the same lens. The top-ranked verification studies reflect a
risk-management perspective in which decision-makers
first ensure that the algorithm performs accurately in their
own environment, is applied to the task for which it was
designed and does not compromise sensitive health infor-
mation. Together, they form a tightly linked “validation
triad” requiring empirical evidence that themodel works on
local data, addresses the intended clinical question, and
safeguards patient confidentiality and system integrity.

In laboratory medicine, the terms “validation” and
“verification” have distinct meanings. According to ISO/IEC
17000: 2020 [38], validation refers to conformation of plau-
sibility for a specific intended use through objective evi-
dence and typically involves a comprehensive assessment of
performance characteristics for newly developed, modified,
or laboratory-developed methods by the provider. Verifica-
tion, in contrast, refers to confirmation that a method or
system that has already undergone validation performs as
expected in the local laboratory environment. Accordingly,
when adopting externally provided AI models in clinical

laboratories, independent local verification is essential to
confirm that performance aligns with the claims stated in
the model specification sheet under the intended conditions
of use. Variations in patient populations, disease prevalence,
instrumentation, middleware, and pre-analytical processes
may substantially affect model behaviors, underscoring the
need for local assessment prior to deployment.

The verification process should beginwith confirmation
that the AI system is technically compatible with the labo-
ratory’s existing hardware, software, and system versions.
This can be verified using a reference or standard dataset
provided by the developer to confirm that the model per-
forms as promised under controlled conditions. The second
step is to implement the model in the laboratory environ-
ment and test it on a representative local dataset that is
aligned with the model’s intended clinical use [15]. Process
validation concepts applied in the verification of in-
struments and equipment, such as installation qualification
(IQ), operational qualification (OQ), and performance qual-
ification (PQ), can also be applied to the implementation and
verification of the model [39]. Observed performance met-
rics should be compared with user requirements defined by
a user requirement specification (URS) document and those
reported in the provider’s specification sheet. This verifica-
tion helps determine whether the model achieves the
promised level of accuracy and reliability when applied to
local data.

AI system providers should actively support the imple-
mentation by confirming the correct system operation and,
where possible, assist in evaluating fairness and detecting
potential biases in the local dataset. The joint effort between
the provider and laboratory allows for a transparent
assessment of the model’s generalizability and fitness for
local use. Importantly, the laboratory must critically eval-
uate whether the metrics reported in the specification sheet
are clinically meaningful and relevant for the specific local
environment.

Finally, our survey indicated that 46 % of respondents
were in favor of retraining or customizing an AI system.
Laboratories should be aware, however, that under the IVDR
and EU AI Act, retraining a commercial, approval AI system
may constitute a “substantial modification”, thereby trans-
forming the laboratory from a “user/deployer” to a legal
“manufacturer”, with corresponding responsibilities and
obligations, which most clinical laboratories do not have
resource to manage [40]. This regulatory reality reinforces
the importance of clearly distinguishing between local
verification and model modification when deploying AI
systems in routine clinical laboratory practice.
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3. What strategies should be implemented to
monitor and ensure sustained performance
of AI systems following deployment in
clinical practice?

A clinical laboratory should monitor AI system’s perfor-
mance through both provider-managed change control
and laboratory-run surveillance. On the provider side,
much like recalibrating hardware after a sensor swap, AI
system providers must have mechanisms to ensure that
any software patch, component substitution, or algorithm
update does not alter the model’s expected behavior.
Routine integrity checks such as checksums, hash-based
fingerprinting, and version-control verification should
confirm that the model remains unchanged. Providers are
expected to supply release notes with detailed documen-
tation of version history, update log, and side-by-side
comparative performance metrics whenever a modifica-
tion is made. Importantly, when upstream systems such
as the EHR or LIS undergo upgrades (e.g., changes in field
names, communication protocols, or data formats), pro-
viders are expected to support laboratories in promptly
re-verifying each AI/ML application to ensure continued
correct operation.

On the laboratory side, continuous local monitoring is
critical. Laboratories should routinely inspect input data
distributions, such as the proportion of samples exhibiting
specific features (i.e. feature positive rate) and the distri-
bution of predicted categories (i.e. class frequency) and
compare them against historical baselines. Monitoring
changes in input data distribution, which are often referred
to as data drift, can indicate conditions under which the
model may no longer perform as originally validated [41].
Data drift can lead to emerging bias in model output or
gradual, unrecognized degradation of model performance.
QC procedures tailored to application type should be
implemented: for image-based models, such as morphology
analyzers, regular blinded expert review of representative
sample sets can detect systematic bias or drift. For labora-
tory numeric value-based models (e.g., flagging abnormal
results, predictive scores), synthetic or curated test cases
with known expected outputs can be used in regression
testing to confirm consistent behaviors. In addition, a
continuous model monitoring framework, analogous to
PBRTQC in laboratory testing [42, 43], could provide an
advanced layer of surveillance by automatically tracking
input and output distributions and detecting shifts in dis-
tribution caused by unexpected deviation, rather than
relying on periodic retrospective audits [44]. This continuous

monitoring is particularly valuable for detecting subtle or
sudden errors, such as those caused by an update in data-
base or data transfer protocols. Furthermore, external
quality assurance (EQA) programs, where identical test
datasets or standardized cases are distributed across labo-
ratories, can provide an independent benchmark of per-
formance, reveal inter-laboratory variability, and uncover
systemic issues that may not be visible within a single site.
Overall, the integration of application-specific QC, patient-
based real-time monitoring, and EQA into routine surveil-
lance ensures that performance issues are detected and
addressed promptly, minimizing the risk of prolonged
undetected errors in clinical decision support.

The survey results indicated that, while laboratories
recognize the value of operational metrics, clinical perfor-
mance remains the primary priority when monitoring AI/
ML systems after deployment. Respondents consistently
emphasized that ongoing evaluation must be risk-adapted,
clinical focused, and capable of detecting model drift, an
approach that aligns with the long-standing culture of lab-
oratory medicine, where safeguarding accuracy, reliability,
and clinical validity is paramount. Accordingly, high-impact
applications (e.g., error detection, critical value prediction,
diagnostic support) require more intensive and continuous
monitoring than low-risk operational tools.

The risk-stratified monitoring approach is highly
consistent with the emerging regulatory framework gov-
erning high-risk AI systems in laboratory medicine. Both the
EU AI Act [13] and IVDR [17] mandate comprehensive, life-
cycle risk management and post-market surveillance for
high-risk AI-based medical device software [45, 46]. Within
these frameworks, responsibilities are clearly delineated
between AI system providers and laboratories as deployers.
Providers (e.g., manufacturers) are required to establish
post-market monitoring, report serious incidents, and
document field safety corrective action (EU AI Act Arts. 72–
73; IVDR Art. 82). Laboratories, considered as “users” under
the IVDR, are obligated to monitor system performance
during routine use, suspend operation when incidents or
serious risks arise, notify providers and competent author-
ities (Eu AI Act Art. 26(5); IVDR vigilance Art. 82), retain
system-generated logs for ≥6 months (Eu AI Act Art. 26(6)),
and manage nonconforming work and adverse incidents in
accordance with ISO 15189:2022 requirement [47]. Together
with similar lifecycle-oriented elements in the U.S. FDA
guiding principles for Good Machine Learning Practice
(GMLP) in medical device development [48], these frame-
works signal a clear regulatory convergence toward risk-
adapted, post-deployment monitoring as a core component
of AI governance in laboratory medicine. This trajectory is
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further reinforced by the forthcoming ISO/CD 24051 stan-
dard, whichwill define general principles for the application
of AI in clinical laboratories (Part 1 [49]) and in digital
pathology and AI-based image analysis (part 2 [50]).

Limitations

We acknowledge that this study has limitations. First, the
survey posed challenging questions that required substantial
thoughts and relevant experience, which have deterred some
individuals from completing it. Those less familiar with or
skeptical of AI/ML were less likely to respond, limiting
generalizability to all institutions. Therefore, there is a se-
lection bias in the survey population. Nonetheless, the re-
sponses we collected were valuable and meaningful, which
reflected expert perspectives rather than the broader spec-
trum of clinical laboratories. Importantly, this survey was not
designed for hypothesis-testing nor subject to formal psy-
chometric validation; instead, itwas purposefully constructed
as an expert-opinion survey to capture informed judgement
in a rapidly evolving field where empirical implementation
data remain limited. Accordingly, the ranked priorities and
perceived importance reported here should be interpreted as
expression of expert opinions and professional judgement
rather than statistically generalizable estimates.

Second, respondents were predominantly from
academic centers, which typically have greater resources,
dedicated research teams, and early-adopter cultures.
Consequently, the results may overestimate feasibility and
underrepresent challenges faced by community hospitals,
private laboratories, and under-resourced settings. In addi-
tion, there was a geographic imbalance in the collected re-
sponses, with most from North America and European
countries. Finally, the participant pool was weighted toward
clinical chemistry, with comparatively few voices from he-
matology, microbiology, molecular diagnostics, and other
specialties, leading to underrepresentation of discipline-
specific issues and constraining cross-specialty comparisons
of implementation practices.

Conclusions

Despite the heterogeneous and still limited implementation
of AI/ML in clinical laboratories, our survey reveals
a clear convergence of expert perspective on what is needed
to support safe and effective adoption. The advance of AI
in laboratory medicine is an unstoppable trend, with
tremendous potential for improving laboratory efficiency,
enhancing testing accuracy, and ultimately delivering better

patient care. Across respondents, three priorities consistently
emerged: transparency from providers regarding model
design and training data, structured local verification before
deployment, and ongoing performance monitoring capable of
detecting drift. These shared expectations reflect a growing
recognition that AI systems must be evaluated with the same
rigor applied to traditional laboratory methods, but with
additional safeguards to address data dependency, model
evolution, and contextual sensitivity. These findings should be
viewed as expert-informed priorities intended to guide dis-
cussion and framework development, rather than universally
applicable standards. Collectively, these findings suggest that
future guidelines should prioritize defining the minimum in-
formation vendors must provide, outlining verification
frameworks tailored to laboratory workflows, and establish-
ing risk-based monitoring strategies that integrate both tech-
nical and clinical oversight. As commercial AI products
become more prevalent, laboratories will increasingly rely on
clear standards that delineate responsibilities between de-
velopers andusers. Ourwork provides an initial evidence base
to inform such guidance and highlights the specific areas
where professional societies and regulatory bodies can offer
the most meaningful support. We hope these insights will
catalyze further consensus-building and contribute to the
development of practical, harmonized recommendations for
AI implementation in laboratory medicine.
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