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ABSTRACT

Medical devices, from implantable sensors to injectable treatments, require rigorous safety and efficacy
evaluation, often with limited failure data and censored observations. Traditional frequentist methods
struggle in these cases due to small sample sizes and the need for prior knowledge incorporation. Bayesian
inference provides a robust alternative by integrating prior clinical insights with observed data, improving
uncertainty quantification and predictive accuracy. This paper explores Bayesian methods for medical
device reliability assessment, demonstrating their advantages in modeling rare adverse events, handling
incomplete trial data, and adapting to real-world evidence. A case study on injectables used in minimally
invasive treatments highlights Bayesian modeling’s ability to refine risk assessment and optimize regulatory
decision-making. By offering a more flexible and informative framework, Bayesian approaches enhance the
reliability of safety evaluations, ultimately leading to better patient outcomes and more efficient clinical trial
designs.

INTRODUCTION

Ensuring the reliability and safety of medical devices is central to regulatory approval and patient protection,
yet traditional statistical methods often struggle with small datasets and rare events. Bayesian inference
offers a powerful alternative, enabling integration of prior evidence with current data to generate more
precise and interpretable reliability assessments. This paper explores these methods in the context of
medical device trials, highlighting their value through regulatory trends and a real-world case study.

ENHANCING RELIABILITY ASSESSMENT OF MEDICAL DEVICES WITH BAYESIAN INFERENCE

Reliability and safety assessment form the cornerstone of regulatory processes for medical devices, as well
as for ongoing post-market surveillance. In regulatory contexts, reliability denotes a device’s capacity to
consistently fulfill its intended operational function throughout its lifecycle. The assessment of medical
device reliability is accompanied by distinct challenges, particularly due to the rapid evolution of device
technologies and a reliance on small, early-stage clinical studies for initial demonstration of efficacy and
safety. In comparison to pharmaceuticals, such limited datasets complicate traditional frequentist statistical
analysis, often resulting in broad confidence intervals or indeterminate estimates-especially when device
failures or adverse events are infrequent or entirely absent. This scenario undermines the precision and
interpretability of results, thus impeding clear regulatory decision-making.

Bayesian statistical methods offer methodological advantages in these settings by explicitly permitting the
integration of prior knowledge with new clinical evidence. Unlike frequentist approaches, which analyze
only contemporary data, Bayesian statistics formally incorporate historical data, expert opinion, and
outcomes from earlier device iterations into the reliability assessment. This methodology is particularly
advantageous for medical devices where historical and cross-generational data are often relevant and
accessible. Bayesian inference synthesizes prior information with new study data to generate posterior
probability distributions for risk or reliability parameters. This process yields direct probabilistic statements
(for example, the probability that a device’s true failure rate is below a specified safety threshold), facilitating
interpretability for clinical and regulatory stakeholders while providing more refined uncertainty
quantification in the form of credible intervals.

Recent regulatory developments have underscored growing acceptance of Bayesian approaches. In 2010,
the United States Food and Drug Administration (US FDA) published official guidance endorsing Bayesian
statistical designs for medical device trials, citing benefits such as reduced sample size requirements,
support for adaptive trial methodologies, and flexibility to update analyses as new information becomes
available. The adoption of Bayesian frameworks has subsequently increased, with 47 devices approved by
the FDA on the basis of Bayesian trials by 2022. This progression reflects a trend toward confident reliance



on validated Bayesian analyses to improve both the efficiency and accuracy of medical device safety and
effectiveness evaluations. The subsequent sections examine specific regulatory and scientific challenges
inherent in device reliability assessment and detail the Bayesian strategies used to address these issues.

Challenges in Medical Device Reliability Assessment- Why Bayesian?

1. Limited Sample Sizes in Device Trials

Medical device trials often involve relatively small patient populations compared to drug studies. This is due
to narrower indications and ethical or practical constraints. The limited sample size means failures and
adverse events are infrequent, making it challenging to obtain reliable performance estimates using
traditional statistical methods.

2. Limitations of Frequentist Approaches

When no device failures are reported in a small study, frequentist approaches may yield a failure rate of
zero. However, this does not reflect the uncertainty in the dataset. Confidence intervals may be undefined
or excessively wide, rendering them uninformative. Example: In a two-component system with no observed
failures, estimating reliability becomes problematic. Flawless performance in a small sample does not
guarantee long-term perfection. Censored data (limited follow-up or incomplete observation) further
complicates reliability estimates, and traditional survival analysis loses effectiveness when few events
occur.

3. Rare Adverse Events

Devices such as implantable sensors or injectable agents may carry rare risks that occur at rates below
1%. Detecting these events often requires impractically large studies. If no events occur, estimates default
to zero. Frequentist adjustments (e.g., Firth’s penalized likelihood, exact tests) attempt to address sparse
data but cannot incorporate external evidence. Expert consensus increasingly favors Bayesian methods
when datasets are sparse and prior evidence is available.

4. Leveraging Historical Data

Medical devices evolve iteratively, often building upon earlier models. Data from prior generations or similar
technologies are valuable, yet frequentist frameworks provide limited mechanisms for integrating this
information. Historical data may guide hypotheses but cannot formally influence inference. This leads to
redundant studies and underuse of available evidence. Regulatory authorities, including the FDA, support
Bayesian methods to incorporate credible prior data, potentially reducing study size and duration.
Techniques such as hierarchical modeling and weighting schemes help ensure appropriate use of prior
evidence.

5. Post-Market Evidence and Continuous Learning

Evaluation does not end at approval. Real-world evidence accumulates after launch, often uncovering rare
events or clarifying performance in broader populations. Frequentist approaches treat new data as separate
analyses, often relying on meta-analysis. Bayesian frameworks allow continuous updating of estimates as
new evidence arrives. This adaptability is particularly valuable for devices that undergo iterative
improvements and wider adoption. Regulators acknowledge that efficient evidence integration supports
faster study completion and responsive trial design.

Thus, assessing device reliability is complicated by small sample sizes, rare events, censored data, and
the need to leverage prior knowledge. Frequentist methods often fall short, producing inconclusive or
inefficient evaluations. Bayesian inference addresses these challenges by:

¢ Accounting for uncertainty.
e Incorporating historical data.
e Enabling continuous learning.



BAYESIAN METHODS FOR RELIABILITY AND SAFETY EVALUATION
Incorporating Prior Knowledge

A defining feature of Bayesian analysis is the use of Bayes’ theorem, which updates prior beliefs with
observed data to yield a posterior distribution. This framework enables the formal integration of prior
knowledge into the evaluation of a device’s reliability. Sources of prior information may include previous
clinical investigations, engineering bench tests, expert elicitation, or computational models.

In medical device development, it is common to borrow information from historical controls or earlier
generations of similar devices. For instance, when a new injectable device closely resembles an already
approved product, disregarding the substantial body of evidence from the predecessor may be inefficient
and, in some cases, ethically questionable. Bayesian trials allow for the use of informative priors reflecting
such historical experience, effectively increasing the trial’s informational content.

A notable example, documented by the Medical Device Innovation Consortium, involved a Bayesian study
design that incorporated historical safety data from a predecessor device, weighted to represent
approximately 40 patients (10% of the planned sample size). Importantly, the design incorporated a down-
weighting mechanism (via a loss function) to reduce the influence of prior information if new trial data
indicated discordance. This approach preserved regulatory rigor by ensuring that misleading conclusions
would not arise if the new device’s performance diverged from expectations. When prior and current data
are consistent, the resulting benefits include greater statistical precision and, in some cases, the potential
to conduct smaller or shorter studies without compromising evidentiary standards. As the FDA has noted,
incorporating prior information can enhance decision-making by improving estimate precision and providing
regulators with greater confidence at the time of approval decisions.

Modeling Rare Events and Small Samples

Bayesian methods are particularly advantageous in the context of rare events and small sample sizes.
Unlike frequentist approaches that may return wide or undefined confidence intervals when few events
occur, Bayesian inference generates a posterior distribution for the event rate that explicitly incorporates
both prior knowledge and observed data.

For example, in a study of 50 devices with zero observed failures, a frequentist analysis may report “0%
observed failures” with an upper 95% confidence bound of 5—-10%. A Bayesian analysis could instead apply
a prior distribution (e.g., a Beta prior centered on a 1% failure rate informed by similar devices), which, after
updating with the zero-failure data, would yield a posterior distribution concentrated near very low event
rates (e.g., median ~1%, credible interval 0.1-3%). This provides a more nuanced and realistic
characterization of risk, avoiding the misleading impression of “perfect reliability.”

Consider also a pilot study of 50 patients in which a new injectable device records one adverse event (2%).
Using only the data, a Clopper—Pearson interval might extend from 0.05% to 10.6%. In contrast, a Bayesian
analysis incorporating prior information (e.g., Beta(2,198) reflecting ~1% expected event rate) yields a
posterior Beta(3,247), corresponding to a posterior mean of 1.2% and a narrower 95% credible interval of
~0.3%-3.6%. Such refinement not only improves interpretability but also provides regulators with greater
assurance that the true rate lies within a clinically acceptable range.

Bayesian models further enable predictive assessments. For instance, regulators and sponsors can directly
estimate the probability of observing one or more failures in the next 100 patients, providing a forward-
looking tool for risk assessment and planning.

Handling Censored and Missing Data

Incomplete follow-up and censoring are common in medical device trials. Bayesian methods naturally
incorporate censored observations by assigning appropriate likelihood contributions (e.g., the probability of
surviving up to the censoring time). Priors can be specified on model parameters (e.g., a Weibull survival
distribution), allowing all available information to contribute to the analysis.



The FDA has highlighted the flexibility of Bayesian approaches for handling missing data. Unlike ad-hoc
imputation strategies or case exclusions sometimes used in frequentist settings, Bayesian analysis
integrates over possible missing values using the posterior sampling process. This ensures that no
available data are discarded and that the additional uncertainty introduced by missingness is properly
reflected in final estimates. The result is a principled, transparent, and comprehensive approach to
incomplete data.

Adaptive and Hierarchical Designs

Bayesian inference provides a natural foundation for adaptive designs, which are increasingly relevant in
device development where patient populations are often small. Because Bayesian methods adhere to the
Likelihood Principle, interim analyses can be conducted without multiplicity penalties, provided that
decisions are based on posterior probabilities. Trials may thus adapt dynamically-stopping early for efficacy
or futility, modifying sample size, or discontinuing arms with unfavorable profiles. These designs have been
recognized as innovative strategies for improving efficiency in medical device evaluation.

Bayesian hierarchical models further extend the ability to borrow information across related datasets. By
assuming exchangeability of study parameters, such models allow partial pooling: when new data are
consistent with historical results, estimates are pulled toward the aggregate; when inconsistent, the
influence of external data is down-weighted. This dynamic borrowing provides robustness while maximizing
efficiency.

For example, external data from European use of a device could be formally integrated with U.S. clinical
trial results. If the populations appear similar, estimates are strengthened; if differences emerge, the model
automatically reduces the weight assigned to external evidence. The FDA has already accepted
hierarchical Bayesian approaches in submissions, including cases where adult data were leveraged to
inform pediatric analyses, thereby reducing the number of children required for enroliment while maintaining
confidence in the evidence base.

Summary

Bayesian methods address key challenges inherent to medical device trials:

Borrowing prior information to enhance efficiency.

Robust rare-event modeling in small datasets.

Principled handling of censored or missing data.

Implementation of adaptive and hierarchical designs to improve trial flexibility and relevance.

Together, these features provide a rigorous yet efficient framework that enables more precise estimates,
more ethical study designs, and more confident regulatory decision-making.

BAYESIAN METHODS IN AESTHETIC INJECTABLE TRIALS

Bayesian adaptive dose-finding approach was demonstrated in a botulinum toxin trial. In a trial of botulinum
toxin-B for cervical dystonia, researchers applied a Bayesian hierarchical model to assess different doses
and patient-specific factors. This model-based analysis revealed that a lower dose (5,000 units) actually
produced greater symptom improvement than a higher dose (10,000 units) — a finding quantified with a
posterior estimate of treatment effect (—2.39 on the severity score; 95% Bayesian credible interval —4.10 to
—0.70). The Bayesian framework also captured patient heterogeneity: for instance, male patients had about
5% greater improvement than females, and substantial between-patient variability was noted. By leveraging
priors and multi-level modeling, the analysis identified an optimal dose and key subgroups in a single study.
The authors conclude that “Bayesian methods provided nuanced insights into uncertainty and
heterogeneity,” paving the way for more personalized treatment protocols. This illustrates how Bayesian
designs can enhance dose-response estimation — an approach that could similarly benefit cosmetic
injectable trials (e.g. to find an optimal Botox dose for a new indication by using prior clinical data as an
informative prior, or to adaptively stop a filler trial early if efficacy is clearly shown).



A compelling real-world application is the re-analysis of Phase Il/lll trials of botulinum toxin type A (BoNT-
A) for cosmetic use. Rahman et al. revisited 23 pivotal trials of various BONT-A products for glabellar (frown)
lines using advanced modeling techniques, including Bayesian logistic regression. These trials had
originally relied on binary endpoints (e.g. “responder” vs “non-responder”), potentially oversimplifying
outcomes. By synthesizing the published data via Monte Carlo simulation, the authors applied Bayesian
models to estimate the posterior probability of efficacy for each toxin product. The results showed that all
toxins had an extremely high probability of being better than placebo — the Bayesian models yielded
enormous posterior odds ratios for active treatment versus placebo, from about 36:1 up to 92:1 depending
on the product. For example, prabotulinumtoxinA had an estimated OR ~92.4 (indicating it's 92 times more
likely than not to produce a clinical response vs placebo), whereas abobotulinumtoxinA had a lower — but
still decisive — OR ~36.5. These differences aligned with subtle efficacy variations: prabotulinumtoxinA was
estimated to yield a ~91% responder rate at 30 days, versus ~76% for abobotulinumtoxinA, and also
maintained the effect longer (median ~168 days vs 122 days). Such nuances had been masked by the
original analyses. The Bayesian re-analysis thus “surfaced richer efficacy profiles”: it detected that some
products have slightly faster onset or longer duration, and it quantified uncertainty more intuitively via
credible intervals. It also incorporated missing-data assumptions to check robustness. Overall, this case
study highlights that legacy analytic methods in aesthetic trials “fail to reflect the complexity of aesthetic
response,” whereas Bayesian modeling can reveal differences in treatment trajectories and patient
subgroups. The use of informative priors and hierarchical models in this re-appraisal influenced the
interpretation of which Botox-like product might be more effective or longer-lasting, information that could
guide both clinicians and regulatory decisions.

Bayesian methods also shine in comparative efficacy studies when multiple treatments exist. A good
example is the network meta-analysis by Li et al. (2023), which evaluated all major botulinum toxin type A
products for treating glabellar lines. A Bayesian network meta-analysis (NMA) was used to combine data
from numerous randomized trials — an approach that not only compares each product to placebo but also
infers indirect head-to-head comparisons between products (through their common link to placebo). The
Bayesian NMA confirmed that all approved BoNT-A formulations (onabotulinumtoxinA,
incobotulinumtoxinA, abobotulinumtoxinA, etc.) are far superior to placebo in efficacy. Notably, it found
daxibotulinumtoxinA (DAXI, a newer longer-acting toxin) to have the highest efficacy: DAXI was the only
treatment that significantly increased the proportion of patients with =1-grade improvement in wrinkle
severity compared to other toxins. In the Bayesian ranking of treatments by probability of being best, DAXI
came out on top for both effectiveness and tolerability. The authors concluded this toxin “may be not only
more effective but also well-tolerated” for frown lines. Such analyses rely on Bayesian models to estimate
posterior distributions for each treatment’s effect and generate probabilistic rankings (e.g. the probability
each treatment is the best). This case demonstrates how Bayesian evidence synthesis can guide
practitioners in choosing among different injectable products and inform regulators by aggregating all
available trial data. It's especially relevant in aesthetics, where multiple brands of botulinum toxins or fillers
compete — an NMA offers an objective, data-driven way to compare them on efficacy and safety, often
influencing guidelines or approval of new competitors.

BAYESIAN METHODS IN WOUND-HEALING DEVICES

Medical wound healing devices face challenges similar to those discussed in Bayesian reliability
assessments for other medical devices. Trials for advanced wound therapies often have small sample sizes
(especially in rare conditions like Epidermolysis Bullosa, EB) and may encounter rare outcomes or censored
data (e.g. some wounds only partially heal or patients drop out). Bayesian methods can greatly enhance
the evaluation of such devices by incorporating prior knowledge, modeling rare events, and providing
adaptive, informative analyses.

Example — Negative Pressure Wound Therapy (NPWT): NPWT (wound vacuum devices) has been widely
adopted in managing chronic and surgical wounds, yet definitive RCT evidence of its benefit has been
limited. A Bayesian re-analysis was applied to an observational study of NPWT for surgical wounds healing
by secondary intention. This analysis adjusted for confounders and integrated prior understanding of wound
healing, reporting results in terms of posterior probabilities. Notably, the investigators found “no evidence
that NPWT was [significantly] more cost-effective [or effective] compared with standard dressings” in that



context. Instead of a simple yes/no answer, the Bayesian approach provided a probability that NPWT
improves healing and a credible interval for the size of any effect. This gave decision-makers a nuanced
view: despite NPWT’s intuitive benefits (removing fluid, reducing swelling, drawing wound edges together),
the posterior analysis suggested any true advantage was uncertain or modest. By formally incorporating
uncertainty, the analysis could convey, for example, “there is only a 40% chance that NPWT meaningfully
speeds up healing over standard care,” which is more informative than a non-significant p-value. Such
insight helps avoid overconfidence in a device and guides whether further trials or changes in usage are
warranted.

REGULATORY IMPACT

Bayesian statistical methods are reshaping how regulators and sponsors plan, analyze, and interpret
evidence for medical devices- including aesthetic injectables and wound-care technologies. Regulators
increasingly recognize that device development often operates with small datasets, heterogeneous
populations, sparse events, and censored follow-up. In this context, Bayesian approaches deliver decision-
relevant outputs (posterior probabilities, credible intervals, and predictive probabilities) that are more
informative than binary hypothesis tests, and they allow principled use of prior knowledge from earlier
device generations, historical controls, engineering tests, and real-world evidence.

First, Bayesian designs can reduce required sample sizes when credible prior information exists and is pre-
specified, justified, and made robust to prior—data conflict (e.g., via power/commensurate priors or
mixture/robust priors). This accelerates development without compromising evidentiary standards because
operating characteristics (type | error, power, expected precision) are validated through simulation. Second,
adaptive features grounded in posterior probabilities-early stopping for efficacy or futility, response-adaptive
randomization, sample-size modification, or arm dropping-support ethical oversight by limiting exposure to
inferior treatments and focusing resources where benefit is most likely. Third, Bayesian models offer
transparent handling of censored and missing data: censored observations contribute likelihood terms, and
unknown values are integrated over in the posterior rather than imputed ad hoc. Finally, hierarchical
borrowing enables formal integration of external data (e.g., prior adult studies informing pediatric
indications, or EU cohorts informing U.S. trials) while automatically down-weighting discordant sources,
preserving regulatory rigor.

Practical implications for sponsors.

e Plan for priors, then test them. Document the scientific basis for priors (clinical analogs, bench
data, expert elicitation), quantify effective sample size, and pre-specify conflict-resolution rules to
maintain credibility if new data disagree.

o Model what matters. Align endpoints and models with decision questions: failure rates, adverse-
event probabilities, time-to-closure, or composite benefit. Report interpretable metrics such as
“P(effect = clinically relevant margin | data).”

o Simulate early, simulate often. Use design-stage simulations to demonstrate control of error
rates, expected precision, and robustness to mis-specification or prior miss-match; include
sensitivity analyses for missingness and commensurability.

e Leverage continuous learning. Extend the same framework to post-market surveillance-
continuously updating safety and effectiveness estimates as real-world data accrue, improving
label clarity and signal detection.

CONCLUSION

Bayesian methods shift device evaluation from asking whether a difference is statistically significant to
estimating how likely a clinically meaningful benefit (or risk) is-and how large it might be. This decision-
focused framing enables faster, more ethical trials (via posterior-based early stopping and adaptive
randomization), sharper certainty around rare events and censored outcomes, and stronger, more
transparent decisions at approval and post-market. As aesthetic and minimally invasive technologies
evolve, Bayesian frameworks provide a principled, flexible backbone for integrating prior evidence



(historical data, bench tests, expert elicitation), rigorously quantifying uncertainty with credible intervals and
predictive probabilities, and updating conclusions as new data accrue. In practice, this means sponsors
can justifiably reduce sample sizes when prior information is commensurate, regulators can assess benefit—
risk with clearer probabilistic statements, and surveillance systems can continuously refine safety profiles.
The result is a more robust, life-cycle assessment of device performance, delivering better patient outcomes
and more efficient development of innovative treatments. Embracing this modern statistical paradigm
ensures medical devices are not only cutting-edge in technology, but also in the way we evaluate and trust
their safety and effectiveness for the patients who rely on them.

REFERENCES

1.

10.

11.

FDA. Guidance for the Use of Bayesian Statistics in Medical Device Clinical Trials. US Food and
Drug Administration, 2010. [Online]. Available: https://www.fda.gov/regulatory-information/search-
fda-guidance-documents/guidance-use-bayesian-statistics-medical-device-clinical-trials

FDA. Bayesian Statistical Analysis (BSA) Demonstration Project. US Food and Drug
Administration, 2023. [Online]. Available: https://www.fda.gov/about-fda/cder-center-clinical-trial-
innovation-c3ti/bayesian-statistical-analysis-bsa-demonstration-project

Cao H., Yao C., & Yuan Y. (2023). Bayesian approach for design and analysis of medical device
trials in the era of modern clinical studies. Medical Review, 3(5), 408—416. [Online]. Available:
https://pmc.ncbi.nim.nih.gov/articles/PMC10810749/

Medical Device Innovation Consortium (2016). Proposal for a Bayesian Clinical Trial Design
Using Historical Data. MDIC White Paper. [Online]. Available: https://mdic.org/wp-
content/uploads/2016/07/002-MDIC-Bayesian-clinical-trial-proposal-using-historical-data.pdf
Baidoo B., et al. (2025). Bayesian hierarchical dose-response analysis in a botulinum toxin-B trial
for cervical dystonia. Preprint. [Online]. Available: https://arxiv.org/abs/2508.15762

Rahman E., et al. (2025). Beyond binary endpoints: modernizing aesthetic trial analytics —
simulation-based reappraisal of phase 2/3 BoNT-A studies using advanced statistical models.
European Journal of Plastic Surgery. [Online]. Available:
https://link.springer.com/article/10.1007/s00238-025-02331-4

Li Y., et al. (2023). Efficacy and safety of botulinum toxin type A for treatment of glabellar lines: a
network meta-analysis of randomized controlled trials. Aesthetic Plastic Surgery, 47(2), 720-732.
[Online]. Available: https://pubmed.ncbi.nim.nih.gov/36097079/

Pangeni L. (2019). Leveraging Bayesian statistics for reliability predictions with limited sample
data. Accendo Reliability. [Online]. Available: https://accendoreliability.com/leveraging-bayesian-
statistics-for-reliability-predictions-with-limited-sample-data/

Cross Validated (2018). Modeling rare events with small sample size (online discussion). [Online].
Available: https://stats.stackexchange.com/questions/354084/modelling-rare-events-with-small-
sample-size

Bayesian Econometric Modelling of Observational Data for Cost-effectiveness Analysis:
Establishing the Value of Negative Pressure Wound Therapy in the Healing of Open Surgical
Wounds | Journal of the Royal Statistical Society Series A: Statistics in Society | Oxford Academic
https://academic.oup.com/jrsssalarticle/183/4/1575/7056332

Saramago PRG, et al. JRSS-A. 2020 (Bayesian econometric modeling of NPWT vs standard
care; no cost-effectiveness demonstrated). University of Bristol

ClinicalTrials.gov: NCT05944250 (Spincare™ RDEB randomized pilot; protocol/SAP PDF).

CONTACT INFORMATION

Your comments and questions are valued and encouraged.
Contact the author at:

Author Name: Shrutimita Pokhariyal

Company: Symbio

Address: Chandigarh, India

Work Phone: +91 7528806366

Email: shruti.pokhariyal@symbioresearch.com


https://www.fda.gov/regulatory-information/search-fda-guidance-documents/guidance-use-bayesian-statistics-medical-device-clinical-trials
https://www.fda.gov/regulatory-information/search-fda-guidance-documents/guidance-use-bayesian-statistics-medical-device-clinical-trials
https://www.fda.gov/about-fda/cder-center-clinical-trial-innovation-c3ti/bayesian-statistical-analysis-bsa-demonstration-project
https://www.fda.gov/about-fda/cder-center-clinical-trial-innovation-c3ti/bayesian-statistical-analysis-bsa-demonstration-project
https://pmc.ncbi.nlm.nih.gov/articles/PMC10810749/
https://stats.stackexchange.com/questions/354084/modelling-rare-events-with-small-sample-size
https://stats.stackexchange.com/questions/354084/modelling-rare-events-with-small-sample-size
https://academic.oup.com/jrsssa/article/183/4/1575/7056332
https://research-information.bris.ac.uk/files/261674187/rssa.12596.pdf?utm_source=chatgpt.com

