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ABSTRACT: Attificial intelligence (Al is transforming clinical decision making, and has
seriously undermined the traditional medical-malpractice regimes that place the lion's
share of blame on doctors. This study explores the implications of clinical decisions with
Al: who is liable, informed consent, standards of care, explainability, patient rights,
algorithmic fairness and institutional accountability. The Pile of Law data set is filtered to
include only domain-specific health law documents, and then augmented by relevant
regulatory and policy documents to create a domain-specific Health Law and Al corpus.
A hybrid approach of legal- NLP combines TF-IDF to define influential legal terms,
named entity recognition to extract legal and institutional actors, semantic relationship
analysis using Sentence-BERT and analysis of the underlying legal themes using
BERTopic, which is subsequently validated in a doctrinal way. Analysis reveals eight key
themes, one of which is liability and accountability, which is the most predominant
(24.62%), followed by transparency and explainability (18.74%), patient rights and
informed consent (15.48%), algorithmic fairness (12.83%) and institutional governance
(11.67%). The results for coherence score of BERTopic is 0.71 and topic diversity is 0.86,
whereas for NER, they are 90.58% F1. Themes from human validation agree with 89.30%
of those from NLP. The results show that there is a lack of a cohesive or holistic approach
to responsibility as it cuts across different clinicians, healthcare institutions and technology
service providers. The study adds an NLP-based layered accountability system for the
governance of an Al medical decision support system, in addition to the existing

malpractice law.

Artificial Intelligence (Al) is becoming more and more embedded in the clinical pathway, ranging from triage to diagnostic

imaging, to clinical treatment recommendation systems and to systems for allocating resources, and health law is struggling to
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keep up with the doctrinal categories it has traditionally used. The traditional doctrine of medical malpractice is based on the
assumption of a single clearly identifiable physician making independent decisions and thus subject to a measurable standard
of care [1]. The assumption starts to become problematic when a large language model or diagnostic algorithm is a material part
of a clinical decision — as it could be argued that the provider of the algorithm, the hospital that used it, or the physician could
all be held liable for its performance [2]. There is as yet little settled precedent for Al-induced harm in the courts or in
legislatutres, with practitioners extrapolating from similar clinical guidance and product liability cases.Courts and legislatures
have yet to establish precedent for Al induced harm, and practitioners have to draw on precedent from other cases of clinical
guidance and product liability by third parties [3]. Meanwhile, many machine-learning models are opaque, making it difficult for
the physician's traditional role of informing the patient of significant risks more difficult, as a recommendation from a black-
box model may be incomprehensible even to the prescriber who is using it [4]. In addition, there is the issue of algorithmic bias:
algorithms that are trained on unrepresentative populations can systematically disadvantage protected groups, leading to civil-
rights and tort issues, which were never intended to be covered by the malpractice law [5]. Regulatory responses are still
divergent across jurisdictions, with agency approaches focused on reactive and device-specific approaches to regulation, instead
of a coherent approach to regulation of Al-driven clinical decision making [6]. This paper suggests that the malpractice
paradigm, based on the fault of individual physicians, is analytically inadequate for a world in which liability, transparency and
patient rights are shared among a network of human and algorithmic actors, and introduces a legal-NLP approach to empirically
chart the picture of the transformation taking shape in the health-law corpus.

A. Background and Research Problem

Until now, the basis of clinical decision-making has been a two-way relationship of the physician and patient, and malpractice
liability is based on the physician's judgment of the standard of cate that exists in the local area. Nowadays, between assessment
and action, there are Al systems that predict, score and suggest treatments, which in turn determine the outcome without having
legal personhood. This results in a structural mismatch: liability rules are based on a human decision maker, whereas the result
more and more depends on inputs for algorithms which are not designed by clinicians and for whose training and validation

the clinician has no responsibility and for which no legal category exists.
B. Research Gap and Objectives

Existing scholarship separates Al liability, informed consent, and algorithmic fairness into distinct questions and may not use
the massive, computational text analysis approach to track these themes in the health-law corpus. The purpose of this study is
to fill this gap by merging the Pile of Law-based corpus and hybrid NLP techniques to get empirical results of dominant legal
themes, rank them and validate the resulted taxonomy by Doctrinal Analysis and expert judgment.

The key Contributions:
1. Builds a filtered Health Law and Al corpus from various subsets of the Pile of Law, and additional regulatory documents.

2. Suggests a multi-level accountability system within the clinician, institution, developers and regulators based on an empirical

theme analysis.

3. NLP benchmarks (coherence, diversity, NER F1, human agreement) validated reports in order to find reliable computational

methods for health-law research.
II. RELATED WORK AND LEGAL BACKGROUND

Diagnostic and generative systems are increasingly being adopted into the healthcare system, prompting an exponential growth
of the body of literature on the liability of such systems in clinical decision-making. The body of literature on the liability of Al-
assisted clinical decision-making has grown at a fast pace as diagnostic and generative systems are adopted in the real world for
clinical use. The study identifies cutrent tort rules as being "unfit for purpose” in ensuring patient safety and suggests that the
standard of care, systems of insurance and systems of adjudication be reformed to better balance these competing interests of
patient safety and innovation [7]. A similar third-party guidance case law is lacking in the United States, and the Review describes
how courts would likely respond to the harms that could result from the recommendations of large language models [8]. The
study carried out a systematic review of the issue of diagnostic-algorithm liability and revealed that there are issues yet to be
resolved regarding training-data representativeness and disclosure obligations permeate the medico-legal literature [9]. Also

similarly document the claims risks health systems run when implementing Al products, focusing on that software-error claims
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are different in structure from more traditional negligence claims [10]. In addition to liability, governance scholarship starts
thinking of AI accountability as a multi-actor issue and not one that is only about the physician; the Research Handbook on
Health, AT and the Law reports that liability incentives for physicians currently lead to a tendency to use Al tools as confirmatory
advice, potentially reducing their clinical impact [11]. This concern has been elaborated on for patients, as informed consent
can only be meaningful if it is based on an explanation.This concern has been extended to patients, and explainability has been
proposed as a precondition for meaningful consent as patients cannot object to a recommendation if they do not understand
it [12]. Institutes should not only recognize the importance of fairness, but they should also actively seek out ways to improve
it in their scholarship programs, as illustrated by the scholarship documents. It is not enough for schools to recognize the
importance of fairness, but it is imperative that schools seek to improve it in their scholarship programs; as evidenced by the
concrete harms identified in the scholarship documents, the most striking of which is a widely used commercial risk-prediction
algorithm under-allocated care to Black patients because it relied on healthcare cost as a proxy for medical need [13]. In the
field of radiology and elsewhere, there is a need for ongoing bias auditing and a definition of who is accountable for bias — both
from the perspective of the physician and the developer and the policymaker [14]. Transparency, fairness and privacy are not
mutually independent design commitments but are closely interwoven [15]. From the computational perspective, the Pile of
Law dataset offers the first large-scale dataset of openly available, legal-and-administrative text and natural language processing
pipelines that can be used for training and testing legal-specific NLP pipelines, which include court opinions, regulations, and
contracts following documented data-filtering norms [16]. While there have been many case law and commentaries on the
liability of health-Al, as of now, there is less computational use of legal-NLP methods to analyze these issues [17] and, as noted
in recent surveys, more recent legal-NLP surveys catalogue the rapid uptake of transformer-based methods for legal-domain
tasks. This gap in methodology is filled by the doctrinal description of the themes of liability, consent and fairness as narratives,
while the study will try to quantify the actual distribution of these themes in the underlying legal corpus.

TABLE I. Summary of Legal Background and Related Work

Legal Domain Method Jurisdiction Key Relevance to This Study
Focus (s) Metric/Finding

Standard of care Doctrinal UsS Al use as Frames liability-driven caution
under Al use [11] analysis confirmatory advice

only
Informed consent, | Doctrinal Us Explainability as Grounds transparency theme
Explainability [12] | analysis consent

precondition
Algorithmic Quantitative Us Racial bias in cost- Empirical basis for fairness theme
fairness [13] audit proxy algorithm
Algorithmic Narrative Global Calls for continuous | Supports fairness governance
fairness [14] review bias audits theme
Governance ethics | Conceptual Global Transparency- Supports institutional governance
[15] framework fairness-privacy theme

interdependence
Legal text corpus Corpus US-centric, 256GB legal/admin | Soutce cotpus for this study
[10] construction English dataset
Legal NLP Survey Global Maps legal-NLP Positions this study's
methods [17] tasks/datasets/mod | methodology

els
Explainability Conceptual/qu | US SHAP-based bias Supports explainability theme
fairness [18] antitative diagnosis
Ethics/policy Narrative Global Interdependence of | Supports multi-theme taxonomy
synthesis [19] review consent,

transpatrency,

fairness
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The ten representative sources from the literature that have been summarized in Table I span the doctrinal, empirical and
computational work. Both doctrinal and empirical approaches to fairness studies point to liability and consent as the two
traditional pillars of health-Al legality, while empirical fairness studies provide evidence of algorithmic harms. A methodological
scaffolding framework is provided by computational sources, in particular Pile of Law (legal-NLP survey), which clearly shows
that no previous attempt has been made to synthesize the otherwise siloed different strands of legal-NLP in a quantified corpus
level study.

III. MATERIALS AND METHODS

This study is a mixed-methods approach which combines computational legal-NLP analysis and doctrinal legal interpretation.
A filtered Health Law and Al corpus is first built, cleaned and normalized; four NLP techniques are then sequentially applied
to the corpus to identify salient terms, actors, semantic relationships and latent themes; and the computational output is then

checked against manual doctrinal coding and expert legal review to ensure that the themes are legal not statistical.
A. Research Design and Dataset

The design is sequential and is based on an explanatory approach in which the candidate themes are identified by quantitative
NLP analysis, and the themes are then explained and validated (qualitative doctrinal analysis). The ordering ensures that the
taxonomy is not imposed on the text by a large-scale discovery of patterns but rather is founded on them; this approach

maintains that the taxonomy is not just the most common, but also the most doctrally significant.

The Pile of Law dataset [20] was used due to it being the largest open and permissively licensed collection of English legal and
administrative documents, bringing together 35 primary sources, many of which directly relate to questions about liability and

governance of health-Al, such as CourtListener case law, federal rulemaking, and agency guidance.
B. Corpus Selection and Pre-processing

The Health Law and Al corpus includes data directly from eight named Pile of Law subsets: HHS clinical policy guidance
(HHS, 1994-2022) [16], courtListener_opinions [16] and courtListener_docket_entry_documents (malpractice and product-
liability case law) [16], medicaid_policy_guidance [16], federal_register and cft (FDA/HHS rulemaking and codified regulations)
[16], hhs_alj_opinions (administrative enforcement decisions) [16], congressional_hearings (legislative hearings on Al in
healthcare) [16], and the opinions of DOJ Office of Legal Counsel (olc_memos) [16]. For each subset, documents where the
similarity of the health-law and Al-governance term exceeds a threshold are kept while documents not written in English,
documents with health-law and Al-governance terms that are duplicated, or documents that do not contain terms of either are
removed: the atticus_contracts subset includes additional health-law and Al-governance language used by vendors referenced
in Section IV. Markup and boilerplate are removed, tokens are broken down into word-level components and the tokens are

normalized (lowercase, stemming).
T(d) = {w_1,w_2,...,wn} = split(d,delimiters) (1)

A decomposition of each document d is a token sequence T(d) that is an ordered sequence of tokens obtained from d by

splitting on whitespace/punctuation boundaries.
w' = lower(stem(w)) (2

All the tokens w are lower-cased and stemmed to w' to reduce morphological variants to a single morphological canonical legal

_ g _ (<l
R=1 (IT(d)I &)

r is the fraction of tokens in each document removed as stopwords, which is a measure of the amount of compression of each

term.

document by the filtering as stopwords.
I(d) = 1if sim(d,Q) = 1,else0 (4

If a document d is similar to Q set (more or equal to the similarity threshold 1), d is kept.
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C. NLP Analysis

1) TF-IDF: Term Frequency—Inverse Document Frequency (TF-IDF): It can be used to find words that are frequent in the
document but rare in the rest of the document set, such as words that describe the corpus, like standard of care and informed
consent, which occur in higher proportion than would be reflected in raw frequency counts. TF-IDF is also used as a lexical
analysis input and as a standalone term weighting method to be used as an input for the class-based term weighting (as described
below) in BERTopic.

fd)

TR d) = 5 a

®)

TF (t,d) is the term frequency that is the number of times t occurs in document d divided by the number of tokens in document

d.

idf (0) =log(;75)  ©

Inverse document frequency idf(t) weights terms which appear in many of the N documents in the corpus, down-weights them

to make them less important.
tfidf(t,d) = tf(t,d) x idf(t) ()
The TF-IDF score takes into account both local TF and global rarity, emphasizing on the usage of rare legal terms.

Tatfidf (t,d)
w(t) = =222 ()

A term's TF-IDF score will be averaged over all documents in the corpus to get the mean corpus weight of the term, which

will be used to rank the term's importance.
rank(t) = sort i (w(t)) ()
The terms are listed from the most to the least important with respect to the influence of their meaning in the corpus.
Algorithm 1: TF-IDF Legal Term Extraction
Input: Corpus D = {d1, d2, ..., dN}
Output: Ranked term list R
1: for each document d in D do
2: T(d) <- tokenize(d)
3:  T(d) <- normalize(T(d))
4: end for
5: V <- build_vocabulatry(union of all T(d))
6: for each term tin V do
7:  compute tf(t,d) for all d in D
8:  compute idf(t) = log(N / df(t))
9:  w(t) <- mean_d[ tf(t,d) x idf(t) |
10: end for
11: R <- sort(V, key=w, order=descending)
12: return R
2) Named Entity Recognition (NER): The second class of models is Named Entity Recognition (NER), a transformer-

based NER system which has been fine-tuned with legal and clinical entity types that identifies the entities that revolve around
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the disputes over liability, such as clinicians, medical institutions, Al developers/vendorts, regulators and patients. Each token
is embedded and then labelled and classified into a BIO-tagged label distribution and finally, a conditional random field (CRF)

layer is used to enforce consistency of the label-sequence.
P = TP/(TP + FP) (10

Precision P is the ratio of the number of entity spans that are correctly matched to a gold standard legal / institutional entity to
the total number of entity spans predicted.

Rec = TP/(TP + FN) (1)

Recall is determined as the percentage of the annotated entities that the model is able to correctly identify from all the entities
annotated.

F1 = 2 X P X Rec/(P + Rec) (12
The F1-score is a harmonic mean of precision and recall that provides a single score to measure the quality of NEs.
Acc = (TP + TN)/(TP + TN + FP + FN) (13)
Accuracy measures the overall accuracy of the classification of all the spans of entity and non-entity tokens.
y = argmax, softmax(Wx + b);, (14
An entity label k is assigned to each token, according to the maximum probability assigned by the transformer-CRF classifier.
Algorithm 2: Legal and Institutional Actor Extraction (NER)
Input: Tokenized document T(d)
Output: Entity set E(d)
1: for each token sequence T(d) do
2: X <- contextual_embed(T(d))
3: S <-softmax(W.X + b)
4: L <- CRF_decode(S)
5:  E(d) <- merge_BIO_spans(L)
6: end for
7: return E(d)

3) Sentence-BERT (SBERT): Where the BERT model is a cross-encoder to make the pairwise inference, SBERT is a Siamese
transformer encoder that generates fixed-length sentence embeddings, which can then be compared using cosine-similatity,
without the need for the expensive pairwise inference of the standard BERT cross-encoder when comparing sentences talking

about related concepts, such as “liability apportionment” or “disclosure obligations”.

u = ftheta(sl)' v = ftheta(sz) 15)

Each sentence, s1, s2 is transformed into a fixed length embedding vector, u and v, respectively, via a shared transformer
encoder. Shared transformer encoder maps each sentence sl and s2 to fixed embedding vectors u and v, respectively.

u.v
cos(u,v) = Tl (16)

Cosine similarity is used to calculate the closeness of two sentence embeddings by calculating the angle between them, which

is a measure of the semantic similarity or relatedness.

Leriptee = max(0, |la — pl| = |la = nl| + margin)  (17)
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The aim of triplet loss is to get closer than the anchor-negative pairs between anchor-positive pairs while training the encoder.

Simgyg = (i) Zicos(u;,v;) (18
The average pairwise similarity is a measure of semantic cohesion over a sample of M pairs of sentences from the corpus.
Algorithm 3: Semantic Relationship Analysis
Input: Sentence set S = {s1, s2, ..., sM}
Output: Similarity matrix Sigma, clusters
1: for each sentence siin S do
2:  ui <- SBERT_encode(si)
3: end for
4: for each pair (i, j) do
5:  Sigmali][j] <- cos(ui, uj)
6: end for
7: clusters <- threshold_cluster(Sigma, tau)

8: return Sigma, clusters

4) BERTopic: BERTopic with SBERT embeddings, UMAP dimensionality reduction, HDBSCAN density-based clustering
and class-based TF-IDF term weighting is used to find the latent legal topics without having to specify how many topics exist,
as this is suitable for the ever-changing and diverse vocabulary of health-Al law.

E = SBERT(D) (19)

Sentence-transformer encoder is used to train an embedding function E that maps each sentence in the entire corpus D to an

embedding,.
E' = UMAP(E,n_components = k) (20)

UMAP is used to reduce the dimensionality of the embedding (to dimensionality k) while preserving the local and global
neighborhood structure.

C = HDBSCAN(E') (21)

To cluster embeddings into topic clusters without having to specify the number of clusters, we applied a density-based clustering
method, called HDBSCAN.

4
Ceriar(re) = tf(t,c) X log (1 + f_c) (22)

Average size of the classes A and their respective term frequency f_c, we compute Class based TF-IDF scores term t against
cluster ¢, where c in C is the class number of term t.

Coherence = (#)ZPMI(WL-, w;)  (23)

We use the pointwise mutual information of the most likely word pair W in each of the discovered topics, as a measure of topic

coherence.
Algorithm 4: BERTopic Legal Theme Discovery
Input: Corpus D

Output: Topic set Theta, coherence, diversity
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1: E <- SBERT_embed(D)

2: E' <- UMAP_reduce(E)

3: C <- HDBSCAN_cluster(E")

4: for each cluster ¢ in C do

5:  compute c_tfidf(t,c) for all terms t

6:  Theta_c <- top_n_terms(c_tfidf)

7: end for

8: compute coherence(Theta), diversity(Theta)

9: return Theta, coherence, diversity

D. Doctrinal Legal Analysis and Human Validation

After computational theme extraction, 1,200 documents, a stratified random sample of the documents, were double coded by
two trained legal researchers using a structured doctrinal rubric for each of the eight NLP-derived themes using indicators of
liability, consent, fairness and transparency, and indicators of governance. Where there were disagreements, the labels were
settled by discussion with another senior reviewer to create a consensus label. Next, the percentage agreement and Cohen's
kappa was calculated between the human coded labels and the BERTopic assigned theme and the reasons behind any systematic
discrepancies were traced back to the case law or the regulatory text to check if it was the case law/regulatory text that was
miscoded, or if it was the computational model that was miscoded, updating the taxonomy step by step until the eight-theme

structure was established.

E. Evaluation Metrics

" _ Rec =—— F1 =22 (4

P = = JF1 =
TP+FN P+R

~ TP+FP’
Precision, recall and F1-score measure the quality of the span-extraction for NER for the verification of the gold standard

annotation.

1 ) PMI(wiw;)

COherence(Cy) = (m _1ogp(wi,Wj)

(25)

The ¢, coherence score tests the meaningfulness of the co-occurrence of the top words for each topic in the reference corpus.
Diversity = |unique top words| / (n_topics X top_n)  (206)

The diversity of the topics (vocabularies) is assessed with topic diversity, which takes into account the redundancy of topics.

u.v

[l ivl]

sim(u,v) = cos(u, v) = 27

Semantic similarity uses cosine distance between SBERT embeddings to assess clustering quality independent of BERTopic.

0
D"~ Pe
K =—— (28
1- Pe ( )
Raw percentage agreement (p,) is corrected to account for the percentage of agreement believed to be by chance (p,) to give

expert-agreement reliability.
IV. RESULTS

The empirical results of the legal-NLP pipeline on Health Law and Al corpus are presented in this section. The results are
presented in terms of four dimensions: corpus structure, words salience according to the TF-IDF method, quantitative
performance of the NLP components and the substantive legal themes identified within the corpus as well as the cross-
jurisdictional variation of the latter. There is a numeric table associated with each subsection, as well as a corresponding figure,

and doctrinal interpretation is added to the statistical results to tie the statistical result to legal reasoning.
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A. Corpus and Legal-Term Analysis

The filtered Health Law and Al corpus consists of 13,907 documents from eight named subsets of the Pile of Law [16] with an
average of ~1,890 words per document. Nearly 29% of the corpus is made up of the argumentative language of litigation, in
courtListener_docket_entry_documents, and the clinical-policy language, in medicaid_policy_guidance, which are the second
and third largest subsets, respectively. In fact, the most frequent terms that are found by the TF-IDF analysis are: standard of
care, informed consent and algorithmic bias, demonstrating that the language of liability and patient protection is the primary
theme of the conversation, even prior to the application of the topic modeling.

Pile of Law Subset Description Documents | Avg. % of Top TF-
Words | Corpus | IDF Term
courtListener_opinion | US federal/state court opinions 4,812 2,340 34.6% standard of
s care (0.812)
courtListener_docket_ | RECAP briefs & docket filings 2,145 2,780 15.4% duty of care
entry_documents (0.702)
medicaid_policy_guida | HHS clinical policy guidance, 1994— | 1,875 1,540 13.5% data privacy
nce 2022 (0.681)
federal_register FDA/HHS rulemaking notices 1,690 1,860 12.2% algorithmic
bias (0.771)
cfr Code of Federal Regulations 1,240 1,120 8.9% informed
consent
(0.789)
hhs_alj_opinions HHS Administrative Law Judge 980 2,010 7.0% regulatory
opinions compliance
(0.664)
olc_memos DOJ Office of Legal Counsel 645 3,340 4.6% causation
memos (0.639)
congressional_hearing | Al-in-healthcare hearings 520 4,120 3.7% clinical
s decision
(0.756)

TABLE II. Health Law and AI Corpus Composition by Pile of Law Subset [10]

As per Table II, the courtlistener_opinions and courtListener_docket_entry_documents together constitute 50.0% of the
corpus, which provides good doctrinal support for the analysis which would be more administrative, rather than doctrinal,
litigation or reasoning. Within this corpus, the sub-corpora of the case-law, regulatory (cfr, federal_register), and clinical-
guidance (medicaid_policy_guidance) subsets, malpractice-adjacent words ate not restricted to case law, but appear in the other

subsets of the Pile of Law as well.
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standard of
care
informed
consent
algorithmic
bias

clinical
decision

liability
black-box
model

duty of
care

data
privacy
regulatory
compliance

causation

Top 10 Legal Terms by TF-IDF Weight

0.812

0.789
0.771

0.756

0.744

0.0 0.2

0.6
Mean TF-IDF Weight

0.8

Fig. 1. Top 10 legal terms by mean TF-IDF weight across the corpus.

B. NLP Performance

The NER component is closely tailored to identify the actors involved, such as clinicians, health care institutions, Al developers,

regulators and patients, with a precision score of 91.24%, a recall score of 89.95% and an F1-score of 90.58%, meaning that it

is adequate to extract actors around which liability claims are organized. BERTopic models achieves a topic coherence of 0.71
and a topic diversity of 0.86, which are both over the common thresholds for acceptability of topic models in legal texts. The

cosine similarity between sentences in same cluster is 0.78 on average, and human reviewers are in agreement with the themes
identified by NLP 89.30% of the time (Cohen's kappa = 0.81), which is considered to be substantial agreement.

Component Metric Score Benchmark Interpretation
Comparison
NER Precision 91.24% +3.1 pts vs. lega-NER High span-level
baseline accuracy

NER Recall 89.95% +2.4 pts vs. baseline Few missed entities

NER F1-score 90.58% - Reliable actor
extraction

BERTopic Coherence (c_v) 0.71 Above 0.55 threshold Semantically coherent
topics

BERTopic Diversity 0.86 Above 0.80 target Low topic redundancy

Sentence-BERT | Mean cosine similarity | 0.78 - Strong semantic
clustering

Human Agreement / Cohen's | 89.30% / 0.81 kappa > 0.80 = Confirms NLP-derived

Validation kappa substantial themes

TABLE III. NLP Pipeline Performance Metrics
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wral resources for human health

Table IIT shows that each measure performs well relative to expected legal-NER values, and is also in line with the widely-used
legal-NER baselines. The NER F1-score is around three points higher than the legal-NER baselines, coherence scores are
comfortably out of the range typically considered acceptable for interpretable topic models, and the high Cohen's kappa value
suggests that the computational theme extraction process does not contradict legal-NER judgments, but rather agrees with

them. The numbers show that it is a defensible representation of the corpus, methodologically speaking, to consider the eight-
theme taxonomy as such.

NLP Pipeline Performance Metrics

100
91.24 89.95 90.58 89.30
86.00
80
;\;- 60 -
p
o
U
n 40
20
0- . .
NER NER NER Topic Topic Human
Precision Recall Fl-score Coherence Diversity Agreement

Fig. 2. NER, BERTopic, and validation performance metrics.
C. Identified Health-Law Themes

After a doctrinal validation process, BERTopic clustering identifies eight main topics that cover the entire clinical decision-
making process with Al from its governance during pre-deployment to its harm mitigation (remedy) post-deployment. The
theme of liability and accountability prevails, the predominant volume of which is in the form of malpractice and product
liability cases. Transparency and explainability is ranked second, as a result of rulemaking by regulators on algorithmic disclosure.
Themes of patient rights and informed consent, algorithmic fairness, and institutional governance follow, and standard of care,

data privacy and security, and regulatory compliance and certification make up the remaining smaller, though doctrinally distinct
themes.
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Distribution of BERTopic-Derived Health-Law Themes
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Fig. 3. Distribution of BERTopic-derived health-law themes across the corpus.
Theme Representative Terms Illustrative Legal Instrument
Liability & Accountability duty of care, causation, vicarious liability | Malpractice torts, product-liability

suits

Transparency & Explainability

black-box, algorithmic disclosure, audit
trail

FDA AI/ML SaMD guidance, EU Al
Act Art. 13

Patient Rights & Informed
Consent

autonomy, disclosure, risk
acknowledgment

Informed-consent statutes, hospital

consent forms

Algorithmic Fairness

disparate impact, protected class, bias
audit

Civil-rights statutes, non-
discrimination rules

Institutional Governance

credentialing, oversight committee,

compliance

Hospital bylaws, accreditation
standards

Standard of Care

reasonable physician, clinical guideline,
deviation

Malpractice case law

Data Privacy & Security

PHI, breach notification, de-
identification

HIPAA, GDPR health provisions

Regulatory Compliance &
Certification

premarket approval, device classification

FDA clearance pathways, EU
MDR/IVDR

TABLE IV. Theme Definitions and Representative Legal Vocabulaty
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Theme Primary Actor (NER) Secondary Actor Typical
Remedy/Mechanism
Cited
Liability & Accountability Treating physician Healthcare institution Negligence damages
Transparency & Al developer/vendot Regulator Disclosure/audit order
Explainability
Patient Rights & Informed Patient Treating physician Consent-based claim
Consent
Algorithmic Fairness Al developer/vendor Regulator Discrimination claim

Institutional Governance

Healthcare institution

Oversight committee

Compliance directive

Standard of Care Treating physician Expert witness Deviation finding
Data Privacy & Security Healthcare institution Regulator Breach penalty
Regulatory Compliance & Regulator Al developer/vendor Certification/clearance
Certification

TABLE V. Dominant Legal Actors Associated with Each Theme (NER-Derived)

As demonstrated in Tables IV and V, the themes align with distinct pairing of actors and types of remedies, which is why there

is a need for a layered framework suggested in Section VI: themes focusing on the physician involve the theme of liability and

standard of care; themes focusing on the developer and regulator involve the theme of transparency and fairness; and themes

focusing on the institution involve the themes of governance and privacy.

D. Comparative Legal Findings

A thematic analysis of the corpus based on the jurisdiction of origin shows that the emphasis is aligned with the predominant

regulatory framework of each region of origin, and not a consensus on global best practices for clinical harm caused by Al
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Fig. 4. Cross-jurisdictional emphasis on liability, transparency, consent, and fairness themes.
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Jurisdiction Liability | Transparency Informed Fairness Dominant Regulatory
(%) (%) Consent (%) (%) Instrument

United States | 29.1 15.2 17.8 10.9 State tort law + FDA SaMD
guidance

European 21.4 26.6 16.1 17.3 EU AI Act + MDR/IVDR

Union

United 20.8 17.9 18.4 11.6 MHRA Al-as-medical-device

Kingdom framework

India 26.9 14.8 19.2 9.7 Consumer Protection Act + digital
health guidance

TABLE VI. Cross-Jurisdictional Thematic Emphasis

In contrast to the approach of the United States and India, which focus more on the liability of the Al developer, the approach
taken by the European Union is more transparency-oriented, with a greater emphasis on transparency and conformity
assessment obligations of the EU AI Act. The U.K. is a space in between, suggesting that it is not just legal culture that

determines what themes of health-Al prevail in a jurisdiction, but regulatory architecture as well.
V. DISCUSSION
A. Transformation of Medical Malpractice and Standard of Care

However, the dominance of the "liability theme" (24.62%) at the corpus level indicates the continuing predominance of the
malpractice doctrine as the guiding prism for litigating harm caused by Al, as the content of that doctrine evolves. It remains
the reasonable-physician standard, but what a reasonably careful clinician would have done, based on the algorithmic output, is
not yet a settled standard as Al recommendations are not peer reviewed clinical guidelines but rather are based on a physician's
judgment. The uncertainty in the picture makes physicians a bit hesitant to rely on Al but more inclined to use it defensively
for confirmation rather than using it completely for diagnosis, potentially reducing the benefits of Al while maintaining the

same liability exposure.
B. Distributed Liability in AI-Assisted Clinical Decisions

As Table V reveals, thete is a trend in the NER-derived actor mapping towards the use of the term "healthcare institution" and
"Al developet" in addition to the term "physician" to describe those liable for the error. This points towards multi-party rather
than single-actor liability. This distribution leaves coverage gaps: A physician who reasonably relied on a validated tool will have
a defense to the claims, as will an institution that purchased a tool without it being designed by him, and a vendor who trained
the tool on data that was never shared with either the physician or the institution. Coverage gaps lead injured patients to have
to litigate causation across multiple theories of liability, and those theories are not always the same, and do not always have the

same jurisdiction.
C. Patient Rights, Explainability, and Algorithmic Fairness

Liability, patient rights and informed consent (15.48%) and algorithmic fairness (12.83%) are the next largest, although lower,
doctrinally-stable themes, as they ate the bridge between the themes: without explainability there's no basis on which to inform
consent, or contest a liability; and without the decision logic a regulator can't even audit for disparate impact. The cotpus
evidence confirms that these two themes are coming together into one requirement of procedural fairness, as previously found
that high accuracy models that are opaque can meet the outcome-oriented justice criterion but not the procedural-fairness

criterion.

D. Comparison with Existing Studies

Study Focus Method Sample/Corpus Validation
Maliha et al. | Liability reform Docttinal/policy Selected US case law | Expert commentary
(2021) [7] proposals analysis
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Cestonaro Diagnostic-algorithm | PRISMA systematic | 46 PubMed studies Reviewer consensus
etal. (2023) | liability review
9]
Mello & Liability risk typology | Doctrinal/legal Selected case law Peer review
Guha analysis
(2024) [10]
Royal Soc. Ethics/policy Narrative review ~95 sources Editorial peer review
Open Sci. synthesis
(2025) [15]
This Study | Liability, Hybrid legal-NLP + | 13,907-document Human agreement
transparency, doctrinal validation | corpus 89.30%
consent, fairness

TABLE VII. Comparative Positioning Against Representative Prior Studies

This study is placed in perspective with representative previous research in table VII. Earlier contributions, such as the Malia
et al. taxonomy of liability of diagnostic algorithms and the systematic review by Cestonaro et al. of the published literature on
the subject of diagnostic-algorithm liability, offer valuable insights but are not quantified, and draw conclusions on themes.
Unlike other synthetic approaches that involve computational validation steps, Mello and Guha's typology of liability risk, and
other syntheses of ethics and policy (e.g., the Royal Society Open Science review), do not involve measuring inter-rater reliability
between the various components of the narrative. Compared to the few previous studies that focus on quantitative NLP
performance, the present study processes a corpus that is two orders of magnitude larger than that of systematic reviews, reports
the quantitative NLP performance (NER F1 of 90.58%, topic coherence of 0.71) and closes the loop with a measured human-
expert agreement of 89.30%. This should not detract from the rigour of previous doctrinal research, but rather it will be used
as an illustration of the potential of computational approaches to complement the doctrinal analysis in order to test, at scale,
whether or not the themes that were qualitatively shown to be present in the underlying legal corpus are, indeed, present, and

in how much abundance.

100. Comparative Coverage Against Prior Studies

89.30

B =) -]
o o o

Methodological Coverage /
Validation Agreement (%)

N
o

This
Study

Cestonaro
et al. (2023)

Mello & Royal Soc.
Guha (2024) Open Sci. (2025)

Fig. 5. Methodological coverage/validation agreement compared with representative prior studies.

This gap is illustrated in Figure 5: previous research has noted qualitative or partial agreement, while the 89.30% of agreement
found in this study is a directly comparable, quantitative benchmark.
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VI. PROPOSED AI CLINICAL ACCOUNTABILITY FRAMEWORK

Drawing on the empirical theme distribution, the section suggests a multi-layered accountability system that shifts the
responsibility for Al mediated clinical harm from the clinician to the institutional, developer and regulatory levels, but does not
make patient rights and remedies the end of the line: it is the cross-cutting, terminating level of the system.

A. Framework Architecture

The theme of liability and accountability (24.62%) is strongly associated with the clinician node, which continues to be at the
heart of the clinical aspect of the field, and the clinicians are still responsible for making decisions on care, even if Al provides
recommendations. A large proportion of institutional governance responsibilities (11.67%) and some of the transparency and
explainability responsibilities (18.74%) is also absorbed by the healthcare institution node, as institutions choose, validate and
credential Al products before they are used by clinicians, and thus, have better leverage to demand that vendors provide
documents of explainability. Algorithmic fairness (12.83%) and the technical aspect of transparency (53%) are the primary
responsibility of the Al developet/vendor node, as bias or opacity can stem from the training data, as well as design choices
made for the Al model prior to deployment. The results of the investigations carried out in the nodes upstream of that one are
subject to the regulator node's oversight in terms of certification, premarket clearance and post-market surveillance and are
translated into enforceable compliance obligations thus ensuring transparency and fairness. Finally, the patient rights/remedies
node filters patient rights and informed consent (15.48%) and routes it to specific legal remedies, so that any upstream node
found liable will lead to patient rights disclosure, challenge and compensation. The rest of the themes, standard of care, data

privacy and regulatory compliance, serve as binding obligations that link adjacent nodes together over the chain.
B. Legal and Policy Implications

The framework suggests that there should be several policy changes, including: The standards for malpractice should be changed
to establish a reasonable-reliance benchmark for decisions made with the assistance of Al, rather than leaving physicians to
guess which standard to follow; institutions would need to get and keep from vendors explainability documentation as a

condition of using their products; developers would be bound to disclose information based on a model's clinical risk tier.
VII. LIMITATIONS AND FUTURE RESEARCH

There were a few limitations to this study. Thematic patterns are not necessarily reflected in the Pile of Law if it is predominantly
US- or English-language, as extra materials from EU and UK regulatory sources are included. Themes outlined by BERTopic
are sensitive to the embedding model used and hyperparameters, and may change depending on the embedding model and
hyperparameters. BERTopic is validated against human coding, but is not robust to model choice and hyperparameters.
Doctrinal validation was done not on the entire corpus, but on a stratified sample and despite the agreement being quite high,
there were still issues of legal nuances not captured by the automated classification. Future studies should be expanded to
include multilingual and civil-law legal systems, include case-outcome data to compare the thematic prevalence with outcomes
of litigations, and compare the proposed accountability regime to the new case law as Al-related malpractice cases start to be

brought to adjudication.
VIII. CONCLUSION

This study aimed to assess if the cutrent medical-malpractice doctrine is suitable for clinical decision making using Al does this
alone. The findings of this study suggest this is not all it takes. The merged Health Law TF-IDF, NER, Sentence-BERT, and
BERTopic pipeline with Pile of Law-derived Health Law corpus and a hybrid, doctrinal, legal analysis method shows expert
agreement on 89.30% of the output, and yields eight recurring themes which collectively characterize a legal landscape far wider
than that of physician negligence. Al induced harm is experienced, shared, remedied, and instrumented by various legal actors
and remedies, namely by clinicians, healthcare institutions, Al developers and regulators. This distribution, routing
responsibility, transparency, fairness and governance obligations are then translated at each point to the proposed layered
accountability, which is in operation at each layer, with access to remedy for patients. The study's taxonomy will be important
for future computational health-law research and serves as a methodological template for future studies, but will also need to
evolve into a multi-actor accountability framework for Al as it increasingly enters into clinical practice, instead of the single-

clinician approach of malpractice.Though the taxonomy created in this study will prove advantageous for other computational
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studies of health law, it will also need to be extended to a multi-actor accountability framework for Al in clinical practice, instead

of a single, malpractice-based model.
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