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ABSTRACT
Rationale, Aims and Objectives: Despite using state‐of‐the‐art methodologies like Grades of Recommendation, Assessment,

Development and Evaluation (GRADE), current guideline development frameworks still rely heavily on panellists' intuitive

integration of evidence related to the benefits and harms/burdens of health interventions. This leads to the ‘black‐box’ and
‘integration’ problems, highlighting the lack of transparency in guideline decision‐making. Combined with humans' limited

capacity to process the large volumes of information presented in Summary of Findings (SoF) tables—the primary output of

systematic reviews that underpin guideline recommendations—this reliance on non‐explicit processes raises concerns about the
trustworthiness of clinical practice guidelines.

Methods: SoF tables provide the best available evidence, derived from frequentist or Bayesian estimation frameworks. Decision

analysis, which integrates both types of estimates but considers intervention consequences, is the only analytical approach that

combines multiple outcomes (benefits, harms and costs) into a single metric to support decision‐making. Such analysis seeks to

identify the optimal decision by balancing harms, benefits and uncertainties. This paper leverages the PICO format (Population,

Intervention, Comparison(s), Outcome) as a conceptual basis for deriving SoF tables. Subsequently, we propose a solution to

GRADE's “black‐box” and “integration” problems by matching PICO‐based SoF with decision models.

Results: We succeeded in connecting the PICO framework to simple decision‐analytical models, restricted to time frames

supported by empirically verifiable evidence, to calculate which competing intervention offers the greatest benefit (net

differences in expected utility; ΔEU). The single metric [ΔEU] enabled a simple, transparent and easy‐to‐understand
assessment of the superiority of competing management strategies across multiple outcomes (considering both benefits

and harms), addressing the ‘black‐box’ and ‘integration’ problems. Completing a SoF‐based decision model takes about

10 min. Not surprisingly, the recommendations based on ΔEU may differ from the intuitive recommendations of panels.

Conclusion: We propose that incorporating the straightforward and transparent modelling into guideline panels' decision‐
making processes will enhance their intuitive judgements, resulting in more trustworthy recommendations. Given the sim-

plicity of calculating ΔEU, we advocate for its immediate inclusion in systematic reviews and SoF tables.

This is an open access article under the terms of the Creative Commons Attribution‐NonCommercial License, which permits use, distribution and reproduction in any medium, provided the original

work is properly cited and is not used for commercial purposes.
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Evidence‐based medicine (EBM) has substantially contributed to
the advancement of clinical practice [1]. Originally centred on
critical appraisal and the development of systematic reviews
(SRs), EBM, through the operationalization of its principles via
the Grades of Recommendation Assessment, Development and
Evaluation (GRADE) system for evaluating medical evidence, has
increasingly contributed to advancements in methods for clinical
practice guidelines (CPGs) [1, 2]. The latter has been considered a
cornerstone for improving physicians' decision‐making, and,
in turn, patients' outcomes [1, 3]. Indeed, improving decision‐
making—poor decisions are considered the leading cause
of death [4]—and inadequate adherence to CPGs—estimated
to be the third leading cause of preventable patient deaths and
one‐third of unnecessary health care spending [5]—are central to
rigorously developed evidence‐based CPGs. The key difference
between evidence‐based CPGs and traditional consensus‐based
guidelines is that the former rely on SRs of the benefits and harms
of different management options, but the latter do not [3]. This, in
turn, requires matching the strength of recommendations (SoR)
with the quality (certainty) of the supporting evidence (CoE) [6].

1 | A Brief Overview of the Development
of Evidence‐Based Guidelines

Evidence‐based CPGs follow two steps. In the first step, SRs are
conducted using the Population, Intervention, Comparison(s),
Outcome, Timing and Setting (PICO (TS)) format to determine
the scope of the evidence review and answer the questions
posed [7]. The PICO format is widely regarded as one of the
essential EBM tools for guiding the development of high‐quality
SRs [7–9]. The essence of PICO is a pair‐wise comparison of
competing management alternatives, restricted to one compar-
ison at a time [7–9]. Other formats, such as SPIDER and SPICE
[10], have been proposed for formulating research questions but
are less promoted in the EBM and GRADE communities [11].
Our method aligns best with the PICO format, can be adapted
to SPICE, but is less suited to SPIDER. Using a well‐structured
format to address one recommendation at a time helps enhance
the scientific rigour of SRs and CPGs [7–9].

The end product of an SR is typically provided in meta‐analytic
estimates of the effects of health interventions summarized in
the form of popular evidence and SoF tables [12]. These tables
transparently present information about key outcomes (typi-
cally up to 7) related to the benefits and harms of competing
health interventions, along with details about the quantity
(number of studies and participants) and CoE, rated from very
low to high [12, 13].

In the second step, a guidelines panel is formed, typically
consisting of 10–20 individuals with both content and meth-
odological expertise, as well as interest holders [14] represent-
ing patients and/or other parties identified as end‐users of the
guideline's recommendations [15]. The panel's task is to use the
SoF tables to ‘go from evidence to recommendations’ [8, 16] and
issue either strong or weak (conditional) recommendations in
favour of one intervention over another.

Up to this point, the GRADE system is highly transparent,
with well‐defined inputs presented in the SoF tables—such as

the CoE, benefits and harms, sometimes cost and assessment
of patients' values and preferences (V&P)—and outputs
expressed as the SoR for or against a particular health
intervention.

However, how exactly panellists integrate the information
provided in the SoF tables remains unclear. This has led to
important criticism that GRADE suffers from a ‘black‐box’
operation—a process with defined inputs and outputs but lim-
ited knowledge of its internal workings—and from the ‘inte-
gration problem’ referring to the lack of a theoretical framework
of how CPG panel members should integrate evidence with
other important factors such as benefits, harms and patients'
V&P [17, 18]. Indeed, extending the GRADE system within
decision‐science platforms has been identified as a major
challenge for advancing EBM and GRADE development over
the next 25 years [1].

Here, we propose a solution to GRADE's ‘black‐box’ and ‘inte-
gration’ problems by matching PICO‐based SoF with decision
models. Before providing conceptual details and concrete ex-
amples, let us address the key theoretical issues that explain
why the current GRADE (and similar) methodology is not well
suited to overcome these problems.

2 | Summary of Findings Tables Are Based on
Estimates Derived From Both the Frequentist and
Bayesian Statistical Frameworks

From an epistemological and statistical standpoint, EBM
and GRADE have primarily relied on estimation within the
frequentist framework, with occasional use of the Bayesian
framework [19]. Operationally, this process culminates in
assessing the estimated mean effects of interventions, with
95% confidence intervals for all outcomes of interest, as shown
in the SoF tables (e.g., Table 1). Alternatively, it may involve
estimating the posterior probability, with associated 95%
credible intervals, that one treatment is better than another
for each outcome.

In the frequentist framework, conclusions are based on sta-
tistical hypothesis testing, confidence intervals and statistical
significance, typically related to one primary outcome [20].
This approach only considers whether there is enough evi-
dence to reject the null hypothesis based on the observed data.
In Bayesian analysis, the posterior probabilities of one treat-
ment versus another are directly compared to assess treatment
superiority.

Neither the frequentist nor the Bayesian frameworks explicitly
account for the consequences of the interventions tested (e.g.,
benefits, harms, or costs). More importantly, neither framework
can combine all treatment effects into a single metric to deter-
mine which intervention should be favoured. The integration
of these elements is left to guideline panels, which intuitively
combine them and subsequently make recommendations
for or against interventions. However, the lack of explicitness
and transparency, coupled with the human brain's limited
capacity to integrate the large amount of information presented
in SoF tables, raises concerns about the accuracy of the
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recommendations. In this presentation, transparency in
decision‐making means clearly communicating the criteria,
factors and values shaping a choice or policy, along with their
relative importance. When guideline panels outline their
decision‐making process step by step, they enhance trust, clarity
and accountability. This transparency underscores the need
to quantify net effect estimates and assess their certainty, as
discussed in a GRADE concept paper [21].

3 | Decision Analysis Takes the Consequences
of Interventions Into Account

Decision analysis (DA) can integrate both frequentist and
Bayesian estimates; it provides the only known analytical
framework that combines multiple outcomes (both benefits
and harms) into a single metric to aid decision‐making [22]. It
focuses on making the best decision by weighing the harms,
benefits and uncertainties, thus accounting for the conse-
quences of choosing one treatment over another. While there
are many decision theories, the most used is the expected
utility theory (EUT), which is widely employed in medical
decision‐making. EUT is the only theory that satisfies all
mathematical and statistical axioms of rationality [22].

Classical rules of statistical inference do not apply to decision‐
analytical modelling [23]. Decisions should be based solely on
the mean (or, median) expected utility (EU) metrics, regardless of
whether the differences are statistically significant [23]. Box 1
illustrate comparison of the frequentist and decision‐analytical
approaches to making clinical recommendations.

DA has been criticized for employing complex procedures,
such as microsimulation, Monte Carlo simulations, or Markov
modelling, which can be opaque, non‐transparent and based on
empirically unverifiable assumptions [22]. On the other hand,
current evidence‐based guidelines restrict themselves to time
frames supported by empirically verifiable evidence. In this article,
we propose that the solution to the problem—the theoretical
impossibility of aggregating all outcomes within the frequentist or
Bayesian frameworks—lies in using DA constrained by the em-
pirical evidence presented in SRs used by guidelines panels. As it
turns out, many decision models are simple, transparent, easy to
understand, and far superior to the existing ‘black‐box’ guidelines
process. Importantly, these decision models align directly with SoF
tables and follow the PICO platform (Figure 1). Thus, if the panel
has not considered certain elements in their recommendations, a
DA should not include them either.

As noted by Tukey almost 65 years ago [24], we should dis-
tinguish ‘conclusions’ from ‘decisions’. Both frequentist and
Bayesian statistics are viewed as estimation frameworks con-
cerned with ‘conclusions’, that is, assessments of the truthful-
ness of findings under formalized inferential assumptions. On
the other hand, DA is generally classified as a ‘decision‐making
framework’, focused on the consequences of specific actions in
particular circumstances. Even when no clear ‘winner’ emerges
from the estimation framework, we can still make an optimal
decision based on the option that offers the highest mean EU,
prioritizing long‐term benefits over statistical significance or
probability estimates.T
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BOX 1 | Comparison of the frequentist and decision‐analytical approaches to making clinical recommendations: A hypothetical example.

Scenario: Consider a clinical trial
comparing two treatments, Treatment A
and Treatment B, for a certain medical
condition. The outcomes of interest are:

1. Mortality (death within 1 year)

2. Adverse Event 1 (severe allergic
reaction)

3. Adverse Event 2 (gastrointestinal
complications)

Clinical Trial Results
The trial reports the following outcome rates:
• Mortality Rates:

o Treatment A: 8%
o Treatment B: 12%
o p‐value: 0.04

• Adverse Event 1 Rates:
o Treatment A: 15%
o Treatment B: 10%
o p‐value: 0.05

• Adverse Event 2 Rates:
o Treatment A: 20%
o Treatment B: 15%
o p‐value: 0.08

Frequentist Approach
In the frequentist framework, decisions
are often based on statistical significance
(commonly p< 0.05).
• Mortality: Treatment A shows a

significantly lower mortality
rate (p= 0.04)

• Adverse Event 1: Treatment A has a
significantly higher rate of severe
allergic reactions (p= 0.05).

• Adverse Event 2: The difference is not
statistically significant (p= 0.08).

Recommendation/decision: Given the
critical importance of mortality and its
significant reduction with Treatment A,
the frequentist approach would favor
Treatment A.

Decision‐Analytical Approach
The decision‐analytical method considers both the probabilities of
outcomes** and their relative importance. Here, we'll assign equal
weights (W= 1) to all outcomes, reflecting that each is equally important.
Assigning Weights (using equal weights, W= 1)*:
• Mortality (W₁): 1
• Adverse Event 1 (W₂): 1
• Adverse Event 2 (W₃): 1
Calculating Weighted Adverse Outcome Scores (WAOS):
For each treatment, we calculate the WAOS:

WAOS W Mortality Rate W Adverse Event Rate W

Adverse Event Rate

= ( 1 × ) + ( 2 × ) + ( 3

× )

1

2

Treatment A:
WAOSA = (1 × 0.08) + (1 × 0.15) + (1 × 0.20) = 0.43

Treatment B:
WAOSB = (1 × 0.12) + (1 × 0.10) + (1 × 0.15) = 0.37

Interpretation:
Treatment A has a higher WAOS (0.43) compared to Treatment B (0.37),
indicating a worse overall profile when considering all outcomes equally.
Decision/recommendation: The decision‐analytical approach, which
aggregates all outcomes with equal importance, would favor Treatment B
due to its lower overall adverse outcome score.

Conclusions

• Frequentist Approach: Focuses on individual outcomes and their statistical significance. In this case, the significant
reduction in mortality with Treatment A leads to its preference.

• Decision‐Analytical Approach: Considers the combined impact of all outcomes, weighed equally here. The higher rates of
adverse events with Treatment A result in a higher overall adverse outcome score, leading to a preference for Treatment B.

This example illustrates how different analytical approaches can lead to contrasting treatment recommendations, especially
when multiple outcomes with varying importance are considered.

W*–weights are referred to in the manuscript as relative values (RV) that capture patients' values and preferences (V&P)
regarding the importance of avoiding one outcome over another. Note that, for most patients, it would make no sense to assign
the same weight to mortality as to allergies, highlighting the importance of a decision‐analytical over the frequentist approach
(see Box 2 and the EXCEL calculators for evaluating the effect of RV on treatment recommendations).

** Note that in our method (see Section 4 conceptual Outline Appendix and EXCEL calculator), we assume that the probability
of disease is often equal to 1. Under these circumstances, WAOS=1–expected utility (see also Box 2).
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4 | A Conceptual Outline

Figure 1 provides a conceptual outline of our proposal to link
SoF tables (evidence estimates as inputs) with decision models
leveraging the PICO format. As explained earlier, the SoF tables
are populated with meta‐analytical estimates of the competing
interventions under consideration (e.g., treatment vs. no treat-
ment, treatment #1 vs. treatment #2, etc.). Decision models also
follow the PICO format.

The decision tree is solved using the ‘folding‐back’ method
(Appendix provides further details): outcomes are multiplied by
the probability of disease (pD) to calculate the weighted average
of outcomes, that is, the EU for each management alternative
(e.g., EU for treatment [Rx] vs. EU for no treatment [NoRx]).
The option with the highest EU is then selected as the best
management choice. The model also considers the patient's V&P
regarding different outcomes as illustrated in the example below.

The figure also defines the concept of net benefits (B) as the
difference in the utility of outcomes when patients with the
disease are treated with treatment #1 (Rx1) compared to not
being treated (NoRx) or being treated with treatment #2 (Rx2).
Net harms (H) are defined as the difference in the utility of
outcomes when patients without the disease are not treated
(NoRx) or treated with Rx2 compared to being treated with Rx1.

By solving the decision tree, we can derive two key assessments:
(1) the overall best estimate, i.e., what is the best overall man-
agement strategy (by comparing EU between two treatments,
ΔEU), and (2) individualized management recommendations by
calculating a threshold for probability of disease (or a particular
outcome) at which the EU of one treatment outweighs the EU

of no treatment (or an alternative treatment). For simplicity,
this paper focuses mainly on calculating the best strategy
overall, as we believe that mandating the inclusion of EU for
each management strategy in SoF tables would be most prag-
matic step to improve the current intuitive approach to making
guidelines recommendations. While determining the threshold
(s) is also straightforward, it requires additional contextual
details that make it challenging to automatically include in SoF
tables.

A fundamental link between evidence‐based guidelines and
DA is the integration of evidence‐based summary metrics—
such as those included in SoF tables—either at the model's
level of probabilities or utilities (outcomes) (see Appendix)
[22, 25, 26]. For technical reason, to correctly solve decision
models [22, 26], an SR team or guidelines panel should
determine whether the diagnosis of a condition related to
the outcomes listed in the SoF table is certain (pD = 1) or
uncertain (pD < 1) [22, 26].

The clinical situations where the diagnosis is certain occur:

(a) when patients are enroled in a study after meeting specified
diagnostic criteria, and

(b) when the diagnostic criteria are also part of the outcome
definitions. This is common in fields such as cardiovascular
diseases, haematology and oncology. For example, when
modelling VTE recurrence, an established diagnosis requires
the assumption of pD = 1 in the model [26] (Figure 1). A
similar situation exists in oncology, where we often focus on
detecting cancer relapses or metastasis (outcomes) in patients
already diagnosed with cancer.

FIGURE 1 | A conceptual outline of the model. The figure illustrates the use of the widely accepted PICO format—Population, Intervention,

Comparison(s), Outcome—as the conceptual basis for deriving the Summary of Findings. This, in turn, is linked to simple decision‐analytical models

within a time frame supported by empirically verifiable evidence to determine which competing intervention is associated with the maximum benefit

(net differences in expected utility; ΔEU). The calculation varies depending on whether the probability of disease (pD) is assumed to be equal to 1 or

less than 1 (see the text and Appendix for details). U1 to U4 refer to the outcomes (utilities) of treatment (Rx) or no treatment (NoRx). D+ refers to

outcomes when the disease is present; D− refers to outcomes when the disease is not present. B‐net benefits; H‐net harms. [Color figure can be

viewed at wileyonlinelibrary.com]
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However, sometimes patients may be enroled in a study based
on a diagnostic test, a predictive model, or a general assumption
that the diagnosis is not certain. In such a decision model, we
require the assumption of pD < 1.

While these scenarios are different, the structure of a decision
model is identical (Figure 1), except for the differences in the
assumptions of pD [pD = 1 vs. pD < 1], which generates dif-
ferent results.

• When pD = 1: because pD = 1, the lower branch in the
tree becomes pD(1 − ) = 0, then in this case EU BΔ =

(see Figure 1), treatment with the more favourable utility is
preferred (see the example below for further details):

• When pD < 1: ≠EU BΔ ; treatment with the more favour-
able EU is favoured.

In our experience, most SoF scenarios reflect the situation
where pD = 1, which largely simplifies the mechanics of
calculations and their interpretation.

5 | An Illustrative Example

American Society of Hematology (ASH) used the GRADE
system to develop guidelines for prophylaxis of venous
thromboembolism (VTE) [27]. One of the PICO they formu-
lated was ‘Should any parenteral anticoagulation (UFH,
LMWH, or fondaparinux) versus no parenteral anticoagulant
be used in acutely ill medical patients for VTE prophylaxis?’
Table 1 shows the SoF table summarizing the effects of an-
ticoagulation on eight outcomes: mortality, pulmonary em-
bolism (PE), proximal distal vein thrombosis (DVT), distal
DVT, overall major bleeding, gastro‐intestinal (GI) major
bleeding and heparin‐induced thrombocytopenia (HIT). The
patient's V&P regarding the importance of avoiding one out-
come over another were expressed as relative values (RV),
which reflect the preference (or weight) assigned to avoiding a
VTE outcome or bleeding compared to mortality. Mortality is
anchored at an RV of 100, representing the worst possible
outcome. The RV for PE was assessed as 30, meaning it is 3.3
times (100/30) more desirable to avoid death than PE. Simi-
larly, the RV for proximal DVT was 25, distal DVT 15, major
bleeding 35, GI bleeding 15 and HIT 15. [For details on the
various methods of eliciting V&P using this approach, please
refer to the following reference [28, 29].]

Box 2 (and Appendix) shows the calculation of net benefits
(ΔEU). In this case, we obtained that BΔEU = < 0 favoring
NoRx. Note that differs from the ASH guidelines recommen-
dations (Figure 2a).

Thus, from a DA point of view, the ASH recommendations
seem not to be correct. Let's explore these differences in some
details. First, during the deliberations, the panel may have
considered other factors not displayed in the SoF tables.
These include equity, acceptability and feasibility of im-
plementing recommended interventions. However, in this
case, these factors could not have played a role as a DA model
recommended NoRx.

Second, although they present a summary of the best available
evidence, almost all SoF tables have limitations, such as the
potential for double counting. Currently, the only approach to
address these limitations is to conduct a series of sensitivity
analyses. For example, the table shows that the overall rate
of major bleeding was lower than the GI bleed rate. This, of

BOX 2 | An illustrative example: calculation of the net benefits of

using anticoagulants for venous thromboembolism (VTE) prophylaxis.

American Society of Hematology (ASH) [ref # 27] panel
made the following recommendations regarding VTE pro-
phylaxis in acutely ill medical patients:

‘In acutely ill medical patients, ASH guideline panel
suggests using UFH, LMWH, or fondaparinux rather than
no parenteral anticoagulant (conditional recommendation,
low certainty in the evidence of effects)’.

To determine net benefits, we simply calculate the weighted
sum of disutilities for outcomes in the presence of the dis-
ease, for treatment [Rx, D+] and no treatment [NoRx, D+]
as listed in the Summary of Findings [SoF] Table 1 (see also
Supporting Information S2: App2.NetBenefit_instructions):

Weighted Disutility (Rx, D+)

=RV1⋅Mort+RV2⋅PE+RV3⋅ProxDVT+RV4⋅DistDVT+
RV5⋅MajBleed+RV6⋅GIBleed+RV7⋅HIT

=1⋅0.067 + 0.30⋅0.06 + 0.25⋅0.01 + 0.15⋅0.002 + 0.35⋅0.01 +
0.15⋅0.082 + 0.15⋅0.002

= 0.08545.

Weighted Disutility (NoRx, D+)

=RV1⋅Mort+RV2⋅PE+RV3⋅ProxDVT+RV4⋅DistDVT+
RV5⋅MajBleed+RV6⋅GIBleed+RV7⋅HIT

= 1⋅0.069 + 0.30⋅0.01 + 0.25⋅0.004 + 0.15⋅0.002 + 0.35⋅0.007
+ 0.15⋅0.031 + 0.15⋅0.002

= 0.0807.

Differences in expected utilities (ΔEU) are then

ΔEU= EU[Rx]− EU[NoRx] =U_1−U_3

=(1−Weighted Disutility (Rx, D+))− (1−Weighted Dis-
utility (NoRx, D+))

=Weighted Disutility (NoRx)−Weighted Disutility (Rx)

=0.0807− 0.08545 =−0.00475.

In this case, we obtained that ΔEU= B< 0 favouring NoRx.
Note that differs from the ASH guidelines recommenda-
tions (Figure 2a).
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course, is logically implausible as the major GI bleed is a subset
of the overall bleeding rate. Probably, this was a result of
synthesizing completely different types of the studies after fol-
lowing the protocol for two separate PICOs for these two out-
comes. Because GI bleed is often considered the most common
and most serious harm, let's see what happens if we keep it in
the analysis and drop the outcome for the overall bleeding rate.

As we can see, the results did not change much; B = −0.0037

still favours NoRx (Figure 2b). Do patients' V&P matter?
Assuming (unrealistically) that V&P are equal across all out-
comes (= 100), we also found that the results did not change.
We can use the accompanying EXCEL file (Supporting Infor-
mation S2: App2.NB‐instructions) and change the assumptions
to investigate the stability of our recommendations as we wish.
For example, it is important to note that there is uncertainty in
these assessments. While the best estimate favours NoRx
(B=−0.00475), assuming a ‘worst‐case’ scenario based on the
upper 95% confidence values, B ranges from −0.0916 to 0.0123.

Because the SoF tables corresponding to pD < 1 is relatively
rare, we show these calculations in the Appendix.

6 | Discussion

In this paper, we propose adding decision‐analytical calculations
of the overall benefits (expressed as Expected Utility, or EU) for
each intervention to the SoF tables, along with ΔEU, to provide
an initial assessment of the superiority of one intervention over
another. Our proposal addresses three major issues with the
current guidelines: the ‘black‐box’ nature of decision‐making, the
‘integration problem’ [17, 18] and the challenge of achieving a
coherent theoretical integration between EBM and decision sci-
ences [1]. We believe that routinely reporting information on
ΔEU will be invaluable to guideline panels, as it will complement
the currently non‐transparent, intuitive methods of making rec-
ommendations with explicit and transparent guidance. When
recommendations are neither transparent nor well‐understood,
they are more likely to be viewed as inaccurate.

We do not advocate ceding deliberative, considered judgements
to formal models. Instead, we suggest using an explicit assess-
ment of the utility of competing management alternatives as a
starting point. Consider an intuitive estimation of, for example,
multiplication of 34,567 * 23,587. Most people cannot accurately
guess this product [815,331,829], but once they enter the
numbers into a calculator, they will accept the result because
they trust the mathematical principles of multiplication.
According to the understanding/acceptance principle, the dee-
per the understanding of a normative principle, the more likely
people are to accept the results and act accordingly [30].

Once a panel understands an unassailable logic supporting
the use of decision theory, they will very likely accept its results
to further guide their deliberation. While many decision‐
theoretical models exist [31], not all clinical circumstances may
be captured within the outline shown in Figure 1 (although,
we suspect, most will be). Additionally, EUT‐based models do
not explicitly capture emotions such as regret, which often
influence decision‐making [32, 33].

For this reason, we heed the time‐honoured advice of cognitive
scientists to ‘value formal principles of rationality’ [34], while
also considering the need for adjustments that align with both
explicit and implicit reasoning [34, 35]. Indeed, we previously
argued that ‘the most optimal decisions may be those that
achieve coherence at both the normative and intuitive levels’
[35]. Therefore, we recommend that guideline panels always
begin by considering the EU values provided by the EUT‐based
model shown in Figure 1 and then adjust these values based on
other elements (such as equity, acceptability, etc.) deemed es-
sential for decision‐making [21, 36].

The primary goal of this process is to contrast the panel's intui-
tive judgements with the model's explicit assessments. When the
model disagrees with the panel's judgements, every effort should
be made to explore, understand and reconcile these differences
(as illustrated in the examples we discussed). We cannot over-
state the importance of this exercise as the main pathway to-
wards issuing reliable and trustworthy recommendations.

FIGURE 2 | Calculation of the net benefits of using anticoagulants for venous thromboembolism (VTE) prophylaxis (case when pD = 1). (a)

Since the net benefits are negative (B< 0), no prophylaxis is preferred, although in extreme cases, prophylaxis may still be the better choice. (b)

Sensitivity analysis when a potentially illogical entry (overall major bleeding rate) was excluded from the analysis. No prophylaxis remains the

preferred choice, but note that in extreme cases, prophylaxis may still be a better option. pD, probability of disease. See the text, EXCEL calculator

and Appendix for further details. [Color figure can be viewed at wileyonlinelibrary.com]
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Importantly, end‐users should have a clear understanding of how
any adjustments—if made—were applied.

As we have emphasized throughout this paper, since our aim is
to make an immediate impact on the development of CPGs, we
have limited our proposal to the inclusion of EU assessments
for pairwise PICO comparisons (see Figure 1). These calcula-
tions are straightforward—completing a SoF‐based decision
model takes about 10 min (see Appendix 3 Excel file for addi-
tional, randomly selected SoF‐based calculations). They are
much easier to understand than, for example, the statistical
methods used in meta‐analysis, which are widely accepted as
the foundation for developing evidence‐based guidelines. Based
on our experience with CPG development, we believe that what
we propose here will cover most clinical situations.

However, there is a growing number of network meta‐
analyses that assess comparisons of multiple interventions.
Fortunately, the same decision model shown in Figure 1
applies to multiple comparisons but requires a different
analytical framework—generalized decision curve analysis
(gDCA)—which can be performed using both individual
patient data [37] and aggregate data [38]. Similarly, the
described models can be extended to handle diagnostic and
prognostic/predictive assessments [37–39].

The primary strengths of these simple models are their trans-
parency, explicitness and reliance on empirically verifiable
assumptions (as provided through SoF tables). Nevertheless,
in some cases, complex models—such as microsimulations,
often based on many empirically unverifiable assumptions—
may need to be used by guideline panels, as in the case of
colorectal cancer screening guidelines [40]. As there is no evi-
dence that complex models are empirically superior to simple
models [22], panels must decide on a case‐by‐case basis when
their SRs should be linked to simple versus complex models.
For example, in cost‐effectiveness analyses, a lifetime analytic
horizon often requires complex models that extrapolate bene-
fits, harms, or costs beyond available evidence. Conversely,
limiting the analysis to empirical evidence typically applies only
to short‐term outcomes.

However, caution should be exercised regarding what is para-
doxically considered a major methodological strength in
developing evidence‐based CPGs: the PICO format. Sometimes,
biased judgements may arise from using pairwise comparisons
when there are more than two options. For example, ASH
guidelines for immune thrombocytopenia (ITP) [41] developed
three recommendations for managing ITP in adults with no
response to corticosteroids. By adhering to the pairwise PICO
format, the panel first recommended either splenectomy or a
thrombopoietin receptor agonists (TPO‐RAs) (i.e., formally the
panel judged splenectomy = TPO‐RAs). In their second rec-
ommendation, the panel favoured the use of rituximab over
splenectomy (i.e., formally rituximab > splenectomy). However,
in the third comparison, the panel favoured administration of
TPO‐RAs rather than rituximab (i.e., TPO‐RA> rituximab)!
This sequence of recommendations violated the transitivity
principle, one of the key axioms of rational decision‐making.
According to this principle, if we prefer A over B, and B over C,
then we should rationally also prefer A over C [35].

A similar issue arose in recently published thrombophilia guide-
lines [42]. The panel faced a common clinical problem: after 3–6
months of treatment for a newly diagnosed VTE, they relied on
pairwise comparisons between thrombophilia testing (A) and
discontinuing anticoagulants (B), and, separately, between testing
(A) and recommending indefinite anticoagulation for all patients
(C). The panel failed to consider all relevant options simulta-
neously (A vs. B vs. C), leading to what is known as the ‘omitted
choice bias’ [39]. When we compared the panel's guidelines
against a decision model that accounted for all three management

BOX 3. | [Summary points].

The current methods for developing evidence‐based clinical
practice guidelines face several challenges:
• Opaque evidence integration: Recommendations often rely

on panellists' intuitive, non‐transparent integration of evi-
dence on intervention benefits and harms. Critics describe
these methods as a ‘black‐box’ process, with defined inputs
and outputs but unclear internal mechanisms.

• Lack of decision‐theoretical framework: Panellists typi-
cally base judgements on statistical evidence from fre-
quentist or Bayesian frameworks, which do not account
for the consequences of health interventions. This has
been termed the ‘integration problem’, highlighting the
absence of a systematic approach to combine evidence
with factors like benefits, harms and patient preferences.

• Trustworthiness concerns: The reliance on implicit
processes undermines confidence in clinical practice
guidelines.

• Proposed solution: We advocate for integrating decision
analysis with frequentist and Bayesian estimates. Deci-
sion analysis is the only known analytical framework that
can combine multiple outcomes (benefits and harms)
into a single metric for informed decision‐making.

• Challenges in decision models: Many decision models
include assumptions that are opaque, non‐transparent,
or empirically unverifiable.

• Recommended approach: To address these issues,
we propose decision analysis constrained by empirical
evidence within the PICO framework (Population, Inter-
vention, Comparison, Outcome), which guides systematic
reviews and generates Summary of Findings (SoF) tables
to inform panel deliberations and recommendations.

• Calculation of net benefits: By using simple decision‐
analytical models restricted to empirically supported
time frames, we can calculate which intervention offers
the greatest benefit (net differences in expected utility,
ΔEU)—a crucial metric that is not explicitly included in
contemporary guidelines

• Utility of ΔEU: We advocate for the immediate inclusion
of ΔEU in systematic reviews and SoF tables. This metric
is transparent, easy to calculate and will help enhance
panellists' intuitive judgements, leading to more trust-
worthy recommendations.
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options, we found disagreement in about 48% (33/69) of the
recommendations between the two approaches [39, 43].

These considerations highlight the risks of formulaic, automatic
judgements. Interpreting scientific evidence and acting on it
cannot be fully automated; it will always require careful, con-
sidered judgement, especially in the case of CPG recommen-
dations that affect decision‐making and health outcomes for
thousands, if not millions, of people.

For this reason, we owe it to our patients to use the best possible
methods to improve the accuracy of our recommendations.
We argue that this can be achieved through closer integration of
GRADE methodology with DA. Nevertheless, empirical testing
is needed to determine how the proposed methods improve
clinical guideline recommendations. The first step is a system-
atic evaluation of differences between panels using the GRADE
approach with and without these methods. Box 3 provides a
summary of the proposed method.
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