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ABSTRACT
Background The 2015 American College of Medical 
Genetics/Association of Molecular Pathology (ACMG/
AMP) variant classification framework specifies that 
case- control observations can be scored as ’strong’ 
evidence (PS4) towards pathogenicity.
Methods We developed the PS4- likelihood ratio 
calculator (PS4- LRCalc) for quantitative evidence 
assignment based on the observed variant frequencies in 
cases and controls. Binomial likelihoods are computed for 
two models, each defined by prespecified OR thresholds. 
Model 1 represents the hypothesis of association 
between variant and phenotype (eg, OR≥5) and model 2 
represents the hypothesis of non- association (eg, OR≤1).
Results PS4- LRCalc enables continuous quantitation 
of evidence for variant classification expressed as a 
likelihood ratio (LR), which can be log- converted into 
log LR (evidence points). Using PS4- LRCalc, observed 
data can be used to quantify evidence towards either 
pathogenicity or benignity. Variants can also be 
evaluated against models of different penetrance. The 
approach is applicable to balanced data sets generated 
for more common phenotypes and smaller data sets 
more typical in very rare disease variant evaluation.
Conclusion PS4- LRCalc enables flexible evidence 
quantitation on a continuous scale for observed 
case- control data. The converted LR is amenable to 
incorporation into the now widely used 2018 updated 
Bayesian ACMG/AMP framework.

INTRODUCTION
The American College of Medical Genetics/Asso-
ciation of Molecular Pathology (ACMG/AMP) 
published in 2015 a provisional framework for the 
interpretation and classification of genomic sequence 
variants.1 Codes and weightings were provided for 
evidence items comprising the frequency of variant 
observations in humans with and without pheno-
type, predictions for sequence changes of protein 
and splicing impact and assays of variant function. 
The intention of the 2015 ACMG/AMP framework 
was to improve the consistency and robustness of 
variant classifications. Nevertheless, the authors 
recognised the 2015 framework to be provisional. 

The ClinGen Sequence Variant Interpretation (SVI) 
Group has developed modifications and numer-
ical specifications for many evidence codes, with 
detailed exposition of these relating to individual 
genes or sets of genes developed by Variant Cura-
tion Expert Panels (VCEPs).2–11

WHAT IS ALREADY KNOWN ON THIS TOPIC
 ⇒ The 2015 American College of Medical 
Genetics/Association of Molecular Pathology 
(ACMG/AMP) variant classification framework 
is a categorical system affording evidence 
allocation at different levels for various 
evidence codes.

 ⇒ However, for the PS4 code, standard application 
of case- control evidence towards pathogenicity 
is specified as ’strong’.

 ⇒ A Bayesian approach to variant classification, 
by which evidence items are quantified 
as numerical likelihood ratios (LRs), was 
proposed in 2018 and has since been widely 
implemented.

WHAT THIS STUDY ADDS
 ⇒ The PS4- likelihood ratio calculator (PS4- LRCalc) 
approach enables comparison, based on 
the observed frequency of a variant in cases 
and controls, of the underlying likelihood of 
association (OR≥5 or another prespecified 
OR) versus the underlying likelihood of non- 
association (OR≤1), thus enabling generation of 
a numerical LR reflective of the evidence.

HOW THIS STUDY MIGHT AFFECT RESEARCH, 
PRACTICE OR POLICY

 ⇒ The PS4- LRCalc approach (and accessible 
online tool) will enable more accurate and 
quantitative assimilation of case control data 
into variant classification, consistent with 
adoption by ACMG/AMP and ClinGen of the 
Bayesian LR structure.

 ⇒ In addition, there is potential for quantitation 
of case control evidence towards benignity and 
evaluation of pathogenicity against different 
penetrance models.
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In the original 2015 ACMG/AMP framework, four ordinal 
evidence weightings were delineated (supporting, moderate, 
strong or very strong), with specification for how evidence 
items attaining these weightings were to be combined to provide 
overall classifications. In 2018, Tavtigian and SVI colleagues 
proposed a Bayesian reconfiguration of the framework, whereby 
evidence would instead be quantified as likelihood ratios (LRs, 
also termed OddsPath, odds of pathogenicity).12 By taking 
the logarithm (to base 2.08), these LRs might be translated 
into exponent (evidence) points (EPs), in such a way that the 
previous evidence weightings were transformed into a geomet-
rical progression of supporting (1 EP), moderate (2 EPs), strong 
(4 EPs) and very strong (8 EPs; table 1).13 14 Assuming a prior 
probability of pathogenicity of 10%, EPs can be summed (or 
the product of the LRs calculated) and can then be converted to 
posterior probabilities and assigned to one of five overall variant 
classifications: benign (<1% probability of pathogenicity), likely 
benign (1%–10%), variant of uncertain significance (10%–90%), 
likely pathogenic (90%–99%) and pathogenic (>99%). The SVI 
and VCEPs have applied this LR- based approach to quantify the 
evidence weighting for data relating to functional assays (PS3/
BS3), phenotype specificity (PP4) and in silico predictions (PP3/
BP4).3 15–18 It has been advised the forthcoming revision of the 
2015 ACMG/AMP framework will adopt the LR- EP system and 
that non- integer EPs may be permissible, a substantial evolution 
from the confined prescriptions for evidence combinations laid 
out in the original 2015 framework.19

One of the most fundamental observations indicating 
that a variant is disease- associated (i.e. pathogenic) is 
observation of that variant at a higher frequency in 

individuals with the relevant disease/phenotype (cases) 
than in those without (controls). Such case- control 
evidence was assigned code PS4 in the 2015 ACMG/AMP 
framework.1 In the 2015 framework paper, discussion by 
authors highlighted that the strength of association might 
vary between different gene- phenotype dyads, as well 
as that the precision of the estimated effect size (i.e. the 
confidence interval, or CI) was an important consideration 
alongside the point estimate; the recommendation in the 
paper was allocation of ‘strong’ evidence for PS4 where 
OR>5 and the lower 95% CI>1.1 However, PS4 is one 
of the few codes for which there has been no subsequent 
specification by the SVI, with the stipulations by VCEPs 
varying widely around how evidence might be allocated for 
PS4, but largely relating to case- counting rather than case- 
control association signal.7 11 The overlap of use of the 
same data sets for PS4 as with codes for variant frequency 
in controls (PM2, BA1, BS1) and lack of provision for 
case- control data evaluation towards benignity have also 
been recognised as current limitations.

There is therefore a requirement for a mechanism by which 
to translate across from the frequentist stipulations relating to 
case- control ORs (as per the current 2015 ACMG/AMP frame-
work) into a Bayesian quantitation of an LR (commensurate 
with the 2018 SVI framework evolution and forthcoming 
ACMG framework revision).12 13 Recently, Zanti et al (1) anal-
ysed individual- level SNP- array data on 75 657 breast cancer 
cases and 52 987 controls of European ancestry, (2) calculated 
age- specific log- relative risk from survival analysis and (3) 
generated LRs for 24 BRCA1 and 68 BRCA2 variants.20 Such 
methodology is well suited for comprehensive prospective 
analyses of large epidemiological case- control data sets where 
individual- level annotations for age and other parameters are 
available.

However, we also require tools accessible to clinical diag-
nostic scientists to empower flexible and accurate quantita-
tion of evidence from summary- level case- control data in the 
context of reactive classification of clinically identified vari-
ants (ie, real- time classifications undertaken by diagnostic 
clinical scientists). There are several cautions regarding clin-
ical application of case- control data for variant classifica-
tion (on which we expand further in the discussion). These 
include (1) Matching for ancestry in cases and controls (2) 
Caution where there is differential quality control (QC) 
between cases and controls (3) Caution in accuracy of 
phenotypes, especially when reliant on small numbers of 
‘cases’ and/or literature reports (4) Ascertainment of cases 
based on enrichment for family history.

We present here the PS4- LR calculator (PS4- LRCalc; 
figure 1), by which the observed frequency of a given variant 
in a series of cases can be compared with the observed 
frequency in a series of controls to quantitatively compare 
(1) The likelihood of the variant having an effect size at (or 
above) a specified level (target OR of association) to (2) 
The likelihood of the variant having an effect size at (or 
below) a specified level (target OR of non- association). The 
ratio of these two likelihoods generates an LR that, when 
converted as described above, provides EPs of the form used 
within the Bayesian- points- ACMG framework, as described 
by Tavtigian et al.12 14 If derived from independently ascer-
tained case- control series, these points can then be summed 
to generate a combined PS4 Score.

Table 1 Flexible LR- based assignment of evidence weightings, 
as described in the 2018 Bayesian evolution of the ACMG/AMP 
framework

LR ratio range
Evidence 
points

Direction of 
evidence

ACMG/AMP (2015) 
evidence strength

≥350.4 (2.088) 8 Towards 
pathogenicity

Very strong

≥18.72 (2.084) and <350.4 4 Towards 
pathogenicity

Strong

≥4.33 (2.082) and <18.72 2 Towards 
pathogenicity

Moderate

≥2.08 (2.081) and <4.33 1 Towards 
pathogenicity

Supporting

≤0.48 (2.08−1) and >0.23 −1 Towards 
benignity

Supporting

≤0.23 (2.08−2) and >0.053 −2 Towards 
benignity

Moderate

≤0.053 (2.08−4) and >0.00285 −4 Towards 
benignity

Strong

≤0.00285 (2.08−8) −8 Towards 
benignity

Very strong

PS4- LRCalc was developed in Python (V.3.11), and analyses were performed 
using PyCharm (V.23.1.1, Professional Edition) for remote development on a high- 
performance computing cluster. The online tool for LR calculator use was developed 
using Shiny for Python.
As described by Tavtigian et al, evidence criteria for which a likelihood ratio 
towards pathogenicity can be quantified may be converted to EPs through log- 
transformation (to base 2.08).13 14 This continuous approach reflects evidence 
strength quantitatively, in contrast to the categorical approach of the 2015 ACMG/
AMP framework.
ACMG/AMP, American College of Medical Genetics/Association of Molecular 
Pathology; EPs, exponent points; LR, likelihood ratio; PS4- LRCalc, PS4- likelihood 
ratio calculator.
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METHODS
Derivation of LR
We assume that observations of variant counts in cases 
and controls follow a binomial distribution. We use the 
binomial likelihood function to compute likelihoods for 
two models that represent competing hypotheses about 
the risk of disease associated with a specific variant. The 
first model (the hypothesis of association) stipulates that 
the underlying effect size generating the observed variant 
distribution comprises an OR greater than the stated target 
OR of association (for example OR≥5). The second model 
(the hypothesis of non- association) is that the variant is 
not disease- causing. In the second model, it is assumed 
that the underlying effect size is less than the stated target 
OR of non- association, typically OR≤1 (noting that this 
may also encompass a protective effect; see table 1). The 

likelihoods of the hypotheses of association and non- 
association, given the observed data, are hereafter termed 
the likelihood of association and likelihood of non- 
association, respectively (see supplementary methods in 
the online supplemental material for additional detail and 
worked example).

The PS4- likelihood ratio (PS4- LR) towards pathogenicity 
(equivalent to the odds of pathogenicity in the Bayesian 
framework described by Tavtigian et al) is calculated by 
dividing the likelihood of association by the likelihood of 
non- association.12 13 The LR is then converted to a loga-
rithm (of base 2.08) to generate a log likelihood ratio 
(LLR), also termed EPs, which correspond to PS4 evidence 
weighting in the 2015 ACMG/AMP framework, as shown 
in table 1.

Figure 1 Overview of PS4- LRCalc framework for flexible PS4 application. (1) For a given set of case- control variant observations, the expected background 
odds of selecting a case among variant carriers are calculated using the equivalent observed odds among non- carriers. (2) The background odds are then 
scaled according to the ORs of association and non- association and converted to an expected probability of selecting a case among variant carriers under 
each hypothesis. (3) Variant observations in cases and controls are then modelled using a binomial likelihood function, which evaluates the likelihood that 
a given probability p of case selection would generate the observed data (k variant observations in cases across n total observations); note that these 
probabilities directly convert to odds values, which in turn generate a continuum of ORs across all possible values of p. (4) The likelihood ratio (LR) towards 
pathogenicity is determined by quantifying the total likelihood of association (L(Assoc); red area under curve) and dividing it by the total likelihood of non- 
association (L(NonAssoc); blue area under curve). The LR can then be converted to Tavtigian exponent points (EPs) by taking its log (to base 2.08). PS4- 
LRCalc, PS4- likelihood ratio calculator.
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RESULTS
Quantifying evidence towards pathogenicity: large, balanced 
case-control data sets (cancer susceptibility genetics 
scenario)
In tables 2 and 3 and figure 2A–F, we present illustrative scenarios 
of hypothetical variants observed in 10 000 cases and 10 000 
controls, applying for our hypothesis of association a target OR 
of 5. This OR was selected for demonstration on account of 
being the threshold for disease association proposed in the 2015 
ACMG/AMP framework. Thus, in each case an LR is generated 
from comparison of the likelihood of the true underlying OR 
being ≥5 against the likelihood of the true underlying OR being 
≤1 (the target OR of non- association). In scenarios 1–3 (table 2), 
‘strong’ evidence would have been awarded in the existing 2015 
ACMG/AMP framework PS4 specification (2015- ACMG- PS4), 
as the observed OR exceeds 5 and lower 95% CI exceeds 1. 
However, the magnitude and confidence of association repre-
sented by these three scenarios of observed data vary widely: the 
LRs vary 1011- fold and EPs range from 4.8 to 43.0. Notably, in 
scenario 1, in which the OR=5 and strength of association lies 
just within prestated statistical significance (p<0.05), the LR is 
33.3, equating to allocation of EPs just above the threshold of 4 
required for strong evidence.

Conversely, in scenarios 4–6 (table 2), based on OR≥5 
with p<0.05, no evidence would have been allocated under 

2015- ACMG- PS4. However, in scenario 4, based on the observed 
data, the likelihood of association is more than fivefold greater 
than the likelihood of non- association: this equates to 2.3 EPs. 
In scenario 5, one fewer instance of the variant was observed in 
the case series compared with scenario 4, meaning the observed 
OR is lower (OR=4.0; 95% CI 0.45 to 35.80) but neverthe-
less, the CI readily encompasses the target OR of association 
(OR=5), and the likelihood of association (that the true under-
lying is OR≥5) is more than twofold greater than the likelihood 
of non- association (that the true underlying OR≤1), translating 
to 1.2 EPs. Similarly, in scenario 6 (figure 2C), the observed OR 
is 4.5 (0.97–20.84): while no evidence would be allocated under 
2015- ACMG- PS4 based on OR≥5 with p<0.05, the likelihood 
of association (OR≥5) is almost 17- fold greater than the likeli-
hood of non- association (OR≤1), which equates to 3.9 EPs.

Quantifying evidence towards benignity
PS4- LRCalc also enables quantitation of evidence towards benig-
nity, as illustrated in table 3. Again, we considered in each case 
the likelihood of association (target OR=5) versus the likelihood 
of non- association (target OR=1) based on observed data. In 
scenarios 7–9, we illustrate a range of scenarios in which the 
observed OR is OR=1, but with increasing numbers of variant 
observations there is increasingly stronger evidence provided 
towards benignity. In scenarios 10 and 11, the frequency of 

Table 2 Exemplar case- control scenarios generating exponent points (EPs) towards pathogenicity when using PS4- LRCalc

Scenario number
Case number with 
variant/total cases

Control number with 
variant/total controls

Observed effect size ACMG 2015 
Framework (OR≥5, 
LCI≥1)

Likelihood of OR≥5 versus 
likelihood of OR≤1

OR (95% CI)
p- value (Fisher’s 
exact test) LR EPs

1 10/10 000 2/10 000 5.0 (1.10 to 22.84) 0.04 Strong 33.28 4.8

2 100/10 000 20/10 000 5.0 (3.12 to 8.15) 4.69×10–14 Strong 3.97×1013 42.8

3 20/10 000 2/10 000 10.0 (2.34 to 42.87) 1.20×10–4 Strong 2.35×104 13.7

4 5/10 000 1/10 000 5.0 (0.58 to 42.82) 0.22 None/? 5.29 2.3

5 4/10 000 1/10 000 4.0 (0.45 to 35.80) 0.37 None/? 2.41 1.2

6 9/10 000 2/10 000 4.5 (0.97 to 20.85) 0.07 None/? 16.79 3.9

Shown are illustrative sets of variant observations in case and control data sets of equal size (10 000 individuals each) and the respective likelihood ratio (LR) and exponent 
points (EPs) generated for each using PS4- LRCalc. In scenarios 1–3, assignation of PS4 at ‘strong’ would have been possible under the 2015 ACMG/AMP framework; 
integration of PS4- LRCalc allows more refined quantification of evidence strength, such that the equivalent of ‘very strong’ evidence can be applied for scenarios 2 and 3. The 
variants depicted in scenarios 4–6 fail to fulfil the 2015 ACMG/AMP criteria of OR≥5 and p<0.05 for application of PS4; thus any evidence allocation would be on the basis of 
professional judgement. Scenarios 1, 3 and 6 are further illustrated in figure 2A–C.
ACMG, American College of Medical Genetics; AMP, Association of Molecular Pathology; EP, exponent point; LR, likelihood ratio; OR, odds ratio; PS4- LRCalc, PS4- likelihood ratio 
calculator.

Table 3 Exemplar case- control scenarios generating exponent points (EPs) towards benignity when using PS4- LRCalc

Scenario number
Case number with 
variant/total cases

Control number 
with variant/total 
controls

Observed effect size ACMG 2015 
Framework (OR≥5, 
LCI≥1)

Likelihood of OR≥5 versus 
likelihood of OR≤1

OR (95% CI)
p- value (Fisher’s 
exact test) LR EPs

7 1/10 000 1/10 000 1.0 (0.06 to 15.99) 1.00 None 0.15 −2.6

8 2/10 000 2/10 000 1.0 (0.14 to 7.10) 1.00 None 7.10×10–2 −3.6

9 10/10 000 10/10 000 1.0 (0.42 to 2.40) 1.00 None 3.75×10–4 −10.8

10 2/10 000 4/10 000 0.5 (0.09 to 2.73) 0.69 None 2.59×10–3 −8.1

11 2/10 000 10/10 000 0.2 (0.04 to 0.91) 0.04 None 1.55×10–7 −21.4

Shown are illustrative sets of case- control observations in data sets of equivalent size and their equivalent likelihood ratios (LRs) and exponent points (EPs) under the PS4- LRCalc 
model. The 2015 ACMG/AMP framework does not permit the use of lack of case- control signal as evidence for benignity. However, in scenarios 7–9, calculation of LRs using 
PS4- LRCalc allows application of PS4 in the benign direction at increasing strength—from the equivalent of moderate to very strong—as the number of variant observations 
increases. In scenarios 10 and 11, EPs for variants with ostensibly protective effects, that is, observed at higher frequency in controls than cases, reach the equivalent of ‘very 
strong’ in the benign direction. Scenarios 8, 9 and 10 are further illustrated in figure 2D–F. LCI, lower confidence interval; OR, odds ratio.
ACMG, American College of Medical Genetics; AMP, Association of Molecular Pathology; EP, exponent point; LR, likelihood ratio; OR, odds ratio; PS4- LRCalc, PS4- likelihood ratio 
calculator.
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Figure 2 Comparison of applicable strength for the PS4 criterion between the 2015 ACMG/AMP guidelines and PS4- LRCalc for selected case- control 
scenarios. Counts of carriers (V+) and non- carriers (V−) of a variant between cases and controls are illustrated for exemplar scenarios indicative of (A–
C) pathogenicity and (D–F) benignity shown in tables 2 and 3. In the PS4- LRCalc approach, the distribution of variant carrier observations between cases 
and controls is modelled using a binomial likelihood curve, in which the likelihood of association (OR≥5, red) is divided by the likelihood of non- association 
(OR≤1, blue) to generate a likelihood ratio (LR) towards pathogenicity, that can then be converted to Tavtigian exponent points (EPs) towards pathogenicity 
or benignity and a corresponding applicable evidence strength under the 2015 ACMG/AMP framework. Notably, our approach allows assignation of EPs for 
scenarios that may not fulfil the existing ACMG/AMP PS4 guidance, including in support of benignity. ACMG/AMP, American College of Medical Genetics/
Association of Molecular Pathology; PS4- LRCalc, PS4- likelihood ratio calculator.
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the variant in controls is greater than that in cases, providing 
increasingly powerful evidence towards benignity.

Quantifying evidence towards pathogenicity: different 
models of penetrance
In clinical cancer susceptibility genetics, genes associated with 
breast cancer are deemed to be of high penetrance if the associ-
ation between pathogenic variants in that gene and phenotype is 
typically of OR≥4 (eg, BRCA1, BRCA2), while genes for which 
pathogenic variants are typically of effect size (OR) 2–4 are 
deemed to be of moderate penetrance (eg, CHEK2). However, 
for some variants in BRCA1 and BRCA2,21 observed data suggest 
reduced penetrance for breast cancer of OR=2–4, risks more 
comparable to those ascribed to moderate penetrance genes.22 
Guidance exists for clinical management of patients with these 
reduced penetrance BRCA1/BRCA2 variants.21 It may therefore 
be of utility on occasion to be able to assess BRCA1/BRCA2 case- 
control variant data against both models of penetrance: consid-
ering first evidence of association at standard high penetrance 
(OR≥4) and subsequently for evidence of association at reduced 
penetrance (OR≥2). For example, if a variant is observed at a 
frequency of 12/10 000 in cases and 6/10 000 in controls, these 
observations would not constitute evidence for association 
against a target OR of association of 4, while against a target 
OR of 2 these observations would constitute moderate evidence 
(LR=5.5, EP=2.3; see online supplemental table 1).

Quantifying evidence towards pathogenicity: unbalanced 
data sets with small case series (rare disease genetics 
scenario)
We present in table 4 illustrative ultra- rare disease- type scenarios; 
that is, small numbers of variant observations in modest- sized 
case series being compared with large population control cohorts. 
We illustrate the impact of varying the hypothesis of association, 
considering OR≥10, OR≥100 and OR≥1000 in keeping with 
effect sizes commensurate with very rare Mendelian diseases 
(table 4 and online supplemental table 2). While the LRs and EPs 
are numerically accurate on the basis of correct variant observa-
tions and denominators for cases and controls, particularly crit-
ical in these scenarios is consideration of ancestry, accuracy of 

genotyping and phenotyping, and a correct denominator for the 
case series (see Discussion).

Approaches to accommodate data uncertainty
The PS4- LRCalc approach provides, based on the observed data, 
quantitation of the comparative likelihoods of the underlying OR 
being at or above a higher value (target OR of association) versus 
at or below another, lower value (target OR of non- association). 
PS4- LRCalc will inherently reflect sample size (power, sampling 
variability), namely that the magnitude of the LR attained for a 
variant of a given frequency and strength of disease association 
will be determined by the magnitude of the case and control 
data series. If the observed data are accurate and robust, then 
the outputted LR most directly quantifies the evidence towards 
pathogenicity (or benignity) afforded from the observed data.

However, on occasion there may be uncertainty regarding 
the accuracy of genotyping, phenotyping, ancestry or denomi-
nator of (in particular) the case series. Notably, this is an issue 
inherent to any application of case (or control) data towards 
variant classification, rather than the issue being particular to 
the PS4- LRCalc.

By virtue of its parameterisation, PS4- LRCalc affords various 
options for introducing caution (often also termed ‘conserva-
tism’) by which the output metric for case- control analysis will 
be accordingly dampened (attenuated). The selection and degree 
of dampening should be predicated on the level of uncertainty 
of data accuracy and context in which outputs are being applied 
(reciprocal approaches could be applied to dampen/attenuate the 
allocation of evidence towards benignity but this is less typically 
a use case of concern):
1. Adjustment of the opposing hypothesis: Quantitation of ev-

idence towards pathogenicity can be attenuated by adjust-
ing the competing hypothesis. That is, where unadjusted 
data provide evidence towards pathogenicity, the target OR 
of non- association may be increased. In online supplemen-
tal table 3, we illustrate how the LR/LLR are impacted by 
comparing a target OR of association of OR=5 to different 
target ORs assigned as representing non- association, namely 
OR≤1 (default), OR≤2 and OR≤5.

Table 4 Exemplar case- control rare disease- type scenarios

Scenario number

Case number 
with variant/
total cases

Control number 
with variant/
total controls

Observed effect size Likelihood OR≥10 versus OR≤1
Likelihood OR≥1000 versus 
OR≤1

OR (95% CI)
p- value (Fisher’s 
exact test) LR EPs LR EPs

12 2/30 2/300 000 10 700 (1458 to 78 746) 5.80×10–8 1.23×1011 34.9 1.22×1011 34.9

13 5/30 20/300 000 3000 (1044 to 8619) 3.73×10–16 1.30×1019 60.1 1.28×1019 60.1

14 2/300 20/300 000 101 (23 to 433) 2.27×10–4 5.86×105 18.1 20.63 4.1

15 5/300 20/300 000 254 (95 to 682) 5.03×10–11 4.91×1012 39.9 7.03×109 31.0

16 5/300 50/300 000 102 (40 to 257) 3.21×10–9 3.57×1010 33.2 3.1 1.5

17 3/30 15/15 000 111 (30 to 406) 5.74×10–6 2.52×107 23.3 497.1 8.5

18 3/30 30/15 000 55 (16 to 193) 3.76×10–5 2.14×106 19.9 4.75×10–5 −13.6

In the seven scenarios shown here, as may be typical in a rare- disease clinical setting, the frequency of variants in small- to- modest case series is evaluated against variant 
frequencies as might be derived from population- scale data sets, using appropriate ancestry- matched subsets therein. All scenarios would attain PS4 under the 2015 ACMG/
AMP specification of OR>5 and p<0.05. We apply PS4- LRCalc under hypotheses of association of OR≥10 and OR≥1000, the latter arguably being more consistent with very 
rare disease. We illustrate in scenarios 14,16 and 18 the substantial impact of differing this target OR against which observed data are evaluated. These use cases assume fully 
robust genotyping and phenotyping: sensitivity assessment and adjustment may be warranted in scenarios where numbers are small and/or there is uncertainty regarding the 
robustness of data quality/ascertainment (eg, in scenarios 12 and 14 in which there are only two case observations). ORs and associated 95% CIs are rounded to the nearest 
whole number here for ease of visualisation; full data are displayed in online supplemental file 1).
ACMG/AMP, American College of Medical Genetics/Association of Molecular Pathology; EP, exponent point; LR, likelihood ratio; OR, odds ratio; PS4- LRCalc, PS4- likelihood ratio 
calculator.

P
ro

tected
 b

y co
p

yrig
h

t, in
clu

d
in

g
 fo

r u
ses related

 to
 text an

d
 d

ata m
in

in
g

, A
I train

in
g

, an
d

 sim
ilar tech

n
o

lo
g

ies. 
.

E
rasm

u
sh

o
g

esch
o

o
l

at D
ep

artm
en

t G
E

Z
-L

T
A

 
o

n
 M

ay 21, 2025
 

h
ttp

://jm
g

.b
m

j.co
m

/
D

o
w

n
lo

ad
ed

 fro
m

 
3 S

ep
tem

b
er 2024. 

10.1136/jm
g

-2024-110034 o
n

 
J M

ed
 G

en
et: first p

u
b

lish
ed

 as 

https://dx.doi.org/10.1136/jmg-2024-110034
https://dx.doi.org/10.1136/jmg-2024-110034
https://dx.doi.org/10.1136/jmg-2024-110034
https://dx.doi.org/10.1136/jmg-2024-110034
https://dx.doi.org/10.1136/jmg-2024-110034
http://jmg.bmj.com/


989Rowlands CF, et al. J Med Genet 2024;61:983–991. doi:10.1136/jmg-2024-110034

Population genetics

2. Application of a CI to the target ORs (the target OR of as-
sociation and the target OR of non- association): Rather than 
using the target OR for association (eg, OR=5), it is pos-
sible to use the lower (70%, 90% or 95%) CI of this OR 
estimate, as derived from the expected counts under the hy-
pothesis of association. Rather than using the target OR for 
non- association (eg, OR=1), it is possible to use the upper 
(70%, 90% or 95%) CI of this estimate, as derived from the 
expected counts under the hypothesis of non- association (see 
supplementary methods in the online supplemental materi-
al). An LR incorporating one or both of these values is thus 
attenuated (ie, dampened) compared with an LR derived us-
ing the direct target ORs. Of note, where there are low total 
variant observations and/or unbalanced case- control data set 
size this will have a substantive impact on the standard error 
of the OR, such that addition of a CI will result in accord-
ingly aggressive diminution of the LR (ie, this approach may 
be highly punitive in these scenarios) (online supplemental 
table 4).

3. Sensitivity analysis: By reducing the number of case obser-
vations and/or increasing control observations (commensu-
rate with degree of uncertainty and ‘trust’ in the data), it 
is possible to assess the robustness of the unadjusted case- 
control signal. For example, if the count of case observations 
with the variant is n=2, reducing the case count to n=1 and 
reconducting LR quantification may inform the confidence 
around the original prediction. This strategy may be particu-
larly pertinent in rare disease scenarios in which the case de-
nominator is modest, meaning that each observation of an 
instance of the variant in a case is contributing substantially 
to the evidence weighting; this approach should provide rea-
sonable mitigation against biased ascertainment, erroneous 
phenotyping or winner’s curse.
The logical extension of the sensitivity analysis principle is 
that for the n=1 case variant scenario, application of PS4 is 
disallowed (this being equivalent to ncase=1 being sensitivity- 
tested as ncase=0).

There are two additional ‘edge- case’ restrictions we have 
identified pertaining to unusual comparisons of likelihoods. The 
first scenario involves caution where the LR is generated from 
comparison of two hypotheses each of minuscule likelihood. In 
scenarios with a well- powered case- control signal for a variant 
with an observed OR of intermediate value (eg, OR=2.5), the 
target ORs of non- association (eg, OR≤1) and association (eg, 
OR=5) may lie below and above the CI limits of the observed 
OR estimate, respectively. In these scenarios, the likelihoods of 
association (at OR≥5) or non- association (at OR≤1) will consti-
tute only a minuscule proportion of the total likelihood space 
(ie, total area under the curve). The true underlying OR is very 
highly likely to be of intermediate value and thus to lie confi-
dently in between the two hypotheses. However, if the minus-
cule likelihood of the observed data hypothesis of association 
is substantially greater than the minuscule likelihood for the 
hypothesis of non- association, an LR of sizeable magnitude can 
be generated (online supplemental figure 1). In such a scenario 
in practice, there is a priori high confidence of an effect interme-
diate between the two hypotheses, meaning that interrogation 
against a much higher target OR of association is thus unlikely 
to be a clinically meaningful endeavour.

The second scenario involves comparison between zero case 
observations of the variant (within a small case series) against 
small numbers of variant observations (in a dramatically larger 
control series). In this scenario, the extremely wide CI for the esti-
mate for the true case frequency can generate unstable estimates 

for the LR. Again, this scenario is unlikely to be relevant to 
current clinical practice but may pertain to bulk processing of 
variant data sets for assignment of evidence towards benignity.

Accessible applet for direct access to PS4-LRCalc tool
An online Shiny for Python tool is available at https://turnbull- 
lab.shinyapps.io/ps4_lrcalc/. This allows the input of (1) Case 
and control variant observations and denominators, (2) A target 
OR of association, (3) A target OR of non- association, and (4) 
(optional) CIs. The outputs include the relative likelihoods, an 
LR, EPs, a distribution curve of likelihoods and a quantitation of 
likelihood space occupancy. For results relating to edge- case data 
scenarios, a ‘warning flag’ is returned highlighting that caution 
is required regarding the current comparison of the likelihoods 
scenario, namely (1) where results have low likelihood space 
occupancy and (2) where there are unbalanced data sets with 
zero case observations (see above). We also flag requirement for 
caution where there is a single variant observation in cases (and 
that scrutiny of phenotypical/genotypical accuracy are essential 
(see below)).

DISCUSSION
We present PS4- LRCalc, which enables quantification of evidence 
towards variant pathogenicity/benignity based on a continuous 
output from a statistical model. The PS4- LRCalc approach allows 
evaluation of the observed data against a prespecified ‘target OR of 
association’ and a prespecified ‘target OR of non- association’, thus 
quantified as an LR (which effectively serves to bridge the frequentist- 
Bayesian divide). This PS4- LRCalc approach is applicable across a 
spectrum of use cases, including both the highly penetrant effects 
observed from small case series in investigation of ultra- rare Mende-
lian disease, as well as less penetrant effects inferred from the larger 
case series available for the investigation of more common pheno-
types, for example, for variants in cancer susceptibility genes. The 
PS4- LRCalc approach is currently only configured for autosomal 
dominant inheritance (heterozygous variants).

The advantages of the PS4- LRCalc approach include:
 ► First, the evidence is quantified as an LR, which is then 

converted into an LLR, which equates to a number of EPs. 
This approach is consistent with the 2018 Tavtigian- SVI 
adaptation of the 2015 ACMG framework which is to be 
adopted in the forthcoming ACMG framework update.

 ► Second, the evidence strength (LLR) is quantified on a 
continuous scale, affording direct quantitative reflection of 
the magnitude of evidence towards pathogenicity afforded 
by the observed data. This offers dramatically improved flex-
ibility compared with the 2015- ACMG- PS4 standard speci-
fication of case- control evidence as strong where OR≥5 and 
p<0.05.

 ► Third, the parameterisation of the PS4- LRCalc model allows 
specification of target ORs of interest.
 – For analysis examining a BRCA2 variant in unselected 

breast cancer cases versus controls, a target OR≥4 is 
appropriate.

 – For ovarian cancer case control data, a target OR≥10 is 
appropriate.

 – Where cases are highly selected based on family history 
of hereditary breast- ovarian cancer, a commensurately 
higher target OR should be applied (see below regarding 
enrichment factor)

 – Models of reduced penetrance can be explored by setting 
a lower target OR than is standard for that gene.
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 ► Fourth, the PS4- LRCalc approach can accommodate zero 
counts in the 2×2 frequency table (a frequent occurrence for 
variant counts in control series). This obviates application of a 
Haldane- Anscombe correction with the consequent clumsy and 
rather arbitrary down- adjustment of the association effect.

 ► Fifth, this approach readily facilitates more accurate combi-
nation of evidence from multiple (independent) case- control 
studies, with summing of EPs (or multiplication of LRs).

 ► Sixth, this approach allows quantitation of evidence towards 
benignity based on observed data; arguably an elegant comple-
ment or alternative to the current BA1/BS1 codes, by which 
evidence towards benignity is assessed based purely on variant 
frequency in controls.

 ► Finally, we outline several potential approaches by which 
to manage uncertainty inherent to clinical data of uncertain 
quality/provenance.

Application of summary- level case- control data for variant 
interpretation carries a number of cautions and caveats: these 
apply equally to the existing 2015- ACMG- PS4 as to the PS4- 
LRCalc approach:

 ► There is no presumption in case- control analysis regarding 
which component of the phenotype is assessed (eg, breast cancer 
vs ovarian cancer), as long as all cases analysed (those with and 
without the variant in question) have been collected under the 
same case/phenotype definition.

 ► There is no underlying presumption regarding locus heteroge-
neity: What is being analysed is the frequency of a given variant 
(thus necessarily from a single gene) in cases versus the frequency 
of that variant in controls, matched for ancestry and with high 
genotype quality metrics at the site of variation.

 ► There should be appropriate matching of ancestry between 
case and control series.

 ► The standards for sequencing/genotyping and downstream QC 
must be considered, in particular where they differ between cases 
and controls. QC metrics for variant observations in publicly 
available population data sets should be actively reviewed, for 
example, examination for gnomAD variants of genotype quality 
metrics and frequency comparison between exome and genome 
sources.23

 ► The provenance of the data (eg, if extracted from a publica-
tion) is particularly important where variant numbers are small 
(meaning that single observations may substantially influence the 
outcome).

 ► Any metric for case- control association requires accurate 
denominators. If there is uncertainty regarding the denominator 
relating to the observed cases, case- control analysis (including 
PS4- LRCalc) should not be undertaken. Instead, where disease 
phenotype is extremely rare and distinctive, a ‘case- counting’ 
approach should be employed using evidence allocation as spec-
ified by the respective disease- expert VCEP.

 ► If there is any level of enrichment or overselection among the 
case series, this will cause inflation in the observed OR in relation 
to that of an unselected cohort. If the cohorts have been geno-
typed for a specific variant of known effect size, an ‘enrichment 
factor’ for the cohort could be calculated, by which observed 
ORs may be suitably down- adjusted.

 ► Using summary- level variant frequencies in cases and controls 
will disregard differential variant distribution in the context of 
variable age- related penetrance (namely, where the variant is 
disproportionately frequent in younger age groups, in which 
background rates of disease are lower).

 ► Finally, in the 2015 ACMG/AMP framework, case- control 
evidence allocation for PS4 was capped at strong and it was 
mandated that classification as benign/likely benign/likely 

pathogenic/pathogenic required representation from multiple 
evidence categories. Use of EPs generated from PS4- LRCalc 
will need to be compliant with forthcoming stipulations from 
ClinGen/ACMG/AMP regarding (1) Caps for individual 
evidence codes. (2) Requirement for evidence from multiple 
evidence codes. (3) Concomitant use of evidence codes refer-
encing identical source data (namely PM2 and, if case- control 
data towards benignity is permitted, of BA1 and BS1).

We have created an accessible methodology and user- friendly 
publicly available tool enabling flexible, accurate quantitation for 
variant classification of case- control data as an LR and respective 
EPs. In particular, this approach affords (1) Allocation of lower levels 
of contributary evidence in instances for which the confidence and/
or effect size would not attain the requirements for ‘strong’ currently 
specified for 2015- ACMG- PS4, (2) Allocation of higher than 
‘strong’ levels of contributary evidence where supported by observed 
data, and (3) Evidence towards benignity. We anticipate this type of 
approach and tool will be of utility to diagnostic clinical scientists 
and clinicians with increased availability of newly collated large diag-
nostic testing and population sequencing data sets, in particular on 
update of the ACMG/AMP framework, in which evidence quantita-
tion will be more continuous and use an LR/LLR framework.
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