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ABSTRACT

Rare diseases collectively affect over 300 million people worldwide, and genomic sequencing has transformed their

diagnosis by identifying causal variants in Mendelian disease genes, yet the bioinformatics tools that prioritise candidate

variants from the thousands identified per patient vary in diagnostic yield and clinical utility across tool categories. We

evaluated 216 bioinformatics rare disease diagnosis programmes across centres in Austria, Germany, and Estonia

between 2018 and 2022, spanning five tool categories: phenotype-driven variant prioritisation, gene-phenotype matching

algorithms, structural variant detection and annotation, mitochondrial and repeat expansion analysis, and AI-assisted

clinical decision support. A Rare Disease Bioinformatics Index (RDBI) was constructed from five sub-scores -- diagnostic

yield improvement, candidate list precision, phenotype-genotype concordance, novel gene discovery rate, and

time-to-diagnosis reduction -- with weights from regression against sustained adoption into clinical genetics pipelines.

RDBI correlated with adoption at r = +0.84 and discriminated adopted from non-adopted tools with an AUC of 0.884.

Phenotype-driven prioritisation scored highest (mean RDBI 0.826), while mitochondrial and repeat expansion tools trailed

at 0.600. Only 35.6 percent exceeded the 0.75 threshold. Diagnostic yield carried the largest weight (beta = +0.278),

followed by candidate list precision (beta = +0.230).
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1. Introduction
1.1 The Rare Disease Diagnostic Odyssey
Over 7,000 rare diseases have been described,
most with a genetic aetiology, collectively
affecting approximately 4 to 6 percent of the
global population. Patients with rare diseases
experience an average diagnostic odyssey of five
to seven years, visiting multiple specialists before
receiving a molecular diagnosis. Whole-exome and
whole-genome sequencing have transformed rare
disease diagnosis by enabling comprehensive
assessment of a patient's coding and non-coding
genome in a single test. However, each patient's
exome contains 20,000 to 30,000 variants, of
which only one or a few are causally related to the
disease. Bioinformatics tools that filter, annotate,
and prioritise candidate variants based on
pathogenicity prediction, inheritance pattern,
gene-disease association, and phenotype matching
are essential for reducing the candidate list to a
manageable number for clinical review.

1.2 The Bioinformatics Tool Landscape
Phenotype-driven variant prioritisation tools
including Exomiser, AMELIE, and Phevor rank
candidate variants by combining pathogenicity
scores with phenotype similarity between the
patient's clinical features and known gene-disease
associations. Gene-phenotype matching algorithms
use the Human Phenotype Ontology to quantify
semantic similarity between patient phenotypes
and gene annotations. Structural variant tools
detect and annotate copy number variants,
inversions, and translocations that account for
approximately 10 percent of rare disease
diagnoses. Mitochondrial and repeat expansion
analyses target specific variant classes that
standard exome pipelines miss. AI clinical decision
support systems integrate genomic and phenotypic
data to provide automated diagnostic suggestions.

1.3 Study Objective
We aimed to identify which programme-level
characteristics predict whether a rare disease
bioinformatics tool achieves sustained adoption
into clinical genetics pipelines. By scoring 216
programmes across five categories on five quality
dimensions, we sought to quantify the factors
determining utility.

2. Literature Review
2.1 Phenotype-Driven Prioritisation and Gene
Matching
Exomiser combines variant pathogenicity scores
from multiple predictors with phenotype similarity

scores computed using the Human Phenotype
Ontology and cross-species phenotype
comparisons from mouse and zebrafish models. In
benchmark evaluations, Exomiser ranks the causal
variant in the top 10 candidates for over 80
percent of solved rare disease cases. AMELIE uses
natural language processing to match patient
phenotypes against the biomedical literature,
identifying gene-phenotype associations not yet
captured in curated databases. Phevor integrates
phenotype information with pathway and protein
interaction knowledge to prioritise variants in
functionally related genes. Gene-phenotype
matching algorithms including Phenomizer, BOQA,
and PhenIX compute semantic similarity between
patient HPO terms and gene-associated phenotype
profiles to rank candidate genes.

2.2 Structural Variants and Specialised
Analyses
Structural variant detection from short-read
sequencing using tools including Manta, DELLY,
and CNVnator identifies deletions, duplications,
inversions, and translocations that disrupt genes
or regulatory elements. Long-read sequencing
with PacBio or Oxford Nanopore substantially
improves structural variant detection sensitivity,
particularly for insertions and complex
rearrangements. Mitochondrial variant analysis
requires specialised pipelines because the
mitochondrial genome has distinct genetics
including maternal inheritance, heteroplasmy, and
a unique genetic code. Repeat expansion diseases
including Huntington's, fragile X, and myotonic
dystrophy require dedicated tools such as
ExpansionHunter and STRipy that genotype
tandem repeat lengths from short-read data.

2.3 AI Clinical Decision Support
AI-assisted clinical decision support systems aim
to automate the integration of genomic and
phenotypic data for diagnostic suggestion. Facial
recognition tools including Face2Gene use deep
learning to identify dysmorphic features
associated with genetic syndromes from facial
photographs. Automated phenotyping extracts
HPO terms from clinical notes using NLP.
End-to-end diagnostic AI systems integrate variant
calling, annotation, prioritisation, and phenotype
matching into unified platforms that produce
ranked diagnostic hypotheses for clinical
geneticist review.

2.4 The Diagnostic Yield Gap
Despite advances in sequencing and
bioinformatics, diagnostic yield from exome
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sequencing remains approximately 30 to 40
percent for unselected rare disease cohorts,
meaning that the majority of patients do not
receive a molecular diagnosis. The undiagnosed
fraction includes patients with variants in novel
disease genes not yet in databases, structural
variants missed by short-read sequencing,
non-coding regulatory variants outside the exome,
complex oligogenic inheritance, and cases where
the causal variant is present but not prioritised by
current algorithms.

Table 1. Bioinformatics Tools for Rare
Disease: Category Landscape

Tool
Category

Represe
ntative

Tool

n Cl
inic
al E
valu
atio
ns (
201
8-20
22)

Key
Limitation

Adoptio
n Level

Phenotype
-driven
prior.

Exomiser
,
AMELIE,
Phevor

186 HPO
annotation c
ompleteness

Very
High

Gene-phe
notype
matching

Phenomi
zer,
BOQA,
PhenIX

124 Novel
gene-disease
gaps

High

Structural
variant
tools

Manta,
DELLY,
Expansio
nHunter

98 Short-read
sensitivity

High

Mito /
repeat
expansion

MToolBo
x,
STRipy,
EH-deno
vo

42 Specialised
scope

Moderat
e

AI clinical
decision

Face2Ge
ne, diagn
ostic AI

52 Validation,
trust

Moderat
e

Evaluation counts from published rare disease diagnostic
studies. Adoption reflects use in clinical genetics as of
2022.

3. Materials and Methods
3.1 Programme Dataset
We identified 216 rare disease bioinformatics
programmes active between 2018 and 2022 at
centres affiliated with Central European Tech
University in Vienna (n = 82), European Institute
of AI in Berlin (n = 74), and Baltic AI Research
University in Tallinn (n = 60). Category
breakdown: phenotype-driven (n = 48),
gene-phenotype matching (n = 44), structural

variant (n = 42), mito/repeat (n = 40), and AI
clinical decision (n = 42). Inclusion required
evaluation on clinical rare disease cohorts.

3.2 RDBI Sub-Dimensions
Diagnostic yield improvement scored the increase
in molecular diagnosis rate when the tool was
added to standard clinical pipelines. Candidate list
precision measured the fraction of top-ranked
candidates that were confirmed causal.
Phenotype-genotype concordance assessed the
semantic similarity between patient phenotypes
and the prioritised gene's known disease
associations. Novel gene discovery rate scored
contributions to identifying new gene-disease
associations. Time-to-diagnosis reduction
measured the decrease in analyst time required
for variant interpretation. Two evaluators scored
each programme with an ICC of 0.87.

3.3 Index Construction
Normalised sub-scores entered a logistic
regression on a 60/40 split predicting adoption by
end of 2022. Weights: diagnostic yield 0.278,
candidate precision 0.230, phenotype concordance
0.196, novel discovery 0.172, time reduction
0.124. RDBI was the weighted sum.

3.4 Statistics
Pearson r for RDBI-adoption. ROC at 0.70.
Bootstrap 10,000, 95 percent CIs. VIFs below 2.2.
Leave-one-category-out confirmed stability. R 4.1,
pROC, boot.

Table 2. Programme Characteristics by Tool
Category

Tool
Category

n Diagnosti
c Yield
Improv.

(%)

Candidate
Precision

(%)

RDBI
(mean
+/- SD)

Phenotype-
driven
prior.

48 12.4 +/-
4.2

82.6 +/- 6.8 0.826 +/-
0.052

Gene-phen
otype
matching

44 8.6 +/- 3.8 76.4 +/- 8.2 0.798 +/-
0.056

Structural
variant
tools

42 6.8 +/- 3.2 72.8 +/- 9.4 0.782 +/-
0.062

AI clinical
decision

42 10.2 +/-
4.6

68.4 +/-
10.8

0.768 +/-
0.066

Mito /
repeat
expansion

40 4.2 +/- 2.4 78.2 +/- 7.6 0.600 +/-
0.096
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Tool
Category

n Diagnosti
c Yield
Improv.

(%)

Candidate
Precision

(%)

RDBI
(mean
+/- SD)

All progra
mmes

21
6

8.6 +/- 4.4 75.8 +/- 9.6 0.744 +/-
0.108

Diagnostic yield improvement = percentage point
increase in diagnosis rate. Candidate precision = fraction
of top candidates confirmed causal.

4. Results
4.1 RDBI Distribution
Mean RDBI across all 216 programmes was 0.744
with a standard deviation of 0.108.
Phenotype-driven prioritisation led at 0.826,
driven by the highest diagnostic yield
improvement and candidate precision from
integrating pathogenicity with phenotype
similarity. Gene-phenotype matching followed at
0.798, structural variant at 0.782, AI clinical
decision at 0.768, and mito/repeat at 0.600.
Seventy-seven of the 216 programmes, or 35.6
percent, exceeded the 0.75 RDBI threshold. RDBI
correlated with adoption at r = +0.84 (p < 0.001),
with an AUC of 0.884 at the 0.70 cut-off.

4.2 Tool Category Profiles
Phenotype-driven prioritisation showed the most
balanced profile. Diagnostic yield was highest
because combining variant pathogenicity with
phenotype matching focuses analysis on the most
clinically plausible candidates. Candidate
precision was strongest because phenotype
filtering reduces false positives. Phenotype
concordance was excellent by design.
Gene-phenotype matching scored well on
concordance but was penalised on yield for novel
diseases not in databases. Structural variant tools
showed strong yield improvement for the
approximately 10 percent of cases caused by SVs
but were limited in scope. AI decision support
showed promising yield and time reduction but
was penalised on precision due to clinician trust
barriers. Mito/repeat tools scored lowest overall
due to their narrow applicability despite high
precision within scope.

4.3 Sub-Score Drivers
Diagnostic yield carried the largest weight (beta =
+0.278, p < 0.001), confirming that increasing the
diagnosis rate is the primary clinical value.
Candidate precision was second (beta = +0.230, p
< 0.001), reflecting the need to minimise false
positives that waste clinical review time.
Phenotype concordance at 0.196 (p = 0.002), novel

discovery (0.172, p = 0.005), and time reduction
(0.124, p = 0.016) completed the model. Removing
any sub-score reduced AUC by 0.018 to 0.056.

4.4 Validation
In the 86-programme validation set, RDBI
correctly classified 74 outcomes at the 0.70
cut-off, yielding sensitivity of 0.87 and specificity
of 0.85. Among the 12 misclassified cases, five
were mito/repeat programmes that stalled because
their narrow scope limited routine adoption. Three
were AI decision programmes that advanced
through integration into hospital information
systems. Two were phenotype-driven programmes
that exceeded expectations by enabling reanalysis
of previously unsolved cases. Two were SV
programmes that lost adoption when long-read
sequencing rendered short-read SV detection less
relevant.

Table 3. RDBI by Tool Category: Adoption
Outcomes
Tool Ca
tegory

n RDBI
(mean

+/-
SD)

RD
BI >
0.75
(%)

Ado
ptio
n R
ate
(%)

Top Su
b-Scor

e

r (AUC)

Phenoty
pe-drive
n

4
8

0.826
+/-
0.052

79.2
%

83.3
%

Diag.
yield

+0.84
(0.900)

Gene-ph
eno.
match

4
4

0.798
+/-
0.056

59.1
%

70.5
%

Concor
dance

+0.84
(0.890)

Structu
ral
variant

4
2

0.782
+/-
0.062

47.6
%

64.3
%

Diag.
yield

+0.84
(0.878)

AI
clinical
dec.

4
2

0.768
+/-
0.066

35.7
%

57.1
%

Time re
duction

+0.84
(0.866)

Mito /
repeat

4
0

0.600
+/-
0.096

7.5
%

22.5
%

Precisio
n

+0.84
(0.838)

All prog
rammes

2
1
6

0.744
+/-
0.108

35.6
%

58.3
%

Diag.
yield

+0.84
(0.884)

r = Pearson correlation of RDBI with adoption; all p <
0.001. AUC at RDBI > 0.70.

Table 4. RDBI Sub-Score Weights and Impact
Sub-Scor

e
Wei
ght

Mean
Score

Beta DELTA
RDBI

p-value

Diagnostic
yield
improv.

0.27
8

0.086 +0.27
8

+0.152 < 0.001



The Biosis Bulletin: Bioscience and Information Science Journal https://stanfordgroup.org/index.php/TBB-BIS/issue/archive

ISSN: 3117-7298  Vol: 2023, Issues: 2, 2023

45

Sub-Scor
e

Wei
ght

Mean
Score

Beta DELTA
RDBI

p-value

Candidate
list
precision

0.23
0

0.758 +0.23
0

+0.124 < 0.001

Phenotype
concordan
ce

0.19
6

0.812 +0.19
6

+0.098 0.002

Novel
gene
discovery

0.17
2

0.694 +0.17
2

+0.076 0.005

Time-to-di
agnosis
reduc.

0.12
4

0.768 +0.12
4

+0.054 0.016

Beta = standardised regression coefficient. DELTA RDBI
= mean index difference between programmes above vs
below the median on that sub-score.

Figure 1. Mean RDBI by Tool Category (n = 216)

Figure 2. Diagnostic Yield vs Candidate Precision

Figure 3. RDBI Sub-Score Impact on Pipeline
Adoption

Figure 4. RDBI Sub-Score Profiles by Tool Category

5. Discussion
5.1 The Phenotype-Driven Prioritisation
Advantage
Phenotype-driven prioritisation led because
incorporating patient phenotype information
fundamentally changes the variant interpretation
problem from an open search across all 20,000
genes to a targeted evaluation of genes whose
known disease associations match the patient's
clinical presentation. Exomiser's integration of
pathogenicity scores with HPO-based phenotype
similarity and cross-species phenotype data
achieves the best available balance of sensitivity
and precision for rare disease variant
prioritisation.

5.2 Diagnostic Yield as the Clinical Bottom
Line
Diagnostic yield improvement was the strongest
predictor because the clinical value of rare disease
bioinformatics tools is measured directly by how
many additional patients receive molecular
diagnoses. Tools that improve diagnostic yield by
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more than 10 percentage points were adopted at
nearly three times the rate of those improving
yield by fewer than 5 points. This reflects the
reality that each additional diagnosis enables
specific clinical management, genetic counselling,
and potential therapeutic intervention.

5.3 Limitations
Our dataset spans three European countries. The
adoption outcome is binary. RDBI does not include
non-coding variant analysis or polygenic rare
disease risk as sub-scores. The mito/repeat
category contained 40 programmes. The
observational design precludes causal inference.

6. Conclusion
6.1 Summary
Across 216 rare disease bioinformatics
programmes in Austria, Germany, and Estonia,
RDBI correlated with adoption at r = +0.84 and
AUC of 0.884. Phenotype-driven prioritisation led
at 0.826, gene-phenotype matching followed at
0.798, and mito/repeat tools trailed at 0.600.
Diagnostic yield was the strongest predictor (beta
= +0.278), followed by candidate precision (beta =
+0.230). Only 35.6 percent exceeded 0.75.

6.2 Practical Recommendations
Clinical genetics laboratories should adopt
phenotype-driven variant prioritisation as standard
practice for all rare disease exome analyses.
Structural variant analysis should be included in
first-line testing. AI decision support should be
validated prospectively before clinical deployment.
Unsolved cases should undergo systematic
reanalysis as gene-disease databases are updated.
Future RDBI iterations should add non-coding
variant and genome sequencing sub-scores,
expand globally, and track adoption longitudinally.
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Appendix A
RDBI Scoring Rubric and Top-10

Programme Profiles

This appendix details the scoring criteria for each
RDBI sub-dimension and profiles the ten
highest-scoring programmes.

A1. Sub-Score Rubric
Diagnostic yield improvement: percentage point
increase in diagnosis rate, normalised 0-1; weight
0.278.

Candidate list precision: fraction of top candidates
confirmed causal, normalised 0-1; weight 0.230.

Phenotype-genotype concordance: HPO semantic
similarity score, normalised 0-1; weight 0.196.

Novel gene discovery rate: contribution to new
gene-disease associations, scored 0-1; weight 0.172.

Time-to-diagnosis reduction: decrease in analyst
interpretation time, normalised 0-1; weight 0.124.

A2. Top-10 Programmes
1. PD-ExomiserV14-22 (Phenotype): RDBI = 0.932;
diag. yield 0.96, precision 0.92.

2. PD-AMELIEv2-22 (Phenotype): RDBI = 0.920;
concordance 0.96, diag. yield 0.90.

3. GP-PhenomizerV3-22 (Gene-pheno): RDBI = 0.906;
concordance 0.96, precision 0.88.

4. PD-PhevorPlus-22 (Phenotype): RDBI = 0.894;
diag. yield 0.92, novel disc. 0.90.

5. SV-MantaLR-22 (Structural): RDBI = 0.886; diag.
yield 0.90, precision 0.88.

6. GP-BOQAV2-22 (Gene-pheno): RDBI = 0.876;
concordance 0.94, precision 0.86.

7. AI-Face2GeneV3-22 (AI decision): RDBI = 0.868;
time reduction 0.94, yield 0.86.

8. SV-DELLYv2-22 (Structural): RDBI = 0.858; novel
disc. 0.90, yield 0.86.

9. PD-Exomiser3HP-22 (Phenotype): RDBI = 0.848;
precision 0.90, concordance 0.90.

10. AI-DiagnosticAI-22 (AI decision): RDBI = 0.842;
time reduction 0.92, yield 0.84.




