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Abstract

Background The primary evaluation of pulmonary embolism (PE) is complicated by the presence of various pre-test
clinical probability scores (pCPS) with different cut-offs, all equally recommended by guidelines. This lack of consensus
has led to practice variability, unnecessary imaging, and worse patient outcomes. We aim to provide more definitive
insights through a holistic comparison of available pCPS.

Methods PubMed, Embase and Web of Science, and Google Scholar were searched for studies evaluating pCPS

in patients clinically suspected of PE until June 2023. Risk of bias was evaluated using QUADAS-2. Included pCPS were
evaluated based on their diagnostic accuracy in: (1) Ruling-out PE (2) Utilization of imaging, and (3) Differentiating
between patients needing d-dimer from imaging. Diagnostic test accuracy indices were synthesized using beta-
binomial Bayesian methods.

Results Forty studies (37,027 patients) were included in the meta-analysis. Three-tier revised Geneva (RG) and three-
tier Wells performed similarly in ruling-out PE (negative likelihood ratio (LR-) [95% credible interval (Cl)]: 0-39[0-27-
0-58] vs 0:34[0-25-0-45]). However, RG performed better in utilization of imaging (LR +: 6:65[3-75-10-56] vs 5:59[3-7—
8371, p<0.001) and differentiating between patients needing d-dimer vs imaging (diagnostic odds ratio (DOR):
8-03[4-35-14-1] vs. 7-4[4-65-11-84], p < 0.001). The two-tier Wells score underperformed in all aspects (LR-: 0-56[0-45—
0-68], LR+:2:43[1-81-3:07], DOR: 4-41[2-81-6-43]). PERC demonstrated a reliable point estimate for ruling out PE, albeit
with a wide Cl (LR-: 0-36[0-17-0-78]).

Conclusions RG outperforms other pCPS for primary evaluation of suspected PE. While the difference is not large,
RG's independence from subjective items supports its recommendation over three-tier Wells. Two-tier Wells under-
performs significantly compared to the rest of pCPS. PERC shows considerable promise for minimizing unneces-

sary D-dimer testing in crowded emergency departments; however, more evidence is needed before its definitive
recommendation.
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Protocol registration PROSPERO (CRD42023464118).

Keywords Pulmonary Embolism, Risk Assessment, Predictive Value of Tests, Clinical Decision Support System

Background

Pre-test clinical probability scores (pCPS) guide the diag-
nostic workup of patients with a clinical suspicion of
pulmonary embolism (PE) to improve patient outcomes
without overburdening healthcare resources [1]. It has
been established that increased imaging doesn’t pre-
dict improved patient outcomes [2]. Additionally, many
studies have reported that large proportions (>50%) of
patients with suspected PE are subjected to unwarranted
imaging, [3] which could have been prevented with the
proper use of pCPS [4]. Despite this, pCPS remain sig-
nificantly underutilized [5].

One barrier to the implementation of pCPS in practice
is the confusion caused by the range of available scores
with different cut-offs, all equally recommended in the
latest practice guidelines [6]. This is largely due to most
studies solely concentrating on comparing the perfor-
mance of pCPS in sensitively ruling out PE, with major
scores demonstrating similar performance [7-12]. How-
ever, pCPS performance in ruling out PE, i.e., minimizing
the number of patients with PE assigned to the low-prob-
ability category, while crucial, does not paint a complete
picture of their performance in clinical practice. As pCPS
are not designed for final diagnosis but to guide patients
toward appropriate diagnostic tests (DTs). Consequently,
the ability of each pCPS to assign imaging only to the
patients who truly need it, while correctly differentiating
between those with high and low probabilities of PE, is
equally crucial for the effective management of patients
with a clinical suspicion of PE. However, this aspect
remains largely underexplored.

In the present review, we outline a framework for a
holistic comparison of pCPS and subsequently use this
framework to compare the overall effectiveness of avail-
able pCPS in risk stratifying the general population of
patients suspected of PE.

Methods

Protocol and registration

The protocol for the current review is available on PROS-
PERO (CRD42023464118).

Eligibility criteria

We included peer-reviewed cross-sectional studies,
clinical trials, and retrospective and prospective cohorts
reporting on pCPS of adult patients with a clinical

suspicion of PE. To improve generalizability, study popu-
lations selected based on comorbidities (e.g., COVID)
were excluded. The setting was not limited to the emer-
gency department. The following pCPS for PE were con-
sidered: 1. Wells score (including simplified, three- or
two-tier versions); 2. Geneva score (including original,
revised, simplified, three- or two-tier versions); 3. PERC
(applied to the entire study population or the low-prob-
ability subgroup); 4. YEARS. Given the large amount of
available evidence, we restricted the studies to the Eng-
lish language. To be included, a primary study had to
report enough DT accuracy indices to allow the calcula-
tion of true positives, true negatives, false positives, and
false negatives for at least one of the mentioned index
tests. For the reference test, in addition to the standard
diagnostic methods for PE, such as computed tomog-
raphy pulmonary angiography (CTPA) and pulmonary
angiograms, we included studies that diagnosed or ruled-
out PE based on guideline-recommended pathways.
For a detailed description of the eligibility criteria, see
Appendix 1.

Search strategy

The main searched databases were PubMed, Embase and
Web of Science. The first 200 records of Google Scholar
were added as a supplementary search. No date restric-
tions were applied. The complete details of the imple-
mented search strategies are available in Appendix 2.

Study selection and data collection process
Four reviewers independently reviewed titles and
abstracts of the first 50 records with final determination
reached by group consensus. Afterward, the reviewers
each independently screened titles and abstracts of all
remaining records. Next, the same reviewers indepen-
dently screened full-text articles for inclusion. In both
stages, each record was at least reviewed by two review-
ers, and conflicts were resolved by a third independent
reviewer. No automation tools were used at any stage.
Each record was extracted by one reviewer and vali-
dated by another. A fifth reviewer further validated each
extracted record. If needed, WebPlotDigitizer was used to
extract data from the figures of the primary studies [13].
The data extraction form and the relevant definitions are
available in Appendix 3. Based on their reported cut-
offs, each pCPS was considered either two-tier (patients
classified into low- or high-probability categories) or
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three-tier (patients classified into low-, moderate-, or
high-probability categories).

To maintain data independence, a decision rule was
developed before data extraction to avoid the inclu-
sion of multiple reports of one cohort (see Appendix 4)
[14]. Baseline data, collected at the time of initial patient
assessment, or the earliest available data from each study
were included in this meta-analysis. Follow-up pCPS
measurements were excluded to avoid potential biases
introduced by subsequent changes in patient condition.

Risk of bias and applicability

The assessment of quality and applicability for each
study was performed using the QUADAS-2 tool [15].
Each included study was evaluated by one researcher
and then verified by another. Conflicts were resolved by
a third reviewer. We generally followed the instructions
in the background document. However, we assigned
comparatively less weight to the following three signal-
ing questions during the evaluation of overall bias risk
within their respective domains. Consistent with clini-
cal practice, the selection of the reference test is mostly
guided by the results of the index test (e.g., high-proba-
bility patients typically undergo CTPA). Consequently,
we considered the lack of blinding to the index test
results during the interpretation of the reference test as
having a lesser impact on the risk of bias. Additionally,
patients other than those undergoing CTPA are typically
monitored for any changes in their condition over time
(generally 3—6 months). Given the impracticality and
ethical concerns associated with immediately subjecting
all patients to CTPA, we regarded both the time interval
between the index test and the reference test, as well as
the uniformity of the reference tests across all patients,
as having less influence on the risk of bias. No summary
score was calculated; however, any domain with high or
unclear risk of bias led to the entire study being consid-
ered high or unclear risk.

Methodology for synthesis
The framework for comparing pCPS effectiveness
The main statistical challenge in evaluating the effec-
tiveness of pCPS for risk stratification of PE is the use of
three-tier scores, particularly the moderate-probability
category, which is commonly used in practice. This cre-
ates a problem, as virtually all relevant statistical meth-
ods require each patient to be classified as either high- or
low-probability by each score and cannot accommodate
patients who fall into the moderate-probability category,
which is neither.

Previous reviews have circumvented this issue by clas-
sifying moderate-probability patients as high-probabil-
ity [8]. As now only the low-probability group remains
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consistent with the original pCPS cut-off scores, DT
indices focused on these patients can be used to compare
pCPS performance in ruling out PE. Specifically, negative
likelihood ratio (LR-), that measures the likelihood of PE
given the classification of a patient as low-probability, can
be intuitively used to compare pCPS performance in rul-
ing out PE, with lower LR- showing better performance.
However, using this model (‘PE-unlikely model’), no
conclusions can be drawn about the pCPS performance
in correctly assigning patients to imaging, as the cur-
rent aggregated high-probability patient group is clini-
cally heterogeneous and includes moderate-probability
patients, who are generally not assigned to imaging.

To address this issue, we introduced another aggre-
gated model alongside the PE-unlikely model by clas-
sifying moderate-probability patients as low-probability
(PE-likely model’). Similarly, this allows for an intuitive
comparison of pCPS performance in correctly assign-
ing patients to imaging using the positive likelihood
ratio (LR+), with higher values indicating better perfor-
mance. Furthermore, the PE-likely model offers another
advantage: the new aggregate low-probability group—
composed of both low- and moderate-probability
patients— follow a similar diagnostic pathway in practice,
usually d-dimers; while the high-probability group in this
model are usually assigned to imaging. Therefore, in this
model, we can also compare models in terms of separat-
ing patients who should be assigned to different diagnos-
tic pathways. This separation can be intuitively measured
using diagnostic odds ratio (DOR), a measure of how
well a pCPS discriminates between patients needing
d-dimer and those needing CTPA. Given that most cur-
rent recommended approaches to suspected PE primarily
depend on deciding between CTPA and d-dimer, this can
be considered a measure of integration into current diag-
nostic pathway. In addition to their intuitive application
in our context, LR-, LR+, and DOR are unaffected by
PE prevalence, further improving their practicality [16].
Overall, these three indices, calculated through using the
two mentioned models, allows a holistic comparison of
available pCPS, which reflects their effectiveness in clini-
cal practice.

Notably, the PERC score differs from other included
scores in two fundamental ways, which necessitated
a more nuanced approach in our analysis. First, in the
included primary studies, the PERC score was mostly
evaluated in a predetermined low-probability popula-
tion, whereas the other pCPS were assessed in the gen-
eral population of patients with a clinical suspicion of
PE. As a result, studies evaluating the PERC score in the
low-probability group were analyzed independently to
ensure the transitivity assumption of the network meta-
analysis was met [17]. Second, unlike other scores, the
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PERC score is used not to choose between imaging and
d-dimer, but rather to decide between d-dimer testing
and discharge. As a result, the LR+and DOR in the PE-
likely model are less relevant for the PERC score. How-
ever, the LR- in the PE-unlikely model holds significant
clinical value compared to other pCPS, as a false negative
could lead to discharging a patient with undiagnosed PE,
potentially resulting in life-threatening consequences.

Furthermore, to demonstrate our findings in a clinical
context, we used the calculated indices for each pCPS to
simulate how they would perform in a simulated popula-
tion of 100 patients with a clinical suspicion of PE, with a
true PE prevalence of 20%. In this simulated population,
we compared pCPS based on how many patients with PE
were missed (assigned to low-probability) and how many
patients without PE were needlessly assigned to imag-
ing (assigned to high-probability). To adjust for the sig-
nificant variability in the reported range of observed PE
prevalence in practice, we also calculated the number of
missed PE cases and unnecessary imaging patients across
simulated populations with PE prevalence rates ranging
from 5 to 30%, in 5% increments [18].

Statistical analysis

Unique pCPS (considering their cut-offs) with at least 4
relevant records were included in the meta-analysis. In
our primary analysis, both described models were built
using the Bayesian beta-binomial analysis of variance
model for network meta-analysis [19]. In addition to the
more intuitive outputs associated with Bayesian models,
this method better adjusts for the intrinsic correlation
between sensitivity and specificity and the over-disper-
sion resulting from repeated measures, which provides
a better framework for a combined evaluation of direct
and indirect comparisons as well [20]. The Bayesian beta-
binomial was used to estimate summary sensitivity and
specificity with relevant 95% credible intervals (CI) which
were used to derive other relevant indices. Given the
uninformative priors used, the range of Cls is inversely
proportional to the certainty the available data can pro-
vide. The model and Markov-chain mixing were evalu-
ated using effective sample size and Gelman-Rubin R-hat
indices. ANOVA was used to compare diagnostic met-
rics across tests, with Tukey’s HSD for post-hoc pairwise
comparisons using adjusted p-values.

As a sensitivity analysis, we deployed bivariate hier-
archical models to estimate summary sensitivity and
specificity for each test with 95% confidence intervals,
the currently established method as recommended by
Cochrane [21]. For a detailed description of how the final
bivariate hierarchical model was designed and the steps
taken to ensure model fit, please refer to Appendix 5.
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Subgroup analyses were conducted based on: design
(retrospective vs prospective), clinical setting (emergency
department vs other settings), recruitment method (clini-
cal suspicion vs availability of tests), PE prevalence, age,
sex (male percent of study population), prior history of
venous thromboembolism, type of reference standard
(CTPA vs others), risk of bias (low vs high or unclear)
and length of follow-up, as pre-specified in our proto-
col. To evaluate their impact, variables representing the
mentioned subgroups were individually added as a fixed
effect to the hierarchical model.

Heterogeneity (i.e., variability) was evaluated using the
reported variance of random effects (VoR) of the sensitiv-
ity and specificity for each test and visually using forest
and summary ROC plots [21]. Deeks’ funnel plot asym-
metry test was performed to assess publication bias in
the included study population and for each test sepa-
rately. The statistical analyses were conducted in R 4.3.3
and Python (through Google Colab).

Results

Study selection and characteristics

Details of the search and selection process are provided
in Appendix 6 using the PRISMA flow template, leading
to 45 studies being included in the present review [22—
66]. Baseline characteristics and the number of PE posi-
tive and negative patients in defined tiers of each pCPS
are presented in appendices 7 and 8, respectively.

After excluding pCPS with<4 relevant records (e.g.,
YEARS) and one study with incompatible cut-off val-
ues, [41] 40 studies (4 index tests, 37,027 patients) were
included in the meta-analysis [22-25, 27-35, 37-40,
42-46, 48-59, 61-66]. The four included pCPS were: 1.
Three-tier Wells (cut-offs: 2,6); 2. Two-tier Wells (cut-
off: 4); 3. Three-tier revised Geneva (RGS) (cut-offs:
4,11); 4. PERC (cut-off: 1). The items and their respec-
tive points for each score are presented in Appendix 9.
PERC was evaluated in two separate subgroups, depend-
ing on whether it was applied to the entire study popu-
lation or to the low-probability subgroup. The relevant
forest and summary ROC plots for the studies included
in the meta-analysis are presented in Appendices 10 and
11. A network graph depicting the number of direct com-
parisons is presented in Appendix 12. Given the limited
number of direct comparisons of pCPS (nine records for
four different direct comparisons), we combined both
direct and indirect comparisons in our analyses. Most of
the included studies had a low risk of bias. For a detailed
assessment of risk of bias and applicability for each study
using the QUADAS-2 tool see Appendix 13.
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Fig. 1 Comparing the diagnostic accuracy of pre-test clinical probability scores in ruling out PE, imaging utilization and diagnostic pathway
assignment. The distribution and four levels of credible intervals for each value are shown. PE: Pulmonary Embolism, PERC(A): PERC applied

to the general population; PERC(L): PERC applied to low-probability population; RG3: Three-tier revised Geneva; W2: Two-tier Wells; W3: Three-tier
Wells; Cl: Credible interval

Table 1 Detailed findings of PE-unlikely and likely models based on the Bayesian beta-binomial analysis of variance analysis

Test? Sensitivity: Specificity: LR-: LR+: DOR:
Median (95% Cl) Median (95% Cl) Median (95% Cl) Median (95% Cl) Median (95% Cl)

PE-unlikely model

PERC (All) 0-94 (0-81,0:98) 0-2 (0-09, 0-41) 0-3(0-1,1-15) 117 (098, 1-55) 402 (0:85, 14-15)
PERC (Low-proba bility) 088 (0-75, 0-94) 034 (0-23,0-48) 036 (0-17,0-78) 1-32(1-08, 1-68) 371 (1-4,945)
Revised Geneva (3 tier) 0-85(0:76,091) 0:38(0-3,0-46) 0:39(027,0-58) 1-37(1:24,1:51) 347 (219,531)
Wells (2 tier) 058 (0-49, 0-68) 075 (0-64,0-82) 056 (0-45, 0-68) 2:3(1-68, 3-02) 415 (256, 6-16)
Wells (3 tier) 082 (0-75,0-87) 055 (0-46, 0-63) 034 (0-25, 0-45) 1-81(1:53,2:17) 541 (3-59,7:92)
PE-likely model
PERC (All) 094 (0-83, 0-98) 0-19(0-1,0-32) 03 (012, 1-06) 1-16 (099, 1-37) 391 (0:93, 11-44)
PERC (Low-probability) 0-88(0:76,0:94) 0:33(0-24,0-45) 036 (0-16,0-74) 31(11,1-6) 373 (149, 9:35)
Revised Geneva (3 tier) 02(0-13,03) 097 (0:95, 0-98) 083 (0-73,0-89) 665 (375, 10-56) 803 (435, 14-1)
Wells (2 tier) 058 (0-48, 0-67) 076 (068, 0-82) 055 (0-45, 0-67) 2:43(1-81,3:07) 441 (2:81,643)
Wells (3 tier) 028 (0-22,0-35) 095 (0-:92,0-97) 076 (068, 0-82) 559 (3-7,837) 74 (465, 11-84)

2 It should be noted that only the three-tier tests have different values between the two models. As PERC and Wells (2-tier) scores are characterized by only two
defined categories (low- and high-probability), their indices remain relatively consistent across models. The slight variations arise from the inherent sampling
variability in the Bayesian models

PE Pulmonary embolism, LR Likelihood ratio, DOR Diagnostic odds ratio, C/ Credible interval
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Synthesis of results

A comparison of the summary diagnostic accuracy indi-
ces for each pCPS and their distribution is presented in
Fig. 1, with the full report available in Table 1. With an
R hat statistic below 1-01 and an effective sample size
(ESS) >680 for the relevant variables, both models dem-
onstrated robust convergence and mixing.

In the PE-unlikely model, the three-tier Wells and
RGS had the best overall performance in sensitively rul-
ing-out PE, which was demonstrated by lower LR- and
higher sensitivity estimates with narrow 95% Cls. PERC,
whether applied to the low-probability or the entire pop-
ulation, had a higher point estimate. However, their large
Cls demonstrated potential uncertainty in this estimate.
The two-tier Wells score performed considerably worse
in comparison to the rest of the scores. In the PE-likely
model, the RGS outperformed the three-tier Wells and
had a significantly higher specificity, LR+and DOR. The
two-tier Wells score performed considerably worse in
comparison to the rest of the scores in this model as well.
PERC was not considered in this comparison as it is not
designed for ruling-in PE. All comparisons were statisti-
cally significant (p <0.001).

In the simulated population of 100 patients with a true
PE prevalence of 20%, PERC (low-probability), three-tier
Wells and RGS missed 3 patients with PE by classifying
them as low-probability. In contrast, the two-tier Wells
missed more than 8 patients with PE. In the same sim-
ulated population, the number of patients without PE
assigned to imaging (falsely classified as high-probability)
was around 2 for RGS, 4 for three-tier Wells, and 19 for
two-tier Wells. For their performance in populations
across the entire range of plausible PE prevalences see
Appendix 14 (similar trends were observed).

Additional analyses

Bivariate hierarchical model (sensitivity analysis)

The results of the bivariate hierarchical models for both
the PE-unlikely and likely models are reported in Appen-
dix 15, with highly comparable results to the Bayesian
models. However, the bivariate models yielded slightly
more optimistic estimates with significantly narrower
confidence intervals compared to Bayesian models.

Heterogeneity, meta-regression, and subgroup analyses

In the PE-unlikely model, the three-tier Wells score
displayed a high level of heterogeneity in both sensitiv-
ity and specificity (VoR ~ 1), followed by a moderate-to-
high level of heterogeneity in the two-tier Wells score in
both indices (VoR ~0-5). The rest of the indices reported
a low-to-moderate level of heterogeneity. These findings
can be visibly observed in the forest and sROC plots as
well (Appendices 10 and 11).
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To address heterogeneity in the PE-unlikely model,
we evaluated pre-specified subgroup analyses and meta-
regressions. In the meta-regression, only PE prevalence
(0-43 [0-40 to 0-46], p<0-001) and setting (0-59 [0-53 to
0-66], p=0-006) of the primary studies significantly cor-
related with correctly identifying those with and without
PE. Furthermore, the primary studies with lower sample
sizes had a significantly higher prevalence of PE (Pear-
son’s correlation coefficient: -0-40, p-value<0-001), due
to a higher possibility of sampling errors. Consequently,
we limited the model to primary studies with sample
sizes of >250 and >500, as higher sample sizes are more
likely to provide a stable sample, reducing the impact of
random errors and improving the validity of the find-
ings. We observed a dose—response relationship between
increasing the minimum sample size of included primary
studies and a reduction in heterogeneity. In the subgroup
analysis of studies with>500 sample size or studies in
the ED setting with > 500 sample size, the amount of VoR
for most indices was roughly halved, resulting in low-to-
moderate levels of heterogeneity for all pCPS. Details of
our step-by-step approach to addressing sources of het-
erogeneity are presented in Appendix 16.

The PE-likely model demonstrated low-to-moderate
levels of heterogeneity in the baseline model, (maximum
VoR ~0-6) as it is apparent in the forest and sROC plots
as well. Even so, limiting the model to primary studies
with > 500 sample size resulted in lower levels of hetero-
geneity (maximum VoR ~0-35).

The bivariate hierarchical model findings, limited to
studies with sample sizes>500 or studies in the ED set-
ting with sample sizes>500, are reported in Appen-
dices 17 and 18. Notably, these findings were similar
and now even closer to the baseline Bayesian model
(Table 1). Additionally, given our strict inclusion criteria
for retrospective studies (Appendix 1), excluding those
that met these criteria did not alter the findings, which
remained highly comparable to the rest of the models
(Appendix 19).

Publication bias

The funnel plot test for DORs (Deeks’ test) indicated the
absence of any significant publication bias in all included
studies (p=0-78 and 0-40 for the PE-unlikely and likely
models, respectively). Furthermore, no evidence for pub-
lication bias was found when each pre-test clinical prob-
ability score was evaluated separately.

Discussion

We introduced a comprehensive framework to com-
pare the effectiveness of p-CPS in a general population
of patients with suspected PE. This approach allowed us
to evaluate the reliability of pCPS in ruling out PE and
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imaging utilization. Additionally, we evaluated how effec-
tively they integrate into current diagnostic pathways by
assessing their ability to differentiate between patients
who require d-dimer vs. CTPA. The RGS and three-tier
Wells scores performed similarly in ruling out PE, but the
RGS was more effective in imaging utilization and assign-
ing patients to the right diagnostic tests. These findings
were reflected in the simulated populations of patients
with suspected PE, in which the RGS was associated with
fewer unnecessary imaging assignments across the full
range of reported PE prevalences, and even slightly fewer
missed PE cases. The two-tier Wells score performed
worse in all areas. While PERC showed potential as the
most reliable p-CPS for ruling out PE, its wide CI suggest
that the available data do not provide enough certainty in
the derived summary estimates.

Prior systematic reviews and landmark studies have
mostly focused on comparing the pCPS in ruling out
PE. A rigorous systematic review and meta-analysis, [8]
reported the two-tier Wells being significantly worse at
ruling out PE, while the three-tier Wells and RGS demon-
strated similar performances with values comparable to
the present review. Furthermore, a landmark prospective
cohort compared two-tier pCPS and reported sensitivity
and specificity values for the two-tier Wells consistent
with our findings [49]. These findings are in line with our
conclusion of 2-tier Wells not being on par with other
scores and three-tier Wells and RGS performing similarly
in ruling out PE. While we recognize that 2-tier pCPS
are more feasible to implement compared to their 3-tier
counterparts, there may be a considerable tradeoff in the
general accuracy of the approach, especially in the case of
the Wells score. However, it can be argued that the 2-tier
approach may encourage more widespread utilization of
pCPS. Nevertheless, as automation increasingly shapes
these diagnostic processes, the compromise in precision
may outweigh the benefits of ease of use. Given the lower
popularity of the 2-tier Geneva scores, there were insuf-
ficient studies to provide a meaningful comparison.

There is a gap in the literature on comparing pCPS in
imaging utilization and their ability in differentiating
between low- and high-probability patients, particularly
in studies focused on pCPS performance alone (i.e., inde-
pendent of subsequent diagnostic tests like d-dimers). By
considering these aspects, the underperformance of the
two-tier Wells and the advantages of RGS over the three-
tier Wells become readily observable, especially in the
clinical context. Additionally, a number of prior reviews
have conducted meta-analyses using methods not spe-
cifically tailored for the synthesis of DT accuracy indices
[7-12]. While more straightforward to conduct and inter-
pret, these methods may lead to bias, [67] and this vari-
ability in methodologies limits cross-study comparisons.
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Therefore, employing comprehensive frameworks with
specialized meta-analysis methods could facilitate a more
effective translation of findings into clinical practice.

Applying PERC to rule out PE in low-probability
patients without the need for further DTs is highly
appealing, especially given its operational simplicity,
which has been recommended in a number of guide-
lines with varying levels of support [6]. However, because
PERC may lead to discharging its designated low-proba-
bility patients without further testing, it lacks the safety
net found in other pCPS, where false-negatives are often
caught with d-dimer, a highly sensitive test. This increases
the risk that a false-negative on PERC could result in
premature discharge and a potentially fatal missed diag-
nosis. Furthermore, there are two important sources of
heterogeneity in the available primary studies reporting
on the diagnostic accuracy of PERC. First, some previ-
ous primary studies have reported on the diagnostic
accuracy of PERC in all patients with a clinical suspicion
of PE, in contrast to limiting it to pre-determined low-
probability patients. Furthermore, the pre-determination
of low-probability patients has been based on various
pCPS (including Wells, RGS, and clinical gestalt) [23, 31,
64]. While we analyzed the studies reported on PERC in
the low-probability group separately, a further subgroup
on different types of pre-determining low-probability
would have made the meta-analysis unfeasible due to the
low number of homogenous studies. Nevertheless, some
previous meta-analyses have pooled all PERC studies
together, disregarding the mentioned sources of hetero-
geneity, which may explain the differences in our findings
[68]. Additionally, a number of European studies, which
generally report a higher PE prevalence, have shown a
considerably worse performance of PERC [64, 69]. We
acknowledge that much of the uncertainty surrounding
the PERC score stems from its relative novelty. However,
the mentioned factors, added to the unique position of
the PERC score in the current diagnostic pathways, and
the wide 95% CI of our synthesized LR-, merits a cautious
stance regarding the definitive recommendation of the
PERC score, given the currently available evidence. Our
reservations about recommending PERC for low-proba-
bility PE patients align with recent concerns raised by the
European Society of Cardiology, highlighting the issues
surrounding its generalizability [70].

The limitations of the present review are as follows.
First, despite extensive sensitivity analyses, a low-to-
moderate level of heterogeneity remains for some of the
reported outcomes, which may affect our findings. Sec-
ond, to minimize statistical dependency from studies
that reused participants, we included only one record per
cohort, which may have led to bias by excluding some
relevant studies. By blindly designing a decision rule for
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record selection before data extraction, we minimized
this source of bias. Third, due to practical and ethical
concerns, using CTPA to finalize diagnosis in all patients
is not feasible in most studies, which can lead to an over-
estimation of accuracy. However, adjusting for different
reference standards didn’t have any significant impact
on our model outcomes. Fourth, direct comparisons
between pCPS were rarely reported in the included stud-
ies, which may affect the robustness of our network meta-
analysis. However, our use of a Bayesian beta-binomial
analysis of variance model for the network meta-analysis,
designed to combine direct and indirect comparisons,
has minimized this bias. That being said, the sophistica-
tion of our analyses required at least four studies for a
valid synthesis, which led to the exclusion of a few pCPS,
notably including YEARS, which limits the broader appli-
cability of the present review. Furthermore, to ensure
proper fitting of the bivariate hierarchical model, cer-
tain parameters were fixed to address high correlation
(e.g., specificity for RGS), which, although justified, may
have influenced this model’s findings. However, since the
beta-binomial model converged without the need to fix
any parameters and produced highly comparable results,
this likely had minimal impact on our findings. Finally,
we limited the included studies to English-language pub-
lications, but given the large body of available evidence, it
likely did not significantly affect our outcomes.

Conclusion

In conclusion, the RGS integrates better into the PE diag-
nostic pathways and outperforms three-tier Wells in the
clinical setting. Although the difference isn't too large,
the independence of RGS from subjective clinical judg-
ment adds to the argument for its recommendation. On
the other hand, the two-tier Wells score generally under-
performs in comparison to the other pCPS. PERC shows
promise in reducing unnecessary testing in low-proba-
bility patients, and with further evidence, particularly in
regions with varying PE prevalence, it could potentially
serve as a useful tool for clinical decision-making.
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