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Article

Medical Decision-Making Amid Insufficient,
Unreliable or Conflicting Empirical Evidence

Arturo Tozzi

Center for Nonlinear Science, Department of Physics, University of North Texas, Denton, Texas, USA, 1155
Union Circle, #311427 Denton, TX 76203-5017 USA,; tozziarturo@libero.it

Abstract: Medical decision-making relies on scientific data to ensure accurate diagnoses and effective
treatments. However, in many real-world scenarios, medical data may be incomplete, unreliable or
conflicting, leaving clinicians with significant uncertainty. We propose a pragmatic and structured
approach to medical judgment when sufficient empirical evidence is unavailable. We build a
heuristic model that integrates multiple sources of knowledge —including evidence-based medicine
levels, expert consensus, individual clinical experience, logical reasoning and cognitive biases—to
derive a quantifiable degree of belief in a given treatment decision. Each source is assigned a
weighted value and their cumulative score determines whether a proposed medical intervention
should be accepted or rejected. Unlike traditional Bayesian models, which rely on probabilistic
updates, our method prioritizes pragmatic decision-making through an aggregation of both
statistical and non-statistical evidence. Our approach integrates both subjective and collective
knowledge, emphasizing the central role of clinical expertise and contextual factors in medical
practice when evidence-based medicine is insufficient. Through a hypothetical case study on
antibiotic administration, we illustrate the practical application of our model. We conclude that our
heuristic belief-aggregation model, by formalizing the weighting of diverse epistemic sources—
including pragmatic reasoning —enhances decision-making in ambiguous medical contexts where
conventional empirical validation is unavailable.

Keywords: epistemic uncertainty; heuristic judgment; Bayesian alternatives; evidence-based
medicine; cognitive biases

Introduction

Medical decision-making requires clinicians to rely on available scientific evidence to ensure
accurate diagnoses and determine the most effective course of treatment. Ideally, these decisions are
driven by a solid foundation of empirical data, including randomized controlled trials, systematic
reviews and large-scale observational studies (Young et al., 2020; McFadden 2023). However, in real-
world clinical practice, such high-quality evidence is not always available. Physicians frequently
encounter cases where data are incomplete, unreliable or contradictory, creating an epistemic gap
that challenges the traditional models of evidence-based medicine (Meyer et al., 2021). The question
that arises in these situations is whether a rational and justifiable medical decision can still be made
and if so, what methodologies can be employed to navigate uncertainty (Guerdan et al., 2023). The
absence of scientific evidence in medical decision-making can result from multiple factors. Some
medical conditions are rare or under-researched, limiting the availability of robust clinical trials.
Emerging diseases and novel therapeutic interventions, such as the COVID-19 vaccine, often lack
long-term studies, compelling doctors to make decisions based on preliminary findings, clinical
observations, and theoretical reasoning. Additionally, the nature of medical evidence itself can be
contested, with studies producing conflicting results due to differences in methodology, sample size
or statistical interpretation (Kaplanis et al.,, 2020). The hierarchy of evidence in evidence-based
medicine traditionally prioritizes randomized trials over observational studies, expert opinions and
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mechanistic reasoning (Wang et al., 2023). Yet, in many medical situations, reliance on lower-tier
evidence is unavoidable (Hammond et al.,, 2021; Wan et al., 2022). The challenge, then, is how to
systematically incorporate diverse knowledge sources while maintaining the reliability of medical
judgments.

Bayesian models provide a mathematical framework for integrating diverse sources of
information and dynamically updating degrees of belief as new data emerges. However, they assume
that probabilities can be assigned to all relevant variables, which is not always feasible in clinical
contexts with missing or non-quantifiable data. Moreover, Bayesian inference does not account for
the cognitive and social dynamics that shape how medical professionals weigh different forms of
evidence, including biases, heuristics and collective knowledge. Given these limitations, alternative
frameworks are needed to formalize medical decision-making under uncertainty while remaining
pragmatic in real-world clinical environments.

We propose a heuristic belief-aggregation model (henceforward HAM) that quantifies degrees
of belief by integrating multiple epistemic sources relevant to medical judgment. The primary
objective is to provide a structured yet flexible method that allows clinicians to make justified
treatment decisions even in the absence of robust empirical data. Our approach assigns weighted
values to different categories of evidence, including scientific literature, expert consensus, individual
clinical experience, logical reasoning. By summing these weighted values, a cumulative score is
generated, indicating whether a particular treatment decision should be accepted or rejected. Unlike
standard Bayesian approaches, which require well-defined probability distributions, our model
accommodates qualitative and subjective factors that often play a crucial role in clinical reasoning.
A key feature of our approach is its explicit acknowledgment of both externalist and internalist
sources of justification. Externalist sources, such as systematic reviews and randomized trials,
provide objective, data-driven insights forming the backbone of evidence-based medicine (Goldman,
1986; Alston 1989). Internalist sources, including individual expertise, peer opinions and inferential
reasoning, contribute to the interpretation and contextualization of available data (Chisholm 1989;
Haack 1991; Ben-Moshe 2019). HAM systematically incorporates these elements, ensuring that
decision-making is not solely dependent on statistical inference but also accounts for the realities of
medical practice.

To illustrate the utility of our heuristic model, we present a hypothetical case study involving
the use of an antibiotic in a scenario where conventional guidelines do not offer a clear directive. By
applying our belief-aggregation method, we demonstrate how different knowledge sources
contribute to a final treatment decision. In the following sections, we discuss the theoretical
foundations of our approach, outlining its relationship to existing decision-making models in
medicine. Then, we detail the methodological framework, specifying how different sources of
knowledge are weighted and integrated. A practical application is presented through the case study,
followed by a discussion of the HAM's advantages, limitations and prospects for future refinement.

Materials and Methods

We built a structured heuristic framework designed to assist medical decision-making when
sufficient empirical data are unavailable, unreliable or contradictory. The approach integrates
multiple sources of knowledge, both empirical and non-empirical, to form a quantifiable degree of
belief regarding a medical decision. We follow a sequential process that begins with the formulation
of a medical question and proceeds through evidence collection, source classification, numerical
assignment, aggregation and decision-making.

The first step is to define the medical question in a standardized, logical format, ensuring that
the problem under investigation can be systematically analysed. The medical question is framed as a
conditional statement of the form “if X, then Y,” where X represents a specific medical intervention
and Y denotes an expected clinical outcome. The question is structured to have a binary response of
either “yes” or “no” to facilitate decision-making without ambiguity (Ramsey 1929; Carnap 1974;


https://doi.org/10.20944/preprints202502.0769.v1

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 12 February 2025 d0i:10.20944/preprints202502.0769.v1

30of9

Taylor and Raden, 2007; Misak 2020). This format is chosen to align with classical logical structures
and expert system frameworks, which prioritize clear conclusions.

The next step consists of the identification and collection of all available sources of knowledge
that may contribute to the decision-making process. This includes formal scientific evidence from
medical literature, clinical expertise derived from practitioners” experience, collective knowledge
within the medical community, inferential reasoning based on logical principles and additional
modifying factors such as cognitive biases and confounding variables.

The collected information is categorized into two broad epistemic domains: externalist sources,
which originate from outside the individual decision-maker and relyi on empirical validation
(Armstrong 1973; Supriyanto 2023) and internalist sources, which depend on the subjective
interpretation, expertise and reasoning of the clinician (Feldman and Conee, 1985; BonJour 1985;
Supriyanto 2023).

The externalist sources consist of levels of evidence classified according to the widely accepted
hierarchical frameworks in evidence-based medicine. The highest-ranked source of knowledge in this
category is systematic reviews and meta-analyses of randomized controlled trials, considered the
gold standard for determining treatment efficacy (Burns et al., 2011). Randomized controlled trials
without systematic synthesis follow in the hierarchy, providing a strong, albeit slightly less robust,
form of evidence (OCEBM Levels of Evidence Working Group, 2011; Antoniou 2021). Non-
randomized controlled cohort studies and observational studies come next, reflecting a lower level
of empirical rigor but still contributing valuable insights, especially in cases where randomized trials
are infeasible. The weakest form of externalist evidence includes case series, case reports and expert
opinion without formal empirical validation, which are often used as a last resort when higher levels
of evidence are unavailable (Greenhalgh 1997; Debray et al., 2023). Further, model-based statistical
approaches could be able to predict patient outcomes with discrete accuracy, improving decision-
making related to medical treatments (Chekroud et al., 2024). The growing momentum of machine
learning—based medical decision support systems in health care is creating high expectations, but the
performance is not (yet?) able to overtake human decision-making (Vasey et al., 2021; Luo et al., 2023).

The internalist sources encompass a broader range of non-empirical factors influencing medical
judgment (Heyting 1930). Individual clinical experience plays a significant role, incorporating
knowledge gained from repeated exposure to similar cases, pattern recognition and intuitive
decision-making confidence (Rosenberg, 2002; Fields et al., 2024). This category also includes
collective medical knowledge, which is derived from discussions among practitioners, expert
consensus and the collective wisdom of the medical community (Monteiro et al., 2020). According
to the wisdom of crowds principles, accurate estimates can be obtained by combining the judgements
of different individuals, since the average of just two judgements from different people (between-
person aggregation) is more accurate than a large number of repeated judgements from the same
person (within-person aggregation) (van Dolder et al., 2018). Logical reasoning is another crucial
internalist issue, incorporating deductive inference, mechanism-based thinking and theoretical
extrapolation (Suppes 1960; Vasey et al., 2021). Additionally, modifying factors such as cognitive
biases, heuristics and decision-making fallacies are recognized for their potential to distort judgment
(Gettier 1963; Taleb 2007; Beldhuis et al., 2021; Loncharich et al., 2023).

The next step consists of numerical assignment of values to each source. This involves the
allocation of weighted scores reflecting the relative reliability and influence of each knowledge
source. A numerical scale is used, where positive values indicate support for the proposed medical
intervention, negative values signify opposition and zero values denote neutrality or the absence of
relevant information (Figure 1). The assignment of numerical values is driven by the relative strength
of each source within the hierarchy of evidence, with higher-ranked sources receiving larger
numerical weights. Systematic reviews and meta-analyses are assigned to have the highest positive
or negative values due to their strong empirical foundation, while lower-ranked sources receive
progressively smaller values. Individual clinical experience, collective knowledge and logical
reasoning are assigned lower values, reflecting their contributory role but acknowledging their
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susceptibility to subjective bias. Indeed, confounding factors, including cognitive biases and
emotional influences, stand for modifiers that may adjust or temper the assigned values.

The next step involves the aggregation of values to generate a cumulative score representing the
overall degree of belief. The summation of all assigned values produces a single numerical outcome,
which is interpreted according to predefined thresholds. If the cumulative score is positive, the
treatment decision is endorsed; if the score is negative, the treatment is rejected. The absolute
magnitude of the score provides an indication of the degree of confidence in the decision, with higher
values reflecting stronger epistemic support. Cases where the score is near zero indicate a state of
epistemic equilibrium, where neither approval nor rejection is strongly justified.

In sum, HAM aims to integrate diverse knowledge sources into a single quantitative framework.
The method accommodates both empirical and non-empirical factors, ensuring that decision-making
remains structured even in the absence of definitive scientific evidence.

Next, we apply our methodology to a case study examining the hypothetical use of an antibiotic
termed Napcar for treating severe diabetic microangiopathy.

[llustration of Possible Choices in Medical Decision-Making

X x  Negative (No)
x  Positive (Yes)
=== Neutral (Unavailable)

Logical Reasoning | X

Individual Experience X

Collective Knowledge | X

Case-Series/Case-Control | X

Non-Randomized Study | X

Randomized Trial | x

Systematic Review [ X

-0.8 -0.6 -0.4 -0.2 0.0 0.2 0.4 0.6 0.8
Assigned Value of Belief

X

Figure 1. Potential available options in medical decision-making. The diagram represents different sources of
knowledge (systematic review, randomized trials, case series, etc.) and their assigned values, ranging from

negative (red) to positive (green), with a neutral line indicating unavailable information.

Results

We analysed a case study exploring the potential use of the hypothetical antibiotic Napcar in
treating severe diabetic microangiopathy. The medical question under evaluation was whether
administering Napcar twice daily instead of the conventional once-daily regimen would yield
superior clinical outcomes. We followed our structured methodology, beginning with the
formulation of the medical question and proceeding through source identification, classification,
numerical assignment and aggregation.

To address the specific question, no systematic reviews or meta-analyses were available,
resulting in an assigned value of zero for this source (Figure 2). A single randomized controlled trial
had been conducted on the conventional use of Napcar, providing evidence that the once-daily
regimen was effective, leading to a negative value assignment of -0.35. Non-randomized cohort
studies and observational data were not available, contributing additional zero values. A case series
had reported anecdotal evidence supporting twice-daily administration, warranting a positive value
assignment of +0.2. Collective medical knowledge, based on informal expert opinions, contributed a
small positive value of +0.1, reflecting cautious support without empirical validation. Individual
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clinical experience also supported the possibility of twice-daily administration, contributing an
additional +0.1. Logical reasoning, based on pharmacokinetic properties indicating a short half-life of
Napcar, provided another +0.1 in favor of increased frequency of administration. Aggregating these
values resulted in a cumulative score of +0.15, indicating a slight preference for the twice-daily
regimen despite the presence of a contradictory randomized trial.

The cumulative belief score must be interpreted within the context of decision-making
thresholds. A strongly negative score would have reinforced the existing standard of care,
discouraging deviation from the once-daily regimen, while a strongly positive score would have
provided compelling justification for the alternative regimen. The final belief score of +0.15
indicated a weak but measurable preference for the adjusted dosing schedule, suggesting that, within
the context of limited empirical data, there was a justifiable rationale for considering the alternative
treatment approach of twice-daily administration.

Application of the Decision Model to the Napcar Case
0.10

Logical Reasoning -

Individual Experience 0.10

Collective Knowledge - 0.10

Case-Series/Case-Control | 0.20

Non-Randomized Study 0.00
Systematic Review [ 0.00
~03 ~02 ~0.1 0.0 0.1 0.2

Assigned Value of Belief

Figure 2. Application of HAM to the hypothetical Napcar case study, where the possibility of administering the
antibiotic twice a day instead of once was evaluated. Each category represents a different source of knowledge
and the assigned values reflect their contribution to the final decision. The final cumulative value of +0.15

suggests a slight preference for administering Napcar twice daily.

Conclusions

We provide a structured approach to medical decision-making when empirical data are
insufficient, unreliable or conflicting. The novelty of our approach lies in its explicit integration of
both empirical and non-empirical sources of knowledge into a unified, quantitative framework. Our
model acknowledges that real-world medical decision-making incorporates a broader range of
influences. Unlike purely probabilistic approaches, such as Bayesian inference, which require precise
prior probabilities, our heuristic method offers a simpler, more adaptable structure that
accommodates qualitative factors, including cognitive biases, personal experience and expert
consensus. The innovation is the explicit numerical weighting of different sources of knowledge,
allowing for a transparent approach to decision-making under uncertainty. The choice of numerical
values assigned to each epistemic source is based on a balance between the strength of evidence and
its practical influence on decision-making, ensuring that the framework remains both scientifically
grounded and clinically useful. The numerical scale guarantees that highly reliable sources exert a
dominant influence on the final belief score, while still allowing room for other factors to contribute
meaningfully. The highest positive and negative values are assigned to systematic reviews due to
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their comprehensive nature and reliability, followed by decreasing weights for randomized trials,
observational studies and case-series data. Lower values are assigned to collective knowledge,
individual experience and logical reasoning, reflecting their less formalized and more context-
dependent nature. Further, our approach mitigates the risk of subjective bias dominating clinical
reasoning while still preserving the flexibility needed for real-world application. Alternative
numerical assignments could be used, but they would require rigorous justification and empirical
validation to maintain consistency and predictive reliability.

In sum, the interpretability and reproducibility of the numerical belief score ensures
transparency in the decision-making process, allowing clinicians to see exactly how different sources
contribute to the outcome.

Compared to other techniques, HAM offers several advantages. Traditional Bayesian methods,
while mathematically rigorous, require precise probability distributions and often struggle to
incorporate qualitative factors such as cognitive biases, expert judgment and heuristic reasoning.
HAM circumvents this issue by using a structured yet flexible numerical system accommodating
both statistical and non-statistical evidence. Still, machine learning-based decision-support systems,
while increasingly sophisticated, often lack transparency and interpretability, making it difficult for
clinicians to understand how a given recommendation is derived. In turn, our model provides an
explainable decision-making process, allowing physicians to see exactly how different sources
contribute to the outcome. Unlike purely intuitive decision-making, which can be highly variable and
prone to bias, HAM ensures that all relevant epistemic inputs are explicitly considered and
systematically weighted.

The potential applications of HAM extend beyond the Napcar case study to a wide range of
medical decision-making scenarios. In emergency medicine, where rapid decisions are required
despite incomplete information, HAM could provide a way to integrate available evidence and
professional judgment. In rare diseases, where large-scale clinical trials are often lacking, the model
could help synthesize case reports, expert opinions and mechanistic reasoning into a coherent
treatment recommendation. In situations involving emerging diseases or novel treatments where
data are limited, our method could be adapted to continuously update belief scores as new evidence
becomes available. Additionally, HAM could be implemented in artificial intelligence-driven
decision-support systems, enhancing the ability of clinical algorithms to incorporate expert
knowledge and qualitative reasoning into automated recommendations. Also, HAM has broader
implications for epistemology and medical ethics. The process of forming justified medical beliefs
without sufficient empirical evidence raises fundamental questions about the nature of knowledge,
uncertainty and the role of expert judgment in healthcare. The strain between empirical rigor and
pragmatic necessity underscores the need for a balanced approach that neither dismisses non-
empirical factors outright, nor overemphasizes subjective reasoning at the expense of scientific
validity. Additionally, expanding HAM to incorporate sensitivity analysis would allow for a better
understanding of how variations in individual epistemic contributions influence overall decision
confidence.

The application of HAM to the hypothetical case study of the antibiotic Napcar demonstrates
how our structured decision-making framework can integrate multiple epistemic sources, assign
numerical values to each and generate a cumulative belief score to guide clinical choices. Even when
robust empirical evidence is available, such as the randomized controlled trial in our case study,
alternative knowledge sources may still exert influence on medical decision-making. This means that
medical decision-making is not purely data-driven but also shaped by contextual understanding and
pragmatic considerations. The results further highlight the importance of explicitly considering
cognitive biases and confounding factors. Although not assigned discrete numerical values in this
study, these factors were recognized as potential modifiers of judgment. HAM could be tested
through controlled or retrospective studies in which physicians are presented with complex clinical
cases and asked to make decisions using different methods, with their choices compared for
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consistency and justification. We hypothesize that our model will perform comparably to Bayesian
approaches in predictive accuracy but with greater ease of use.

Despite its advantages, HAM has several limitations. Our assignment of numerical values to
different epistemic sources remains somewhat subjective. While our hierarchy is grounded in
evidence-based medicine principles, different weighting schemes could yield different results. Our
method does not erase uncertainty but rather provides a structured way to navigate it; decisions with
low belief scores may still require further empirical research or additional clinical judgment. HAM
assumes that different epistemic sources can be meaningfully combined into a single numerical score,
which may not always be the case, particularly when sources directly contradict each other.
Additionally, while our model accounts for cognitive biases, it does not prevent them entirely and
clinicians must remain vigilant against over-reliance on subjective influences. Still, HAM’s reliance
on numerical assignments introduces an inherent degree of subjectivity, as the weighting of different
sources depends on heuristic judgment rather than a strictly algorithmic process. The relatively low
cumulative score in the Napcar case illustrates the challenge of making high-confidence decisions
when empirical evidence is conflicting or sparse. Furthermore, while the approach successfully
synthesizes various epistemic sources, it does not resolve the underlying issue of limited high-quality
data, meaning that decisions remain probabilistic rather than definitive. Future refinements, such as
expert calibration of numerical weights and sensitivity analyses to assess the robustness of belief
scores, could enhance HAM'’s reliability and applicability.

In conclusion, we introduce a structured and quantifiable approach to medical decision-making
when empirical data are lacking. By integrating multiple sources of knowledge, assigning numerical
values and generating a cumulative belief score, our model, despite its limitations, provides a
systematic framework to tackle complex treatment decisions.
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