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ABSTRACT

Software as a Medical Device (SaMD) refers to software designed for medical purposes that operates
independently of any physical hardware. Artificial Intelligence (AI)-based SaMD refers to standalone
software utilizing Machine Learning (ML) and other AI techniques to perform medical functions without
being part of a physical device. With the growth in research and practical applications of AI-SaMD, a
variety of quality attributes have been proposed. However, the existing body of work lacks a
comprehensive and cohesive review from a quality assurance perspective. This research paper aims to fill
this gap by conducting a systematic analysis and synthesis of literature published between 2015 and 2024 to
identify commonly addressed quality attributes, the metrics used to evaluate them, and emerging
directions for future research. The identified key quality attributes included accuracy, AI model
transparency, safety, performance, and Specificity and Sensitivity (S&S) as the most frequently used
criteria for assessing the quality of AI-SaMD. The findings highlight significant gaps in the current
research landscape, particularly the absence of a universal metric to comprehensively evaluate the quality
of AI-SaMD. Furthermore, there is a lack of alignment between identified quality attributes, their
corresponding metrics, and clinical validation standards, such as Food and Drug Administration (FDA)
guidelines. The study concludes by offering valuable insights for stakeholders, including clinicians,
technologists, and policymakers, and by outlining promising avenues for future research.

Keywords-Artificial Intelligence (Al); Al-Software as a Medical Device (SaMD); quality; measurement;

attributes

I.  INTRODUCTION

SaMD refers to software designed for medical purposes that
functions independently of physical devices [1]. It operates on
general-purpose platforms, such as smartphones or computers,
without relying on dedicated hardware. Al is a simulation of
human intelligence in machines to perform human tasks,
including reasoning, problem-solving, and learning. In contrast,
Machine Learning (ML) is a subset of Al that involves training
algorithms to recognize patterns and make decisions based on
data without being explicitly programmed [2]. Generally,
applying Al techniques to software-intensive systems has
produced promising results [3]. AI-SaMD refers to standalone
software utilizing ML and other Al techniques to perform
medical functions without being part of a physical device.
Examples include Al tools for image analysis in radiology,

predictive analytics for chronic disease management, and
decision-support systems for clinicians.

The increasing adoption of SaMD highlights its
significance and transformative role in healthcare. Figure 1
illustrates the sharp increase in the number of approved Al-
SaMDs over the past decade, with more than half approved in
just the last three years [4]. These technologies offer great
potential for improved patient outcomes, enhanced diagnostic
accuracy, and personalized treatment strategies. However, their
deployment in real-world healthcare settings necessitates
stringent quality assurance to ensure that they perform reliably
and ethically. From a software engineering perspective, quality
refers to the overall attributes of a software product that
determine how well it meets the requirements defined by its
users [5].
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Fig. 1. Growth of AI-SaMDs from 2015 to 2023.

This paper focuses on critical quality attributes essential to
AI-SaMD, namely: accuracy, model transparency, safety,
performance, and S&S. A deeper understanding of these
attributes, along with the challenges in their measurement and
assurance, is substantial to developing effective and
trustworthy AI-SaMD systems.

II. RESEARCH APPROACH

This study is an extension of our previous work [6], which
employed a Systematic Literature Review (SLR) methodology.
An SLR is a structured and rigorous approach to identifying,
evaluating, synthesizing, and interpreting high-quality research
relevant to a specific research question or topic [6]. This
methodology has gained widespread adoption across various
fields, particularly in interdisciplinary studies that combine
Computing and Medicine, such as in [7, 8]. The outline of the
five-stage process for conducting SLR is illustrated in Figure 2.

Define incluzion and
exclusion criteria

Formulate Define search process
RQs and search string

Data extraction
and analysis

Define quality
assessment criteria

— |

Fig. 2. Stages of an SLR.

A. Question Formulation

This study addresses three Research Questions (RQs),
displayed in Table I, along with their motivations.

TABLE L. OVERVIEW OF RQS AND THEIR MOTIVATIONS

ID Description Motivation
" e Understanding the desired attributes is
RQ1 What are the key quality crucial for designing, developing, and

i - 2
attributes of AI-SaMD? evaluating AI-SaMD.

This question addresses the need for

quantifiable measures to assess Al-
SaMD quality.

What are the current research |This question encourages exploration off|

RQ3 | directions and gaps in the area | new approaches and challenges in the

of AI-SaMD quality? field.

What metrics are used to

RQ2 quantify these attributes?

B. Contribution

The contribution of this study stems from answering RQs in
Table I, which form a solid foundation for research and
discussion on the quality of AI-SaMD. They cover essential
aspects of the development and evaluation process, ranging
from identifying desired attributes (RQ1) and quantifying them
(RQ2) to exploring future research directions (RQ3). By
addressing these RQs, researchers and developers can
contribute to the development of high-quality AI-SaMD that
can ultimately improve healthcare outcomes.

C. Search Method

The keywords used in this research were: "Al," "artificial
intelligence," "SaMD," and "software as a medical device."
Using logical operators "AND" and "OR", the search command
was constructed as follows: (Al OR artificial intelligence)
AND (SaMD OR software as a medical device).

D. Source Selection

The search command was applied to databases featuring
high-quality publications on technology and health.
Exploratory searches identified PubMed, Semantic Scholar,
SpringerLink, Web of Science (WoS), and IEEE Explore as the
optimal repositories.

E. Study Selection

Studies were selected iteratively and incrementally,
focusing on works written in English and published between
2015 and October 2024 to reflect significant AI advancements.
Exclusion criteria ruled out unrelated papers, theses, posters,
technical reports, commentaries, duplicates, and non-peer-
reviewed studies, such as preprints. In cases of ambiguity, full-
text reviews were performed to determine relevance. Out of an
initial pool of 128 studies, 62 met all inclusion criteria and
were classified as primary studies for this review.

F. Data Extraction

Data extraction, shown in Table II, was standardized,
capturing essential details from each study, including title,
journal, publication date, authors, methodology, results,
objectives, challenges, clinical applications, data analysis,
future directions, and recommendations. This structured
approach provided comprehensive insights into AI-SaMD
research. Details of each iteration are presented in Table III
The references cited within primary studies were not included
in this SLR.

III. RESULTS AND DISCUSSION

A. Study Distribution on Quality Attributes

Existing research exhibits a diverse range of focus, with
studies investigating various quality attributes of AI-SaMD
rather than concentrating on a single one. Figure 3 provides a
visual representation of these quality attributes and the
proportion of studies dedicated to each. Notably, accuracy
emerged as the most emphasized attribute, with 15 studies
(24.2%) focusing on it. Model transparency and safety were
addressed by 13 studies each (21%), reflecting significant
interest in these areas. Performance and S&S were both
considered by 11 studies (17.7%). General quality, on the other
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hand, received the least attention, with only 9 studies (14.5%)
exploring this attribute. This demonstrates that accuracy
dominates the research landscape. Terminology, such as
transparency, is often used interchangeably with related
concepts, including explainability, interpretability, and
accountability. The total frequency of quality attribute
mentions (73) exceeds the number of primary studies (62)
because some studies evaluated multiple attributes.

TABLE IL. DATA EXTRACTION FORM [6]

Section 1: Paper information
Author(s) of the study
Title of the study
Publication types: journal, conference, workshop, or symposium
The place of the study
The year of the study
Section 2: Quality assessment
Is the rationale for the study

in the introduction clear? Yes/No
Is the design/methodology
of the study appropriate? Yes/No
Are the findings and results
of the study clearly stated? Yes/No
Are the findings of the study Yes/No

evaluated properly?
Section 3: Data extraction
It can be either practical or
impractical. If the study relies on
observation, it is practical,
otherwise, non-practical.
Experiments, simulation, and real-
world case studies are examples of
practical studies, while reviews,
theoretical analyses, surveys, and
questionnaires are examples of non-
practical studies.
Objectives/aims of the study.
The AI-SaMD quality attributes that
were supposed to be measured and
validated (e.g., safety).

The metrics and validation
approaches used to measure the
considered quality attribute.

It includes the specific types of
clinics and diseases targeted by the
studies.

‘Whether quantitative or qualitative.

Methodology

Objective

Quality attribute

Measure

Context

Data analysis

Results The subjective results of the study.
TABLE III. DISTRIBUTION OF STUDIES AFTER APPLYING
THE INCLUSION AND EXCLUSION CRITERIA (2015-2024)
Library Discovered Excluded Primary studies
IEEE 4 2 219, 10]
PubMed 19 1 18 [11-28]
Semantic
Scholar 41 26 16 [29-44]
Springer 25 9 16 [45-60]
WoS 39 28 10 [61-70]
Total 128 66 62

Figure 4 presents a Venn diagram illustrating the
distribution of studies across the six identified quality
attributes, highlighting both overlapping and distinct areas of
focus. Some works explored accuracy, model transparency, and
safety together, emphasizing the importance of holistic quality

assessments [33]. Similarly, other studies investigated both
performance and S&S, reflecting their close conceptual and
practical alignment [14]. While most studies concentrated on
accuracy, the overlap among attributes, particularly between
attributes, such as model transparency and safety, suggests a
growing recognition of the need for comprehensive
assessments. This pattern indicates that, although some
attributes are less represented, the interplay between them
enriches the research landscape.
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Fig. 3. Study distribution by quality properties.

B. Key AI-SaMD Attributes (RQ1)

Accuracy, Al model transparency, safety, performance,
S&S, and general quality are commonly used terms in the
evaluation of AI-SaMD systems. To effectively apply these
attributes as valid design concerns during the engineering and
development of AI-SaMD, it is essential to define and
understand each attribute clearly. These definitions are
provided in Table IV. The attribute of general quality is
excluded from detailed discussion, as it does not represent a
distinct or well-defined property. In summary, the six quality
properties are integral to ensure that AI-SaMD systems
function effectively and ethically. These attributes are often
interdependent, and achieving high standards in one area may
involve trade-offs in another. For many medical treatment and
diagnostic systems, some attributes (e.g., safety or
dependability) are more important than others (e.g.,
performance or availability) because an incorrect system
response could lead to the patient receiving incorrect treatment.
However, if the system shuts down in the event of an error,
while inconvenient, typically does not result in patient harm
[73]. Therefore, understanding and managing these trade-offs is
crucial for responsible design and deployment of AI-SaMD
solutions.

www.etasr.com

Ebad et al.: Metrics and Quality Attributes of AI-Based Software as a Medical Device



Engineering, Technology & Applied Science Research

Vol. 15, No. 4, 2025, 24644-24651 24647

Specificity &
Sensitivity

[29] [26] [39]
[31] [43] [44]
[45] [59] [66]
[47][52] \ [67][70]

al015133),

57]62][64][65} |

Fig. 4.

C. Measuring Attributes (RQ2)

Quantification of parameters that influence the quality is
crucial for advancing research in the field of software-intensive
systems [3]. As identified in the primary studies reviewed in
this work, several efforts have been made to propose metrics
for quantifying the key quality attributes outlined in the
response to RQ1. Table V summarizes them in detail.

D. Research Directions (RQ3)

There are three directions for further research regarding Al-
SaMD quality.

1) Missing Attributes

According to Figure 4, several potentially important quality
attributes have received limited attention in the existing
literature, such as regulatory compliance [14, 16], risk
management [10, 17], and user experience [12, 58, 61]. Such
attributes were excluded from the current analysis due to their
infrequent appearance in primary studies.

2) Alignment with Validation Standards

Because the AI-SaMD stakeholders include different
people from different fields, such as healthcare professionals,
technology developers, and regulatory authorities, the above
attributes and their metrics must align with clinical validation
standards. Examples of such standards include the FDA
guidelines, ISO 13485, and other national and international
regulatory frameworks. These bodies play a vital role in
ensuring that commercially deployed SaMD systems do not
pose risks to public safety, the environment, or the economy.
Without such alignment, the societal and market impact of Al-
SaMD may remain limited, regardless of their technical
innovation.

Model

[15]
(321 [33]
[46] [49] [35] [45]
(48] [50]

[52] [66]

Allocation of primary studies based on attributes; each enclosed in a circle and highlighted in a distinct color.

3) Proposing a Universal Metric

While the metrics outlined in Table V offer valuable
insights into individual AI/ML-SaMD quality attributes, a
unified evaluation framework is lacking. The complexity of Al-
SaMD—arising from variations in use case, healthcare context,
and end-user audience—suggests the need for a composite or
universal metric that provides a holistic quality assessment. In
the present work, it is proposed that such a metric be structured
as a weighted composite function, accounting for both the
technical (IT part) and clinical (Health part) dimensions of Al-
SaMD, as shown in:

Quality(AI/ML-SaMD) =
wy . Quality(IT part of AUML-SaMD) +

w, . Quality(Health part of AI/ML-SaMD) 1)

where w; and w, are weights reflecting the relative importance
of each component. The IT part includes technical aspects,
such as hardware (e.g., power and storage), Al model
properties (e.g., transparency), software concerns (e.g.,
software business logic [74]), and connectivity (e.g.,
bandwidth). The Health part encompasses non-technical
aspects with direct clinical implications, including regulatory
compliance, clinician familiarity, and user experience.

It is worth noting that this metric would need to undergo
both theoretical and empirical validation within the AI/ML-
SaMD domain. Without such validation, the reliability and
practical utility of any universal quality measure would remain
questionable.

IV. THREATS TO VALIDITY

As with any SLR, this study is subject to several potential
threats to validity, mainly selection bias and data extraction
inaccuracies. The process of identifying relevant literature
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inherently involves subjective judgment, which may influence
the inclusion or exclusion of studies. While the current work
made a deliberate effort to minimize this bias by following
established SLR guidelines and conducting thorough searches,
the accuracy of data extraction and interpretation remains a
challenge. A further limitation lies in the dependence on a
limited number of search engines and digital repositories.
Although five prominent databases known for high-quality
publications were selected, PubMed, Semantic Scholar,
SpringerLink, Web of Science (WoS), and IEEE Xplore, the
exclusion of other potentially relevant databases may have
affected the completeness of the study corpus. Additionally,
since this study primarily relied on keyword-based queries, the
quality and indexing coverage of the selected search engines

could have impacted the comprehensiveness of the obtained
results. There is also a possibility that recent publications
relevant to this topic were missed due to the rapidly evolving
nature of AI-SaMD research and the cut-off point for data
collection in October 2024. Although the present study’s SLR
includes the most relevant and influential works published
during the specified timeframe, it should be acknowledged that
this research should be regarded as a living document—one
that may need periodic revision and expansion as new studies
emerge, and standards evolve. Finally, although all materials,
templates, and procedures used in this review can be shared to
facilitate transparency and reproducibility, changes in digital
library platforms over time may affect the repeatability of the
search results.

TABLE IV. DETAILS OF THE MOST IMPORTANT QUALITY PROPERTIES OF AI-SAMD
Attribute Definition Affecting factors Why important
The degree to which AI-SaMD Inaccu.rate data or inaccurate 'c'alculatlons. High accuracy ensures reliable medlca! dec1s1pns,
. According to [71], the probability of a non- reducing diagnostic errors and improving patient
Accuracy predictions or outputs match the true . . . . L .
.. accurate output, containing at least one mistake, care. An inaccurate AI-SaMD risks misdiagnosis,
clinical outcomes or ground truth. . . . .
should not exceed 1%. inappropriate treatment, or delayed intervention.
The degree to, how well the internal Transparent models make it easier to identify errors,
Model operations of the AI-SaMD model . Lo . s . : L .
. Al algorithm reliability, bias mitigation [33] biases, or risks. This is crucial for trust,
transparency | can be understood and explained, and o . .
. o . accountability, and compliance with Al systems.
why it makes specific decisions.
Ensuring that AI-SaMD does not S . Without safety guarantees, these AI-SaMDs may
. L Any hazardous operating situation with Al- . .. .
Safety cause harm to patients, clinicians, or o L lead to adverse events, jeopardizing patient trust and
o . SaMD. Unsafe conditions alarm reliability. . 4 . .
systems during its operation. causing legal or financial repercussions.
Unlike performance from a computing
Evaluating the AI-SaMD’s ability to perspective that focuses on resource Consistent performance ensures the device’s
Performance deliver consistent and reliable consumption, such as CPU, workload, memory, usability in diverse clinical environments,
outputs under various operating and throughput [72], performance for Al- safeguarding against unpredictable errors that could
conditions. SaMD, instead, focuses primarily on functional undermine its utility.
effectiveness and clinical outcomes.
The ability of the SaMD to correctly High specificity prevents unnecessary interventions,
identify True Nggatlve (TN) cases Quality and quantity of training data, such as _ red_ucmg patient stress, resource wastage, and
and True Positive (TP) cases, . . . financial burdens on healthcare systems. In contrast,
S&S . . imbalanced datasets, data diversity, and label . L. % ..
respectively (i.e., correctly high sensitivity ensures that critical conditions are
. ; . . accuracy. S : .
diagnosing non-lesions and lesions, not overlooked, enabling timely interventions and
respectively). better patient outcomes.
TABLE V. METRICS TO ESTIMATE THE QUALITY OF AI-SAMD
Attribute Metric type How to quantify
. TP+TN
A titat = —
ccuracy Quantitative Accuracy TPITNLFPiEN (2)
Model Conduct user studies where humans rate the transparency of the model explanations or predictions. The results are often
Qualitative scored and averaged. Frameworks, like SHapley Additive exPlanations (SHAP) or Local Interpretable Model-agnostic
transparency . .
Explanations (LIME) are commonly used to assess and improve transparency.
The ordinal scale was selected as an appropriate scale for measuring both attributes, safety and model transparency. The
answer to each of the Yes/No questions and the answers to all questions will be scored using the well-known rating scale, 5-
Safety Qualitative point Likert. The minimum set of questions and scores encompasses four categories: (a) requirement specification, (b)
functional analysis, (c) synthesis process, and (d) system analysis (as outlined in [71]). The Likert scale ranges from O to 5,
where O represents 'no safety evidence is present' and 5 represents 'extensive evidence is present.
Mathematically, specificity is defined as the True Negative Rate (TNR), as expressed in:
ip s TN
S&S Quantitative Specificity =TNR = === (3
- TP
Sensitivity = TPR = o @
As mentioned in Table I, the performance here does not focus on the resource consumption but on the clinical outcomes and
functional effectiveness. Accordingly, the proposed metric to evaluate this performance can be performed through two means:
Quantitative (a) qualitative- a comparison with human experts and non-experts, although the number of clinicians involved was not
Performance and Qualitative specified, and (b) quantitative — aggregation metrics:
Performance = «; .accuracy + o, .sensitivity o . specificity ~ (5)
where 01, 01, and 03 are weights reflecting the importance of each metric for the application.

TP: True Positives, TN: True Negatives, FP: False Positives, FN: False Negatives, TNR: True Negative Rate, TPR: True Positive Rate
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V. CONCLUSION

The integration of Artificial Intelligence (Al)-based
Software as a Medical Device (AI-SaMD) in healthcare
presents transformative opportunities for improving patient
care. However, ensuring and maintaining high-quality
standards is essential to realizing its full potential. This study
presented a Systematic Literature Review (SLR) of 62 peer-
reviewed publications from 2015 to 2024, aimed at
synthesizing the current state of research on the quantification
of AI-SaMD quality attributes.

The performed analysis yielded the following key findings:
i) The five most frequently discussed quality attributes in the
primary studies, in descending order of emphasis, were:
accuracy (the most widely addressed by researchers), model
transparency/explainability, =~ safety,  performance,  and
Specificity and Sensitivity (S&S). General quality was the least
frequently examined attribute. ii) Each attribute is assessed
using different types of measurement approaches: quantitative
metrics (e.g., accuracy and S&S measured numerically),
qualitative assessments (e.g., safety evaluated on an ordinal
scale, model transparency via expert opinion), Or a
combination of both (performance being assessed using both
quantitative and qualitative methods). iii) The current literature
reveals two critical research gaps: the absence of a universal
metric for comprehensive evaluation of AI-SaMD quality, and
a lack of alignment between existing quality attributes and
clinical validation standards, such as ISO 13485 and related
regulatory guidelines.
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